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Search needs a shake-up

On the twentieth anniversary of the World Wide Web's public release, Oren Etziond
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Prof. Oren Etzioni

Turing Center
University of Washington
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Mary journeyed
Mary went back
John journeyed
Mary discarded

Q: Where was the milk

A. Hallway

Brian

tc the den.

7] 1% 32

to the kitchen.
tc the bedroom.

the milk.

is a lion.

Julius is a lion.
Julius is white.

Bernhard is green.
What color is Brian?

Q:
A,
Sam
Sam
Sam
Sam

white

walks
picks
walks
drops

into the kitchen.
up an apple.

into the bedroom.
the apple.

Q: Where is the apple?

A,

Bedroo

m

before the den?
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ned poulter

Web Images Maps Videos More - Search tools

About 155,000 results (0.48 seconds)

Cookies help us deliver our services. By using our services, you agree to our use of cookies.

R oo more

MNed Poulter
www.nedpoulter.com/ -
by Med Poulter - in 1,122 Google+ circles
Geek, Blogger & Digital Marketer cumently working as the SEQ Manager for
Miinto. Check out my blogs and contact me here.

Ned Poulter (NedPoulter) an Twitter
https:ftwitter.com/NedPoulter ~

The latest from Ned Poulter (@NedPoulter). Geek, Film Buff, Blogger, Social Butterfly,

Aspiring Indiana Jones. Lover of SEQ & Online Marketing. Copenhagen ...

- i
dk linkedin.com/in/nedpoulter ~
Copanhagen Area, Danmark - Head of Digital at Miinto Group
Vis Ned Poulters {Danmark) faglige profil pd Linkedin. Linkedin er verdens sterste
erfvervsnetvasrk, der hjaalper fagfolk som Med Poulter med at finde intame ...

Ned Poulter - author on State of Digital
www.stateofdigital.com/author/ned-poulter! ~

by Ned Poulter - in 1,122 Google+ circles

Med Poulter is an author on State of Digital and SEQ Manager at Miinto. Find his
articles and bio hare.

Ned Poulter

1,126 followers on Google-+

Copenhagen based SEO, Blogging & Digital Markeating
enthusiast who thrives on everything geeky. | love
traveling and never stop leaming....

Contact info
From Ned Poulter's profile

Personal email

Email  pes e

From Google Contacts le

Visible only to you Alternative emails
Email /
| | P___ Mobile phone number
|

Phane
Address

Fantastic Visualisation of The Marketing
Technology Landscape in 2014 [Infographic]. Well
Worth Saving + Sharing 9 Jan 2014

* Home address
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GO g|e who is the winner of nba finals in 2016 Y n ﬁ WolframA lpl‘l‘d

how big is China

28

St

i
22

s
§
i
: ool
b
Y
M
H:

E & B 5 = Examples =2 Random
—

b E A 0 &L (BH062# . B )
2 21.400,000 5% (RE 0628 Assuming “how big” is intemabional data | Use as referring to socioeconomic data or referring o specie

referring 10 administrative divisions instead

NBAE‘—,@; (2016 i) Assuming total area | Use population instead

China total area

RHXR=H1L

9,597« 105 km?

9507« 10" m?
BREEHEA 3.705 million mi®

1033« 10™ 1t
&

2016 NBA Playoffs | Schedules, Brackets, Highlights and Video ... = 0.96 » total area of Canada
www.nba.com/playoffs/ + B 7

Find playoff schedules, brackets of your favorite teams and video highlights of all the 2016 NBA Playoffs
games on NBA.com.

x (1.996 « total area of the United States

= |argest extent of the Roman Empire
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o vk # & £ - QALD

00 4%e<2 & 5] £4% m|, Question Answering over Linked Data
(QALD); # %1% & 4% 4 # #& i % (multilingual question
answering over linked data) % 4. ¢ % @ & & % 0.

1 #. i % % @ 4 Dbpedia. YAGO#=MusicBrainz;

OO0 ESWC workshop 7 &, § 4 # 2 —/Ng— g% K&

o HFI00NE M AL, A2011F A4, FlAHEAST
(/5 ;
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£ EAEHM Z A

B %EH5 %, X-FDbpedia

B & KT 4 4 # 42 (interlinked data)

B Hybrid QA, & FRDF and free text data

Natural Language Question

?

O il < S

o | Triple
Some questions need querying KBs Some questions need text processing
(Aggregations, logical inference, ...) (Textual inference, paraphrasing, ...)

Some questions need both

BRI AR A BB TS L 8¢ = PR



QALD4£ %1

% & Ay i &

<question id = "36" answertype = "resource"

Given a natural language question or

' i aggregation = "false"
keywords, either retrieve the correct ggreg

answer(s) from a given RDF repository, onlydbo = "true" >

or provide a SPARQL query that . Through which countries does the Yenisei river
retrieves these answer(s). flow?

Dataset; DBpedia 3.9 . Durch welche L&nder flief3 der Yenisei?

(with multilingual labels) . Por quépaes fluye el r © Yenisei?

Questions:

200 training + 50 test PREFIX res: <http://dbpedia.org/resource/>

_ PREFIX dbo: <http://dbpedia.org/ontology/>
Seven languages:
—English,  Spanish,  German, SELECT DISTINCT ?uri WHERE {

Italian, French, Dutch, Romanian res:Yenisei_River dbo:country ?uri .
b
BRI E AR ETIE A s



QALD4£ £-2

O & & & F 4 4 % 42 (interlinked data)

1 #. 42 %:SIDER, Diseasome, Drugbank

L1 /& 22:25 training + 25 test

O AKX R #KE £ 54138

[0 Example: What is the side effects of drugs used for Tuberculosis?

SELECT DISTINCT ?x WHERE {
disease:1154 diseasome:possibleDrug ?v2 .
?v2 a drugbank:drugs .

?v3 owl:sameAs ?v2 .
?v3 sider:sideEffect ?x .

}

BB AT SR ETE I ==
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QALD4% £-3

0 Hybrid QA

1 #. 4z % : DBpedia 3.9 (with English abstracts)
L1 = 24: 25 training + 10 test
[

require both structured data and free text from the abstract to
be answered

0 Example: Give me the currencies of all G8 countries.

SELECT DISTINCT ?uri WHERE {
?X text:"member of" text:"G8" .
?x dbo:currency ?uri .

}

BB AT SR ETE m I ==
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QALD ¢ % & 45 45

% B EAEP , B o £RIF{A £ A 0 1% 15 47

question g, precision, recall and F-measure were computed as follows:

number of correct system answers for g

Recall(g) =
) number of gold standard answers for ¢
. number of correct system answers for g
Precision(q) =
number of system answers for g
2 * Precision|g) x Hecall
F-Measure(q) — “ (¢) x Recall(q)
Precision(q) + Recall(q)
AR E AN TIE g5z
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WebQuestions

i¢ A Freebase, & it Google Suggest
APl fe R 4% #| 4% & 8] AL, R 4 1% #)
5,810 4~ i A (3,778 A~ % # & ,
2,032 /4~ in] <X, 24 42)

#| AlAmazon Mechanical Turk/g %-#%
¥ %% (fiFreebase ¢ Tt 4 7]), — A
W AT B A S ANEE, 1A
Average F1#% #~

WebQuestionsSP & WebQuestions &, 4
SPARQL 47 iz ¢ #F A, H $4737
AN 9] A% A, 4-semantic parses fe 2t & 4
SPARQL 4-+4+% 4, &£ “answerable”
4, #| A F B AR E A “not

answerable”

Free9l7/

B # {& # Freebase, #9174, 4
46A1AN| 4 A 5], 276/ X A 5]

Examples

3.

What are the neighborhoods in New
York City?
Az . neighborhoods(new_york, z)

How many countries use the rupee?
count(z) . countries used(rupee, )

How many Peabody Award winners are
there?
count(z) . Jy . award honor(y) A
award winner(y,z) A
award(y, peabody _award)
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%42 9] &1 £ A2 Ao o~ £

9] 4 « %L B, M » %

. 4%%"%?7‘%%(%%%5:)\ ’. jﬂaﬁfa&%af@rﬂz\éf\

-RF £k (2 K& F)
AT X ABZSHE -LSTM
-ETFEZH ALK - Attention Model

- Memory Network

. AN J
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N RS ORGP Y
L =
location

4 3,

@ E]/%'é/}b%\

SELECT DISTINCT ?X

WHERE{ type age
&) AE K3 :,1> / \

res: &k 8048 ?Y. Person 34(Int)
¥
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NLI & QAS

[1 Natural Language Interfaces (NLI)

W % ~: Natural language queries

M #> & : Either processed or unprocessed

adNSWEI'S

* Processed: Direct answers (QA).

« Unprocessed: Database records, text
snippets, documents.

BB AT SR ETE I ==
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Categorization of questions and answers.

Important for:

B Understanding the challenges before attacking the problem.
B Scoping the QA system.

Based on:

B Chin-Yew Lin: Question Answering.

B Farah Benamara: Question Answering Systems: State of the Art and
Future Directions.
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I, A — 9] &) 4515

9] 6] 45.4& & L9 9 R AT 2.
® Wh-words:
[J who, what, which, when, where, why, and how

B Wh-words + nouns, adjectives or adverbs:
[0 “which party ...”, “which actress ...”, “how long ...”, “how tall

BB AT SR ETE m I ==

ChinaHadoop.cn



A =5 A £ A

U AL LT S84 At 20 S 42 K%
B FACTOID- $ &4 M:
[0 PREDICATIVE QUESTIONS — 7§ 1 &! js] 44 :
B “Who was the first man in space?”
“What is the highest mountain in Korea?”
“How far is Earth from Mars?”
“When did the Jurassic Period end?”
B  “Where is Taj Mahal?”

O LIST — 7] & A& <A
B “Give me all cities in Germany.”

[0 SUPERLATIVE - & & & & &
B “What is the highest mountain?”

0 YES-NO — st 44 & 9] 84
B “Was Margaret Thatcher a chemist?”

BB A AN E TS A
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U QB A A2 T S F A 2#6 @ S X%

OPINION - #, & & js] 8% :

[0 “What do most Americans think of gun control?”
CAUSE & EFFECT-& & & 9 #4 .

0 “What is the most frequent cause for lung cancer?”
PROCESS — & &l 9] M :

[0 “How do | make a cheese cake?”

EXPLANATION & JUSTIFICATION — % £ &1 jo 24
0 “Why did the revenue of IBM drop?”

ASSOCIATION QUESTION — £ #%£ & ] A% :

0 “What is the connection between Barack Obama and Indonesia?”
EVALUATIVE OR COMPARATIVE QUESTIONS - 4
A A

[0 “What is the difference between impressionism and expressionism?”

BB A AN E TS A
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The class of object sought by the question:
LIAbbreviation
LIEntity: event, color, animal, plant,. . .

[LIDescription, Explanation & Justification : definition, manner,
reason,. .. ( “How, why ..." )

COHuman: group, individual,. .. ( “Who ..." )
CILocation: city, country, mountain,. .. ( “Where ..." )

CINumeric: count, distance, size,. .. ( “How many how far, how
long ..." )

CdTemporal: date, time, ...(from  “When ..." )

BB AT SR ETE m I ==
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Question focus Is the property or entity that Is

neing sought by the question

B “In which city was Barack Obama born?”

B “What is the population of Galway?”

A 2 AL THT &N

B “What is the height of Mount Everest?”
[1 (geography, mountains)

B “Which organ is affected by the Meniere’s disease?”
L1 (medicine)

BB A AN E TS A
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Structure level:

B 444 1L # $2 (databases).
W £ 24 42 32 (e.g. XML).
Wk 4in L iE.

#hBE R

B Single dataset (centralized).

B Enumerated list of multiple, distributed datasets.
B \Web-scale.

BB AT SR ETE m I ==
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A 7e: 4k £ A

Domain Scope:
B A0
T

Data Type:

B oA

=
B 7Y
B A

% # 59 &
Visual QA
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1 Long answers
m Definition/justification based.

[1 Short answers
B Phrases.

[] Exact answers
B Named entities, numbers, aggregate, yes/no.

BB AT SR ETE m I ==
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5] & ¥ 9% 14& 20N

Relevance- 4a ¥ & : The level in which the answer addresses users
information needs.

Correctness- i & &_: The level in which the answer is factually correct.
Conciseness-# # & . &% F 4 & 4a £ 15 &

Completeness- 2 & K. 22 s 2 %

Simplicity-# £ &: 5% § T8 %

Justification-4~22 & . Sufficient context should be provided to support the
data consumer in the determination of the query correctness.

O

OO0Oo00oad
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Right: The answer is correct and complete.

O O

Inexact: The answer is incomplete or incorrect.

[

Unsupported: The answer does not have an appropriate
evidence/justification.

1 Wrong: The answer is not appropriate for the question.

BRI AR A BB TS I L 8¢ = PR



S AL

[1 #%j % 4 B Direct extraction of snippets from the original document(s) /
data records.

[1 Combination: Combines excerpts from multiple sentences, documents /
multiple data records, databases.

Summarization: Synthesis from large texts / data collections.

Operational/functional: Depends on the application of functional
operators.

O OO0

3 22 . Depends on the application of an inference process over the original
data.

BB AT SR ETE m I ==
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[l Semantic Tractability (Popescu et al., 2003): Vocabulary
overlap/distance between the query and the answer.

[0 Answer Locality (Webber et al., 2003): Whether answer
fragments are distributed across different document fragments /
documents or datasets/dataset records.

[1 Derivability (Webber et al, 2003): Dependent if the answer is
explicit or implicit. Level of reasoning dependency.

[l Semantic Complexity: Level of ambiguity and discourse/data
heterogeneity.
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9] B 4 %6 A A a4

O 0O 0O 0O

O

# 3 M 4« #2 -Data pre-processing: Preprocesses the database data
(includes indexing, data cleaning, feature extraction).

¥ A 4 45 -Question Analysis: Performs syntactic analysis and
detects/extracts the core features of the question (NER, answer type, etc).

# #& = #e-Data Matching: Matches terms in the question to entities in the
data.

4 19 4| s -Query Constuction: Generates structured query candidates
considering the question-data mappings and the syntactic constraints in the
query and in the database.

$k A -Scoring: Data matching and the query construction components output
several candidates that need to be scored and ranked according to certain
criteria.

¢ £ & @b 4 &-Answer Retrieval & Extraction: Executes the query
and extracts the natural language answer from the result set.
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O

O

High usability:

B Supporting natural language queries.

High query expressivity:

B Path, conjunctions, disjunctions, aggregations, conditions.
Accurate & comprehensive semantic matching:

B High precision and recall.

Low maintainability:

B Easily transportable across datasets from different domains (minimum
adaptation effort/low adaptation time).

Low query execution time:

B Suitable for interactive querying.

High scalability:

B Scalable to a large number of datasets (Organization-scale, Web-scale).
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PREFIX dbo: <http://dbpedia.org/ontology/>
PREFIX res: <http://dbpedia.org/resource/>

Which mountains ‘ SELECT DISTINCT ?uri WHERE {

are higher than - . ?uri a dbo:Mountain .
res:Nanga Parbat dbo:elevation 7el .

7uri dbo:elevation 7e2 .

—'///r-————————— FILTER (7e2 > 7el) .
}

the Nanga Parbat? |

. ~ Eight mountains
are higher than
» the Nanga Parbat:
Mount Everest,
Makalu, K2,

N

resource
resource
resource
resource
resource
resource
resource
resource
resource
resource

<http://dbpedia.org/resource/Mount_Everest>

<http://dbpedia.org/resource/Makalu>
<http://dbpedia.org/resource/K2>

:Nanga Parbat a dbpedia:Mountain .
:Nanga Parbat dbpedia:elevation '8126' .
:K2.a dbpediailMountain .

:K2 dbpedia:elevation '8611' .
:Amnapurna a dbpedia:Mountain .
:Amnapurna dbpedia:elevation '8081' .
:Mount_Everest a dbpedia:lMountain .
:Mount_Everest dbpedia:elevation '8848' .
:Amsterdam a dbpedia:City .
:Amsterdam dbpedia:elevation '2' .

BEMFRAELBEINE
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Example: What is the currency of the Czech Republic?

SELECT DISTINCT ?uri WHERE {
res:Czech_Republic dbo:currency ?uri .

}

Main challenges:

Mapping natural language expressions to vocabulary elements
(accounting for lexical and structural differences).

Handling meaning variations (e.g. ambiguous or vague expressions,
anaphoric expressions).

BB A AN E TS A
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[1 URIs are language independent identifiers.

L1 Their only actual connection to natural language is by the labels
that are attached to them.

dbo:spouse rdfs:label “spouse”@en , “echtgenoot”@nl .

[1 Labels, however, do not capture lexical variation:
wife of
husband of
married to

BRI AR A BB TS I L 8¢ = PR
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Which Greek cities have more than 1 million inhabitants?

SELECT DISTINCT ?uri
WHERE {
?uri rdf:type dbo:City .
?uri dbo:country res:Greece .
?uri dbo:populationTotal ?p .
FILTER (?p > 1000000)
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[1 Often the conceptual granularity of language does not
coincide with that of the data schema.

When did Germany join the EU?

SELECT DISTINCT ?date
WHERE {
res:Germany dbp:accessioneudate ?date .

}

Who are the grandchildren of Bruce Lee?

SELECT DISTINCT ?uri
WHERE {
res:Bruce_Lee dbo:child ?c..
?c dbo:child ?uri .

}

BB AT SR ETE m I ==
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L1 In addition, there are expressions with a fixed, dataset-
Independent meaning.

Who produced the most films?

SELECT DISTINCT ?uri
WHERE {
?x rdf:type dbo:Film .
?x dbo:producer ?uri .

BB A AN E TS A

ChinaHadoop.cn



AR 4t kT T HHA

[0 Different datasets usually follow different schemas, thus provide different
ways of answering an information need.

Exam ple: City ey person

(06 C‘.“7)
. \e@e‘ﬂa
City
I
eaderRO]e chayor,,
person —> Role —> City

Mayor

BEMFRAELBENMNE m J.Il. sk A pE
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[1 The meaning of expressions like the verbs to be, to have, and
prepositions of, with, etc. strongly depends on the linguistic
context.

Which museum has the most paintings?
?museum dbo:exhibits ?painting .
Which country has the most caves?

?cave dbo:location ?country .

BB AT SR ETE m I ==
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[1 The number of non-English actors on the web iIs growing
substantially.
B Accessing data. e
B Creating and publishing data. 3 178 - & Chinese

Spanish

Internet Users by Language

& Japanese
Portuguese
German

Arabic

French

Russian

Knowledge Graph:
[0 In principle very well suited for multilinguality, as URIs are language-
independent.

[0 But adding multilingual labels is not common practice (less than a quarter of
the RDF literals have language tags, and most of those tags are in English).
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Requirement. Completeness and accuracy
(Wrong answers are worse than no answers)

In the context of the Knowledge Graph:

QA systems need to deal with heterogeneous and
Imperfect data.
B Datasets are often incomplete.

B Different datasets sometimes contain duplicate information, often using
different vocabularies even when talking about the same things.

B Datasets can also contain conflicting information and inconsistencies.

BB AT SR ETE m I ==
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Data is distributed among a large collection of
Interconnected datasets.

Example: What are side effects of drugs used for the
treatment of Tuberculosis?

SELECT DISTINCT ?x
WHERE {
disease:1154 diseasome:possibleDrug ?d1.
?d1 a drugbank:drugs .
?d1 owl:sameAs ?d2.
?d2 sider:sideEffect ?x.

BRI AR A BB TS I L 8¢ = PR
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Requirement. Real-time answers, 1.e. low
processing time.

In the context of the Knowledge Graph:

Datasets are huge.

M There are a lot of distributed datasets that might be
relevant for answering the question.

B Reported performance of current QA systems amounts
to ~20-30 seconds per question (on one dataset).
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KBQA# &, & &£

Ooooooaod

EHBI A ET I ML ILEEZ R GibiE
EHLER RS, FERTFHORESL.

& A 2L IE K ML AL 4G Ko o8 B

B AL A XHE L L QA

& M5 o4 ¥ Mo IR LA ALt 2 4B

& BB AR 4 47 A A

B AR R 6 LA B AR R €A
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KBQA = &% &

EF #4605k
EFEABKGT &
ATFREF ATk
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AT HABGT ik

12 4% 2 L
v e
i d

A % L TBSL (Unger et al., 2012) 3 & 4 4] % 4m 4 A2
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TBSL (Unger et al., 2012)

A% & K
B Constructs a query template that directly mirrors the
linguistic structure of the question

B |[nstantiates the template by matching natural language
expressions with ontology concepts

% 4% : QALD 2012

BRI AR A BB TS L 8¢ = PR



A

In order to understand a user question, we need

to understand:

The words (dataset-specific)

Abraham Lincoln — res:Abraham Lincoln
died in — dbo:deathPlace

The semantic structure (dataset-independent)
who — SELECT ?x WHERE { ... }
the most N — ORDER BY DESC(COUNT(?N)) LIMIT 1
more than I N - HAVING COUNT(?N) > 1

BB AT SR ETE I ==
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] 4%: An approach that combines both an analysis
of the semantic structure and a mapping of words
to URIs.

FEANE LY IR

B 1. Template generation (42 45 4 &)

[J Parse question to produce a SPARQL template that
directly mirrors the structure of the question, including
filters and aggregation operations.

B 2. Template instantiation (4% 45 <2 4] 44 )

[ Instantiate  SPARQL template by matching natural
language expressions with ontology concepts using
statistical entity identification and predicate detection.

RS A TSRS TS A
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a £ :\Who produced the most fiims?

SPARQL template:

SELECT DISTINCT ?x WHERE {
?y rdf:type ?c.
7y 7p ?X.
¥
ORDER BY DESC(COUNT(?y))
OFFSET O LIMIT 1

?¢ CLASS [films]
?p PROPERTY [produced]

Instantiations:

?¢c = <http://dbpedia.org/ontology/Film>
?p = <http://dbpedia.org/ontology/producer>

BEMFRAELBEINE
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TBSL#& 4

Tagggd > | | I I
Question
Domain Dependent  Dormain Independent
/ Lexicon Lexicon
Natural
Language
Question ® SPARQL LOD
Endpoint ~. BOA, Pattern

Library

@

&

Semantic
Representaion

SPARQL
Carfpora Query
. V' Templates
d
R

' /.
”»
Answer < i
Solr “"~.__ | Resources
ce and Classes
<O v Ve .
rocess
Ranked SPARQL : . Templates
State Queries Entity and Query Ranking with URI slots
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Z Lo B FEAY%— G417 A RB R

TBSL & 42 42 2 L A#SPARQL query#. 42, # %
A4 5 A %55 4a sk 4
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Step 1: Template generation Linguistic processing

Tagged > .
Question l_._| I_._I Parsing Representaion

Domain Dependent  Dormain Independent
/ Lexicon Lexicon
Natural

Language SPARQL
Question ° Query
Templates

——————— Uses
4—0— Process
State
GRS R AT ARE TS L 8¢ = PR



Step 1: # 48 4 =, — Linguistic processing

1. & %, #IRA 35 ¥ ¢POS tagsfs &.

2. #k, £ FPOStags, +& kM0 & F ¥ 4§

3. # /54| Aldomain-dependent+g] ic #edomain-
Independent+3] iC 4 By o~47 9] A4

4. &G, #%E L& T3 WA — NSPARQL A 45

BB AT SR ETE m I ==
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%] :Who produced the most films?

47 3%, %, % who, the most
4 3% 4a % produced/VBD, films/NNS

SPARQL template 1: SPARQL template 2:
SELECT DISTINCT ?x WHERE { SELECT DISTINCT ?x WHERE {
Xy Xy
?y rdf:type ?c. }
} ORDER BY DESC(COUNT(?y)) LIMIT 1
ORDER BY DESC(COUNT(?y)) LIMIT 1 ?p PROPERTY [films]

?¢ CLASS [films]
?p PROPERTY [produced]

BRI AL AUETNE e
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Step 2: Template instantiation Entity
Identification and Eredicate detection

SPARQL
SFARQL
Endpo{%t LOD CQFPOFH Query

| -y BOA Pattern | Templates

~. Library /,/

S
S e
Entity identification

-

Apachs f .'__."""
~-.. | Resources
and Classes

Templates
with URI slots

BEMFRAELBEINE
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# 45 ot B b £ 4] - R A2 5| 5 & 444

[0 A4 TSPARQL# A LGS, EEH#ITEI ML Like A 445
T e B, BpAE A 4B TG 5t £ P @ ARBA
ia 8 41 9 242 o
B st Fresourcesfeclasses, &2 42 5| & A = &

O AWordNet & L 4012 & P 4z 2 64 Bl 3L +3]
O ++ 4 3 4 & 4asx & (trigram, Levenshtein e F & Aq 42

A)

Bzt Fproperty labels,#% & & & 5 % 4 A BOA# X & ¥ ¢
f1 #4155 AT HITHER

B R0 EAREARLE AR EGRAEL
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+ #] :Who produced the most films?

?¢ CLASS [films]
<http://dbpedia.org/ontology/Film>
<http://dbpedia.org/ontology/FilmFestival>

?p PROPERTY [produced]
<http://dbpedia.org/ontology/producer>

<http://dbpedia.org/property/producer>
<http:// dbpedia.org/ontology/wineProduced>

BB AT SR ETE m I ==
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Step 3: Query ranking and selection

SPARQL
Endpoint
!

A
!
!

Type Checking
and Prominence
\
Answer .\.

~
L T

-
Query L,
Selection S,

o
—

Ranked SPARQL . . Templates
Queries Entity and Query Ranking with URI slots
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B 4 41 2

1. & Aentity 4& #& string similarity #zprominence # #§ — A~ 41 2

2.—/ANquery 42 48«9 418 1& 48 4L 7slots &9 % /Nentities &5 F 3 47 o~
3. %5, B & bStype £ Al

-3t F A ¢4 = 78 ?X rdfitype <class>, 2t F 414 = 7, 487X

D ede e p ?X & & 44 Hpegdomain/range £ % 5 <class>— 3

43 FoHGENLES, REDAT ARG 6.

BRI AR A BB TS I L 8¢ = PR



+ %] :Who produced the most films?

SELECT DISTINCT ?x WHERE {
?x <http://dbpedia.org/ontology/producer> ?y .
?y rdf:type <http://dbpedia.org/ontology/Film> .

}
ORDER BY DESC(COUNT(?y)) LIMIT 1

Score: 0.76

SELECT DISTINCT ?x WHERE {
?x <http://dbpedia.org/ontology/producer> ?y .

?y rdf:type <http://dbpedia.org/ontology/FilmFestival>.

}
ORDER BY DESC(COUNT(?y)) LIMIT 1

Score: 0.60

BEMFRAELBEINE
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TBSL = &4 5.

Al OB EHN R LTt Bt PaHHIEAR
12 fa £ 4

ARV LBAEABOGANFTRAE, &7 —
lﬂﬁﬁo&ﬁ#ﬁ#&ﬁz k% %, F]ﬂfa‘-lﬁ
LT B GRMLIET X
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A B BT A %4 X%B?

Automated Template Generation for Question
Answering over Knowledge Graphs ( Abujabal et
al, wwvw2017 )

B 324 TQUINT , 4 4 4& #& utterance-answer ¢
, A& 3R G #t 6 #F 3 utterance-query 42 45

B A AAgAETOARG S, THREAARE
AP F R AR R R LA

BB A T ARETINE I UL 5 PR
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GUINT £ 4%

Role-aligned
(Utterance Template, Query Template)

Generalization
(Sec.3.5)

Role-aligned
(Utterance, Query)

ILP Alignment
(Sec.3.4)

(Utterance, Backbone Query)

Backbone query & Typing
(Sec.3.1&3.2)

(Utterance, Answer)

Template Generation,Section 3

Template Matching &

Instantiation
(Sec.4.1)

New Utterance

Query Ranking

(Sec.4.2)

Top-1

Query

Candidate

Answer

Question Answering,Section 4

BEMFRAELBEINE

A
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75 EETKS

1. # & 7 QUINT 4 4 4& #& utterance-answer pair, 4% F 4z 5 #1 £
# % g utterance-query# 48 . #Ax 9 F ] AL L H 6=
o BARIFA AR M AMEEHEY
B # ¢, {&AInterger Linear Programming (ILP)% 7

utterance-query = ia] 4 21 5~

2. FAAKBETOARE S, THUEAAGEIHLTZH @
A kM A G AR A (5 Apredicate) F 4 €] A M A A AR
B KEMmoMAgTE
B ARG EE—~NTFg
B 4456T 955 RRREESE
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AR £ X —1¥] 8 BG

O ol % B2 6 S & 9] AZutterance Ufe v 2t & & & & £ 4AU

O = 4

O T8

B utterance: u="“Which actress played character Amy Squirrel on Bad
Teacher?”

B Au={LucyPunch}
O st &G4

{dobj

O [ B

Which actress played character Amy Squirrel on Bad Teacher

WDT N \Y N N N N

Ay = {LucyPunch]}

BEMFRAELBENMNE m IEXd:=
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# 48 4 A utterances s query

[0 & Z&utterancefeanswer ¢ ggentity (4& A = £S-MART # sTNERL, 5
freebase4t #) , AKGP £ 7| % J-F B

utterance: u =“Which actress played character Amy Squirrel on Bad Teacher?”
Au = {LucyPunch}

[Anyaco"off [ LeeEisenberg ]

AmySquirrel director producer

char actor
cast cast
BadTeacher
actor

S-MART k% 4 : novel tree-based structured learning algorithms applied to tweet entity linking. In
ACL, 2015.

[ RussellGettis ]

JasonSegel

BB AT SR ETE m I ==
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# 48 4 A utterances s query

utterance: u=“Which actress played character Amy Squirrel on Bad
Teacher?”
Au = {LucyPunch}

AR F A, #—FBanswerfecvithit A T T2X, 2cvt, # iR Aeanswer k.
wtypei, pial e S £ 44 (AP L& ¥ &) . #outterance aKGP ¢ F A

A

type person type

type_
"l actress

[ AnyaColloff

LeeEisenberg J

director producer

AmySquirrel RussellGettis ]

actor [

char

LucyPunch BadTeacher JasonSegel]

)

)

. [ AmySquirrel J ( actress

[ AmySquirrel ] choe ype
char [ N
BadTeacher > Tcvt X
/ cast \\_// actor

[ BadTeacher 7cvt M ?x type
cast actor yP

( person
. . . = s
BRI AT AR E TUNE &5
inaHadoop.cn



# i ILP 4% 9 Hquery #t 47 =2t F

utterance: u=“Which actress played character Amy Squirrel on Bad Teacher?”
Au = {LucyPunch}

u dobj}
[ [ \1/ EIE
Which actress played character Amy Squirrel on Bad Teacher

WDT N(type,) V(pred,,) N(pred,s) N(ents) IN(pred; 2) N(ent,)

q [ ent:AmySquirrel ] ( lypet.actress J

/Rred&a:char type
( énti:BadTeacher ) > 7cvt » X

) >
predicast U preds>iactor

Aligned utterance query pair: (u,q,m):
mid it 3 F ggent,predfetypets iz & F (4= “played on” 5 cast.actor =t 5-)

BB AT SR ETE m I ==
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A AL# & (% L& LH A% -EMNLP 2013)

@, 4L, (Predicate lexicon) #eL. (type lexicon)
«{$ A distant supervisionz i # #
«i¢ A &% # . ClueWeb09-FACC1, 500M Web pages annotated with Freebase entities.

I—p*‘@ 1‘%1

& # ¥ . “[[Albert Einstein | AlbertEinstein]] was born in [[Ulm | Ulm]] ...”
*KGP: (AlbertEinstein birthPlace Ulm)

«#%“was born in” -> birthPlaceif e #|L, P, #H ifte iR &, fphaE4 P LAGREK

L 4 2

«i& #t ¥ “[[Albert Einstein | AlbertEinstein]] and other scientists...”
*KG ¢ : (scientists type c)

sl poscientists -> CE|L ¥, # Rt T, BpfhiEH P LG k&

Ph. | S. Item | w || Ph. | S. Item | w

“play on” |cast.actor|0.5] “role” cast.char | 0.6 = ]| Fo n
“play cast.actor | 0.3 | “actress” | actress 0.7 T B Pﬁ C}# £
“character” | cast .char |0.6|| “actress” | person 0.3

BRI AR A BB TS I L 8¢ = PR



i AL & (# 1% L # 4% -EMNLP 2013)

© B M 4k, %% % Aphrase
o A& P48 HKGat £
© AAAL S, ERML (FHLL, AA% 7'5) 1 RILP# A

- ! ™ ~ actress
\ g |::I_:m,r character / \i_—_ play ____-_>
I whwh ) — T - - -
o - ™ ] Plav \ /
I/;haracter 1N actre“ \ Bad Teacher /. l\chnracterJ I\\Amy Squn‘rel /, < play /

AL T N NS

person actless I BadTeachEL cast.char Amy.;qu:Lrlel cac‘t actor

___________

. & A& utterance % # phrase, Ph={ph1, ph2, phi...} £ 4 utterance s F %
T & & query (Bputterance £ KG F 24 & F &) F #semantic items. Sq={sl, s2, sj......}
max > Wi, jXi, j
e "
3B 8 il e A phi->sjEL UL R Tk o 2 &
1% & /A~semantic items#e 4 A utterance ¥ #gphrase i 17 i% 4

1% A ILP4E 4L & # 54 2 R AR 4

iz AFW ke d2aRET, X;xF7AF#8x454 (01)
AR ARETINE g5z



#A = L5 4 A

L — A E A G A4 (U O, My):
A P u A E A A AR
G, A query # 48
M, 4 9] & Fequery st H = ok 4 4%

Ut

{dobj}
u (dobi) {doby}
[tV > o
[ o\ [ \, e o
Which actress played character Amy Squirrel on Bad Teacher _\'(tupel) V(predl 2) N[p-redl 3) N(t’ﬂfzj IN[p'redlg) N(entl]
WDT N(type,) V(pred,s) N(pred;s) N(ents) IN(pred; 2) N(ent,) : ' ' '
q [enszAmySquirrel ] [ fypei.actress ]
t
preda:char type 9
[enh:BadTeacher} »| 2cvt | X
prediicast U prede:actor
. . . = s
AR E AN TIE g5z



£ 45 o€ § Fo 32 4] 4L,

1 - tlel (dohj) {dabj}
f

—-HH[ ( | 11 uhb e (l(} 1]
n'rll e J = \ [ l’ l ’ x 1-:11})‘] 1r l 1( }j
Which PUPUldl actress played role Phoebe on Frlendb

WbT — ADI N v N N IN N fUPf 1) Vipredia) N(pred,s) N(enty) IN(pred,s) N(ent;)

types

[ PhoebeBuffay ]

char type qt
type
| Friends : # oVt > <:
cast U actor

ozt F &6 A AT G o4, #44 A T AS-MART ¢ /TNERL (freebase)
c tEREP A (U Plome LA U TR, & AT 8 R H o)
o H 4% A8 Lzt m, (M A utterancedequery 2 F £ 4 ) # i1 R £ 44

BEMFRAELBENMNE m J.Il. sk A pE
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% 3t Query st 5

Category | # | Description
* A A '6] 73@ F‘ i } A 4,' query Alignment | 1,2 | Average & sum of lexicon weights for predicates
f@ /é g] 34 Ave-rage & sum of ]exikcon weights fpr entit‘ies .
S 5 | # of utterance tokens literally matching their predicate
6 | # of entity mentions matching their canonical

& #ﬁ\—q‘ ﬁ% 249 éﬁ& } /I\ name 1n the KG

7| Indicator: question n-gram A predicate p,

N ER L n=12and 3

Semantic | 8,9 | Average & sum of entity popularity scores

o & 2| Random Forest ﬁ./ﬁ- ? 10| # of predicates in the query

11| # of entities in the query

) /I\query:\'ﬂ‘ -é\ !‘EJ {['] }llﬁ /%, Template | 12 | Indicator: ¢ captures a type constraint

13 | # of training utterances that generate ¢

14 | t coverage: % of tokens in utterance matched by w¢
15 | Indicator: utterance node with type annotation A
semantic answer type (if ¢ is typed)

Answer 16 | Indicator: answer set size
(=1.=2,=3, € [4-10], > 10)

BEMFRAELBENMNE m JJ'. sk A pE
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A 29 A 4 32

* KAMES
. N con] “
- # §d -‘i“’g«] ( (det) lg =|
% Y nsub rep amod E, \ nn i
- x4y FW%fﬁ; =\
. B Who ac t: | 111 The Green Mll: md Forrest Gump
e F 9 A% | & WPV DT ADJ cC N N
s “Who acted in The Green Mile and Forrest Gump™
— E AR . L4, query rank @
— & gquery list &
¢ # & [I \
. 11\111 | |p1(p amod (1n]
— 2t F ] A& gquery listir 41/, / \ N
W hn 1ctcd in The Green Mllc and Forrest Gump
A PrasiaEo WP vV IN DT ADJ cC N N
—_ gﬂ- 3 /I\% ,‘6] ﬁ 9] ,’;.\%g: I K ,% “Who acted in The Green Mile”
. . “Who acted in Forrest Gump”
- RBREAAHAE, LAL 515 (b)
AT 5 fquery 4 A
AR E AN TIE g5z



WebQuestions Free917
Method Average F'l Accuracy
Cai and Yates [10] (2013) - 59.0
Berant et al. IE]_{QOI?:) 35.7 62.0
Kwiatkowski et al. [19] (2013) - 68.0
Yao and Van Durme [46] (2014) 33.0 -
Berant and Liang (2014) 39.9 68.6
Bao et al. [2](2014) 37.5 -
Bordes et al. [8] (2014) 39.2 -
Yao [45] (2015) 443 -
Dong et al. (2015) 40.8 -
Bast and Haussmann (2015) 49 4 76.4
Berant and Liang (2015) 497 -
Yih et al. [47] (2015) 52.5 .
Reddy et al. [28] (2016) 50.3 78.0

This Work

QUINT-untyped 50.8 78.6
QUINT 51.0 72.8

Table 4: Results on the WebQuestions and Free917 test sets.

BEMFRAELBEINE
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12 4% o B F ok SR &

B A5 &9k &% B -
B EHERS, Tuuabiast 20 L4948

el RO
B ATzl B aEmEarsihEH AL LG A,
£% Ut 4T o€ Hlo

B b2 ATRTHCHR L—~ANEGHG SRR A
X, MEEE2ZAAOBERBRE, £LHE) LS
] A2 % & AR

RS A TSRS TS A
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EFEA MK GF&

0% a5 5
Logic Form

(% b B A A
B

BB A T ARETINE I UL 5 PR
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yPe
& X
DETEE MM - - .

location / /‘\
<P /o
B A #
#32

Wt EGEFR? @ 7/ Q\

8 N

person | 34(Int)

%a12 &
RS A TSRS TS L 8¢ = PR



yoe

location — 7 A
%XE ) ik
. . %

s
A

BT e @ A
LT4s@kFTE | og agd\
AF oA XN kTF person | 34(Int)
%a <9 &
AR SR AR E TS L 8¢ = PR



yee

location ) A

&/ #

4 #

HhU o & K B S R7?

N

person | 34(Int)

Semantic Parsing (SP)
Information Retrieval (IR)

ka2
RS A TSRS TS L 8¢ = PR



A F 45 AT (44 4) 6 442 & 9 Z-Semantic Parsing

B gk L EER?
U =
location

4 3

Iy .

SELECT DISTINCT ?X

WHERE{
&4 %y & 4 X i> e %e\

res: 4k 8L4% ?y. person 34(Int)
¥

%a12 &

BB AT SR ETE m I ==

ChinaHadoop.cn



9] 6] &4 7 R4k F

LR N A "
Xy
@ location 74\
b b,
bl
SELECT DISTINCT ?x X\
B 4
Ax . BB (HH, y)A kA (y,x) | [ | VHEREA D %
7y & A # X .
res: k4 8048 ?V. zyge/ ag&
Z 48 AKX } person | 34(Int)
Lambda Calculus
DCS-Tree
SQL a9
Fun-QL SPARQL Fo %
Prolog
FunQL
BRI R AR AR ETNE g5z



AR

4% & 46|

A4 & A

W G EEGEER?
24k £ 4%
. 9 B, 4% @5 |2

y

E: 4t 9

< |\

R:® %

R: 848 72X

<

<E:#k#, R: 6048, ?y>

<?y, R:@ £, ?x>

L

SELECT DISTINCT ?x
WHERE {
?y B £ 7X.
res: b9 4% Y.

BEMFRAELBEINE

ghkr%aﬁifé?



& N> F 4 19 A

o HIFHEF KRB GBS - KRB B4

X 4 (Mention) %a1% & (KB)
% 31 organizations dbo:Company
4% founded in dbr:foundationPlace
b5 3 California dbo:California

© JATRA X AGHE L - EH ALK

51
Which software has been
developed by organizations kg kil
founded in California, USA?
£53
%54
AR E AN TIE g5z



1% L7 — R 0R 8k 5

Riharsl: B4 ETHEILAY S M bm 2 RRIERE L. T
it — N8 0 & (Lexicon) %k & A x4 ¢4 8= 4t

fl % iEE NG Obamalwas also born in Honolulu

C 1
%a18 B

Barack Obama

GRS

E R VY L4

BB AT SR ETE I ==
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1% L7 — R 0R 8k 5

e F Zg%t: “was also born in” — PlaceOfBirth

s BHEIFHFCROFTNELZZIEH, TEAL T &

o ®24kzt (entityl, entity2)# & % 5 Fo R 5 £ Fawas also born inm |, # A
oG 1t ka2 & PPlaceOfBirtheg = 2.4 P, A8 2 £,41 T 344A % “was also born
in” % /I~ 42.1% < 34 FoPlaceOfBirth & z st 41

fl #+& 59 4. | Obamawas also born in Honolulu

!

Qn

Barack Obama N
.1t 7 &
BRI AR A BB TS L 8¢ = PR



& L AT 1T 8 A A A

O ZF8AAK fp—Attribsoing TR kT ThhkFion
APQRb. BhEY

O S84 XEFToHA— ot KX (Unary)fe = 245 X, (binary)
B — 224 st R4eim &P RIK

] :ﬂ%%%%,ﬂ&kﬁé?%ﬁ%ﬁi%%%ﬁ%@iﬁﬂ
¥ 6 & 4kt

O # 8, Til{p##AEEF5—4, #i7i454Join, K X £ Intersectionfe
% AAggregate (4o it £, KR KXMA% 4%k

BB A AN E TS A
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#| A Logic Form £ 3 5] A & 3L

O —%#l42: A4 F4F 542 A O &% #l4: 2.8 A& L kAT,
ia £ 65 L & F A R I ke A gk 4

Who is Justin Bieber s sister?
Who is Justin Bieber's sister? o

\. Jazmyn Bieber

semantic parsing

. Jazmyn Bieber |

Knowledge

Base ‘ Ax. sister_of(justin_bieber, x) ‘

Knowledge

semantic parsing

Base _ werying l matching
wuerymg

g Ax.sibling_of(justin_bieber, x) A gender(x, female)

BB AT SR ETE I ==
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1% LM A7 & s i& — Semantic Parsing on Freebase

from Question-Answer Pairs. EMNLP 2013

Who did Humphrey Bogart marry in 19287

l & LA

Type.Person M Marriage.(Spouse.HumphreyBogart M StartDate.1928)

l # 47 Logic Form

Mary Philips

Motivation: Natural language interface to large
structured knowledge-bases (Freebase, DBPedia, Yelp...)

BB AT SR ETE I ==
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1% 40,15 LM AT Vs 3§ K 8 LM At

O BA#%ELB: F 14500 O &A% kk. @855
What's California’s capital? Capital.California What's California’s capital? Sacramento

How long is the Mississippi river?  RiverLength.Mississippi ~ How long is the Mississippi river? 3,734km

* A& * K%

- BEERHKBE-ABELE. KH — TS A A A A K R
k. AT 4 &, A& A%

— AT R FRAT XA S

BRI AL AUETNE AlE 1=
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& 3t k1% KB 6 18 3L 8 47

O RERL4% (FE AT 4% 5 3E)
B Ungeretal., 2012; Yahyaetal., 2012

O 2 hE(EETHARGIABELESL)
L] Krishnamurthy and Mitchell, 2012

O i@ o223 88 & & K=t £ A0 % 1§ #| e9 Parser
B Caiand Yates, 2013

Un: Bt KA SR & L6 19 B 2f 46| 4 Parser

BB A T ARETINE I UL 5 PR
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A1 A2) 8t 5t #] KB 6§ 2 F 3 8,

Barack Obama
TepGun
MichelleObama
Type Cauntry
Type.city
Profession. Lawyer

w PespleSomHere

Irventar(H
Capital(¥

FH S
iR K A
Type.HumanlLanguage
SpeechlLanguagePathology
LanguageAcquisition

What languages

FHPCREL
b€ YA E

LanguagesSpoken

in Brazil use

BEMFRAELBEINE
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B 7t A9 A) 8k 5t #IKB 65 2 F #8,

———
- LanguagesSpoken
Type.HumanLanguage Brazil
Type.ProgramlmingLanguage ------------------ br|dg|ng ------------------ BrazilFoo:cbalITeam
align;*nent alignlment
What Iannglages do people in Brézil use

00 Alignment: sA x & 42 +% #| KB predicates s 4t # % s (Lexicon)
[0 Bridging: 4 A £ T x (context) 4 KB predicates

BB AT SR ETE I ==
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& LA — 9] 2 L

0 924 %% =t (question/answers pairs) # 42 £ £ | %4 o4 &
OO0 #.4 %: QALD, WebQuestions, Free9l74% % ; 4 TIUATAKBF
A T A A

LN

Knowledge-base K

] 2 %t g { O, y)IT
i) 25 X o ]«

What's California’s capital? Sacramento

How long is the Mississippi river? 3,734km

B M

HWILE o, MEEREA, B8 x 55Xy B
What's California’s capital? = Capital.California

= Sacramento

BB AT SR ETE m I ==
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Logic Form T s 4% % & # 48 (Graph Template)

Type.Person N PlacesLived.Location.Chicago

/ 0
Type  PlacesLived

\

Type.Person M Placeslived.Location.Chicago

/\

Type Placeslived

/\

Person ?
Person ? I
Location
Location ‘
l Chicago
Chicago
MichelleObama|
o Gend
- Erﬂ"‘FemaIe USState
PlacesLived Spouse 1992.10.03 ’
ad Type
Type PlacesLived StartDate
/ \ Event21 Event8 Hawaii
. . . ContainedBy
Type.PersonrPlacesLived.Location.Chicago —
Person ? Location  Type Marriage UnitedStates ConrainedBy
ContainedBy
| 1 —
. Chicago BarackObama PlaceOfBirth—Honolulu
Location -~
Location PlacesLived
‘ Event3 Type DateOfBirth Profession Type
Chicago / / \ 1
Person 1961.08.04 Palitician City

BEMFRAELBEINE
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Alignment: X A 4%

ReVerb on ClueWeb09 [Thomas Lin]:

(Barack Obama, was born in, Honolulu)

ElEEIE
%% %% (Albert Einstein, was born in, Ulm)
=
ﬁ ﬁ @ ﬁ (Barack Obama, lived in, Chicago)
.. 15M triples ...

 Entities are linked to Freebase
 Hearst patterns used for unaries 15,000 text phrases

BB AT SR ETE m I ==
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Alignment: KB Predicates

Freebase:
7/ e (BarackObama, PlaceOfBirth, Honolulu)
,,.l.f.f. \ ““a...,.q\:“"' o (Albert Einstein, PlaceOfBirth, Ulm)
] Jr:__ /;\ _m: (BarackObama, PlacesLived.Location, Chicago)
=l N .. 600M triples ...

Binaries: paths of length 1 or 2 in the KB graph
Unaries: Type.x or Profession.x

60,000 KB predicates

BB AT SR ETE m I ==
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Alignment: 42 +% #| KB Predicates«j &«

~Alignment features grew up in[Person,Location}~,.  .DateOfBirth
phrase-count:15,765 born in[Person, Date]--=:::;_-_-.-_-'-=-_:--:'--. ------- ~*PlaceOfBirth
predicate-count: 9,182 married in[Person,Date]". e, ““Marriage.StartDate
intersection-count: 0,049 born in[Person, Locatlon] ~PlacesLived.Location

KB-best-match: 0

{MichelleObama,Chicaga)

(RandemPerson,Seattle) (BarackObama, Chicago)

{BarackObama,Honelulu)

Lexicon: Mapping from phrases to predicates with
features

BB AT SR ETE m I ==
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Bridging # £

Often predicates are not expressed explicity:

« What government does Chile have?

What is Italy's language?

Where is Beijing?

What is the cover price of X-men?

Who did Humphrey Bogart marry in 19287

Alignment: build coarse mapping from raw text

Bridging: use neighboring predicates / type constraints

BB AT SR ETE I ==
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Bridging 4 4£ . & &24Unaries

Type.University ¢
; .................. bridging —rfeatures
T br-popularity :11.37
Education.Institution br-two-unaries 1
. : br-education.institution: 1
alignment :
BarackObama
. align'ment
Which col/ege did Obama go to
Type.University M Education.Institution.BarackObama
AR E AN TIE g 5=



Bridging # 4& . Event Modifiers

bridging
Marriage.Spo.use.I\f‘!?donna-------- -------------Marriage.IStartDate
join join...
Madi:anna I\fi.;rriagg.Spouse 20:00
alignment alignment
Who did Mad.on na malrry in 20-00

Marriage.(Spouse.Madonna 1 StartDate.2000)

features

br-popularity:7.11
br-inject 1
br-startdate : 1

BB AT SR ETE I ==
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i#§ i Composition & 4 4& i | ogic Form (Derivation)

Type. Cltyﬂ PeopleBornHere BarackObama

7erse\s\

what~ Type CltyTown was PeopleBornHere. BarackObama T~ ?

ﬁom
Alignment /
/ \

city BarackObama  PeopleBornHere
Alignment Alignment
Obama born

Derivations are constructed using an over-general grammar

BB A T ARETINE I UL 5 PR
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G HER RETSL 29 G A R—NEH AL XGME

Candidate derivations: D(x)

Model: distribution over derivations d given utterance x

exp(¢(x,d)-0)
(d ‘ Ly 9) Zd-’eD(:c) exp(¢(x,d’)-0)

Training (estimating 6): Features:

e Stochastic gradient descent (AdaGrad) e Alignment and bridging

e lexicalized

e syntactic

e denotation

BB A T ARETINE I UL 5 PR

ChinaHadoop.cn



WebQuestions: i# ¢ \Web # 1% & % <&

Strategy: breadth-first search over Google Suggest graph

Where was Barack Obama born?

Google Suggest Barack Obama

Where was _ born? —_— Lady Gaga
Steve Jobs

Where was Steve Jobs born?

Google Suggest bcTrn
Where was Steve Jobs -7 = raised

on the Forbes list

Where was Steve Jobs raised?

Result: popular web questions

Answers were obtained through crowdsourcing (AMT)

BB AT SR ETE m I ==
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WebQuestions vs Free917

Free917 [Cai & Yates, 2013]: 917 examples, 2,036 word types

What is the engine in a 2010 Ferrari California?
What was the cover price of the X-men Issue 17

« (Generate questions based on Freebase facts

WebQuestions [our work]: 5,810 examples, 4,525 word types

What character did Natalie Portman play in Star Wars?
What kind of money to take to Bahamas?
What did Edward Jenner do for a living?

» Generate gquestions from Google = less formulaic

BB AT SR ETE m I ==
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AlignmentfeBridging=¢ Parsing 44 €& ¢ # «4

80

60

40

20

0 Alignment Bridging

FreeQl17

Conclusions:

Both

40

30

20

10

— 0

Alignment Bridging Both

WebQuestions

Bridging more important for Free917

Alignment more important for WebQuestions

BEMFRAELBEINE
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1% 4. €9 & LM A7

Type.City 1 PeopIeBorn Here BarackObama

T

Whaf/TYPe-CityTOWH was  PeopleBornHere.BarackObama ™7

/join\
. VAN
lexicon / \,

/ \

/ \
city BarackObama  PeopleBornHere
lexicon lexicon

Obama born

Lexicon depends on KB

Constructing a lexicon is challenging for large scale KBs

BEMFRAELBENMNE m J.Il. sk A pE
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KBA % % 19 A

St. Patrick’s day happens on March 17th HolidayDate

St. Patrick’s day occurs on March 17th StPatricksDay March 17th
Purim happens on March this year )

Purim occurs on March Purim Adar 14th

Spring break happens usually around March
Spring break usually occurs around March

happen=-HolidayDate (1)
occur=>HolidayDate (1)

occur<>happen (3)

Only 2% of relation phrases on Reverb can be aligned to Freebase

text
aligned text >

BB AT SR ETE I ==
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KBAR & ¥ 9] # -4 A Paraphrasing & # &

‘What languages do people in Brazil use?é _ _
s l """""""""""""""""" ' Z: Input question

paraphrase model Z 5. candidate logical forms

C,: generated canonical utterances

What language is the language of Brazil? ... What city is the capital of Brazil? y: answer

Type.HumanLanguage M LanguagesSpoken.Brazil ... CapitalOf Brazil
EPortuguese,

[Learning from question-answer pairs}

« Simple model suggests candidate logical forms \
[Scaling up via alignment/bridging [EMNLP 2013]}

« Simple model generates canonical utterances / \

« Ranking of canonical utterances Paraphrases|  [Compositionaiity
BRI AR A BB TS I L 8¢ = PR



Model: distribution over logical forms and canonical utterances

_ exp(¢(z,c,2) " 6)
pQ(C,ZlfB)—ZI ! I JINT
2/ €Z4,c'€C, exp(o(z,2/,c/) T 8)

Decomposition to paraphrase model and logical form model:

¢'(ma C, z) — ¢Pr(ma C) + Qf’lf(z)

X: Input question
Z,: candidate logical forms
C,: generated canonical utterances

y: answer _
Need to estimate parameters 6, and 6

BB AT SR ETE m I ==
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Training data: {(:B'iay'i) 1

Objective function:

pe(y =)= 2. 2, pe(c,z]| )

2€Z4,:y=[z]x ce€C,

L

O(8) = > logpe(yi | z:) — Al|0||1

=1
X: Input question

Z,: candidate logical forms

C,: generated canonical utterances
y: answer

Training: AdaGrad (Duchi et al., 2010)

BB AT SR ETE m I ==
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A% % T8 A A N

Grow logical forms around entities

What countrf?f in the wor!d__fpeak Arabic?
ArabicAIphabé-’:---ﬁ Hhh_n_hh.ﬁrabicLan%_
LangSpoken.Arag};:Lang L‘;TEFE"""'Y-A’?*'D"C
Type.Country M LangSpoken.ArabicLang

Count(Type.Country M LangSpoken.ArabicLang)

BRI AL AUETNE EX1:
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A% % TR Ak

Template Example
p.e Directed. TopGun
P1.p2.€ Employment.EmployerOf.SteveBalmer

p.(p1.€1 M pa.ez) Character.(Actor.BradPittrFilm.Troy)

Type.t Mz Type.ComposerSpeakerOf.French

count(z) count(BoatDesigner.NatHerreshoff)

Question
who directed Top Gun
Where does Steve Balmer work?

Who did Brad Pitt play in Troy?

What composers spoke French?
How many ships were designed

by Nat Herreshoff?

650 logical forms on average per example

65% recall

BEMFRAELBEINE
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& ik 19 4] 4 A

Type.CountryllLangSpoken.ArabicLang

A \

country spoken in languages spoken Arabic language

syntactic analysis

What country is Arabic language spoken in?
What country spoken the languages Arabic language?

BB AT SR ETE I ==
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fE % 9] &) 4 X,

d(p) Categ. | Rule Example
p.e NP WHd(t) has d(e) as NP ? What election contest has George Bush as winner?

VP WH d(t) (AUX) VPd(e)? What radio station serves area New-York?

PP WHd(t) PPd(e) ? What beer from region Argentina?

NP VP WH d(t) VP the NP d(e) ? What mass transportation system served the area Berlin?
R(p).e| NP WHd(t) is the NPofd(e)? | What location is the place of birth of Elvis Presley?

VP WH d(t) AUX d(e) VP ? What film is Brazil featured in?

PP WH d(t) d(e) PP ? What destination Spanish steps near travel destination ?

NP VP WHNP is VP by d(e) ? What structure is designed by Herod?

generation based on
« Entity is subject or object
 Parse tree of predicates' descriptions

1500 canonical utterances on average per example

BEMFRAELBEINE
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Paraphrase ¢ #

s 41 Bl 3L 4]

What countries in the world speak Arabic?
What country is Arabic language spoken in?

M £ egparaphrase ¢ &1 #] A X & X A 41t
M Association model (# 3 42 4! )—Paralex
B \ector space model (&1 & % id 4 4! )-Wikipedia

BB AT SR ETE m I ==

ChinaHadoop.cn



Association model (% A% # &)

Association: pair of spans (x;;, ¢;/;7)
type of music < musical genre

x: What type of music did Richard Wagner play

--------- . "'I; /
iy L)

_____
==

c: What s the musical genres of Richard Wagner

Generate all asbociations and extrct features:

identical lemma

type of music A musical genre
play A the

WN derivation

delete IN

delete of

— = = = = W

BB AT SR ETE I ==
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Paralex dataset (Fader et al., 2013)
« 18M word aligned question pairs
» Generated through links in WikiAnswers

Who wrote the Winnie the Pook books? = Who is poohs creator?
What relieves a hangover? What is the best cure for a hangover?

How do you say Santa Clause in Sweden? Say santa clause in sweden?

Consistent phrase pair heuristic (Och and Ney, 2004):

type of music < musical genre
born in < birth place

Assoclate words with same POS tag or that are linked through
WordNet

BB AT SR ETE m I ==
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Vector space model (& & € iq] 4t & )

Assocations disadvantage: coverage
Train word vectors v(w):
C: content words in utterance x

v(z) = |é| Z v(;)

r,eC

Learn a matrix W to estimate “similarity” score
s(z,c) =v(z) Wu(c)

Options for W

* ldentity: dot product

« Diagonal: dot product with scaling
« Full matrix: interactions between dimensions

BB AT SR ETE m I ==
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Association vs. vector space

x . What type of music did Richard Wagner play?
as : What is the musical genres of Richard Wagner?

vs : What composition has Richard Wagner as lyricist?

x : Where is made Kia car?
as : What place is founded by Kia motors?

vs : What city is Kia motors a headquarters of?

BB AT SR ETE I ==

ChinaHadoop.cn



Building a Semantic Parser Overnight

Domain

'(1) by builder (~30 minutes)

Seed lexicon
article — TYPENP [article]
publication date -+ RELNP[publicationDate]
cites — VP/NP|[cites]

.(2) via domain-general grammar

Logical forms and canonical utterances
article that has the largest publication date
al‘gma.x(type.article,publicationDate)
person that is author of the most number of article
argmax(type.person, R()\m.count(typevarticle M author.m)))

'(3) via crowdsourcing (~5 hours)

Paraphrases
what is the newest published article?
who has published the most articles?

'(4) by training a paraphrasing model

‘ Semantic parser ‘

[glue]
(G1) ENTITYNP[z] — NP|z]
(G2) TYPENP[z] — NP[type.z]
(G3) NP[z] CP[f] (and CP[g])* — NP[zM frg]
[simple]
(RO) that VP[z] — CP[z]
(R1) whose RELNP[r] CMP[¢] NP[y| — CP[r.c.y|
isis not|is smaller than|is larger than|is at least|is at most — CMP[=|#|<|>| <] >]
(R2) that (not)? VB/NP[r]NP[y] — CP[(=)r.y]
(R3) that is (not)? RELNP|r] of NP[y] — CP[(=)R(r).3]
(R4) that NP[y] (not)? VP/NP[r] — CP[(=)(R(r).y)]
[counting]
(C1) that has CNT[c] RELNP|r] — CP[R.(Az.count(R(r).z)).c]
(C2) that VP/NP[r] CNT[¢] NP[y] — CP[R(Az.count(y M R(r).z)).c|
(C3) that is RELNP[r] of CNT[c] NP[y] — CP[R(Az.count(y Mr.z)).c]
(C4) that CNT[c] NP[y] VP/NP[r] — CP[R(Az.count(y Mr.z)).c|
(less than|more than) NUM([n| — CNT|(< .| > .)n]
[superlatives]
(S0) NP|z| that has the largest RELNP[r] — NP[arg max(z, 7))
(S1) NP|z] that has the most number of RELNP[r] — NP[arg max(z, R(Ay.count(R(r).y
(S82) NP|[z] that VP/NP|r| the most number of NP[y| — NP[arg max(z, R(Ay.count(R(r).y
(S3) NP[z] that is RELNP/[r] of the most number of NP[y] —+ NP[arg max(z, R{Az.count(y Mr.z
(S4) NP|x| that the most number of NP[y] VP/NP[r] — NP[arg max(z, R{Az.count(y M.
[transformation]
(T1) RELNPJr] of NP[y] — NP[R(r).y]
(T2) RELNP[h]CP(f] (and CP[g])* — NP[R(h).(f M g)]
(T3) RELNP[r] of RELNPy|h] NP[z] CP[f] (and CP[g])* — NP[R(r).(h.z 1 £ g)]
(T4) NP[z] or NP[y] — NP[z Ly
[aggregation]
(A1) number of NP[z] — NP[count(z)]
(A2) total|average RELNP|r] of NP[z] — NP[sum|average(z, )]

BEMFRAELBEINE
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& L F ok & % 6 P8,

o FF UK I IE T 4o 4T @ 4T Semantic Parsing
© a6 K IR
© FAEEMGRK. ALK
© A
- PCCG. MLN
U EL?
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KBQAL A% 9 &4 6 @%@

s FIAREZ T HE4L « KT RAEF g «wEnd2End
§] &5 ok Ut 4T s 2 A
a4 gmm =
30 s AL
< A
SEAAIRS T T
oo B
ﬁ:gi"’nr;t'c KTy <::I ° E @ Similarity
&
SLRHI
BIEFRIATL

YEARRYZ ZRIERER ?
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Semantic Parsing via Staged Query Graph Generation

o WA K TF4#Miegia 445 Lk % (Lambdadg

H) 4 4oin B o BB TF B

haracter
»ler GI'Iff_-/..\

% appear_in7=" \
dppear 1
1
il = |

Who first voiced Meg on Family Guy?

cast series

argmin(Ax.Actor(x,Family _Guy)
AVoice(x,Meg _Griffin), Ax.casttime(x))

ra "\._ L
| Family Guy f_
M -

BRI AR A BB TS L 8¢ = PR



Semantic Parsing via Staged Query Graph Generation

Who first voiced Meg on Family Guy?

Constraints & Aggregations

argmin -\ Meg Griffin

£, e
", ....‘aﬁad

topic entity |( Family Guy casi—@iactor

core inferential chain
1l 4oif A R4, ABAPT AR AL KT
2. FAXLE, AATHAGREBE AT
3. Rew#, MEAMAFT.
4. lambdaZ ¥ (£ %) ABTALAREEBLKT

5

BB AT SR ETE I ==
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4% . Topic Entity # <2 3| 4% -« 3 & 4%

Who first voiced Meg on Family Guy?

.....................

# 4 % #i @ S14=S2 i % m

ﬁ#‘ﬁKB?Hmﬁ'%‘«&\ﬁ PSSP |
Wk KA B KK ;S-? c@_ﬂ»@

A8 KA L 51 (85) ------------------------------------------------------------------------- 5

..............................................................................
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# A CNN = 42 % %12 o 17 41 2~

Semantic layer: y 300

I:I #“\)\ : ﬁ 5} i% %— ﬁo 4,';‘: i%'fi Semantic projection matrix: W,
O =% a3483@mNARE 6 EF25p 4% M Maxpooling layer:y

%, Wb iFF—N3004 69 0 NEkT
O # 54 A & €| a4z & ( 4ecosine gg Maxpooingoperation

&) it A A%ETARES I Gl A

1‘%— o~ Convolutional layer: A,
Exp[cns [E. , E )] Convolution matrix: W,
[rl ]_ o4 Word hashing layer: f; |15k || 15k |[ 15K | .. [ 15k [[ 1K |
p 1 q _ . .
Zexp[cns[er,e )) Word hashing matrix: W;
r i Word sequence: x, <s> Wi w2 o . wr <

; %

word hash: “cat” —> "#ca","cat”, "at#”

M %

-. . “‘cat” —>[0....1..1....0....1....0]
oy g
Cast-Actor Whao first voiced Meg on Family Guy?
ot 4 e 2 A i B
BB A ARETWE g 7 PR



Argument Constraints

Who first voiced Meg on Family Guy ?

....................................................... . Using rules to add Constraints

533 . : ] . .
@ “"“’@a“”’@g on the core inferential chain

86 _ E
Ch_afa.;aef If x is a entity, it can be added
cas»@ acto »@ as entity node
@S? ,5, ev(Megarifin) If x is such keywords, like
: o, [ . .
gca:G“m ctor @ : “first”, “latest”, it could be
5 : added as aggregation

constraints
RS A TSRS TS I L 8¢ = PR



B A

Who first voiced Meg on Family Guy?

 Main Features:

UL

 Topic Entity: Entity Linking Score
 Core Inferential Chain: Relation

Matching Score (NN-based model)
« Constraints: Keyword and entity

matching

g = “Who first voiced Meg on Family Guy?”

: S Meg Griffin ) -
" cxe‘ :
: @® :
Family Guy cast—bzéiacmr—@

(1) EntityLinkingScore(FamilyGuy, “Family Guy”) = 0.9

(2) PatChain(“who first voiced meg on <e>”, cast-actor) = 0.7
(3) QuesEP(g, “family guy cast-actor”) = 0.6

(4) ClueWeb(“who first voiced meg on <e>”, cast-actor) = 0.2
(5) ConstraintEntityWord(“Meg Griffin”, g) = 0.5

(6) ConstraintEntityinQ(“Meg Griffin”, g) = 1

(7) AggregationKeyword(argmin, g) = 1

(8) NumNodes(s) =5

(9 NumAnsisi =1

BEMFRAELBEINE
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Who first voiced Meg on Family Guy?

{cast—actor, writer—start, genre}

Feature
Representation

Labeled
Training Data

BEMFRAELBEINE
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s A4 ERREENLPH A2+ A T4t 695 4E

The of the is made of yew wood

Component-Whole(el,e2)

Traditional Features

Words . haft,;, of,, the,, axe,; ,‘{,] 7%\?@1 : gd- a‘- P23 }h NLP 4k 32 T.
Entity Type : OBIECT,,,, PRODUCT,, g . v L .

v Type LRl wgiE s, AR
Parse Tree . OBJECT-NP-PP-PRODUCT ‘
Kernel Feature: X A4 AT
] A2: NLP4L3g T 7| Nt

“4‘%1:%1/4‘!%”

BB AT SR ETE m I ==
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Graph-Traversal-Based QA (A & 5 QA)

O ®RAE%$JEnNd2Endz 47 & - AT A &5 @QAF ik
O 5HEnd2Endz it 69 X %] 44 /& F 2k % T rankingfemapping & #

nationality

Wha is the mayor of [[Berlin]]? @
I

i
I

dbo:capital dbo:leader

I

I

|

|

H\‘ dho:residence
-

BB A T ARETINE I UL 5 PR
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A & A QA % 4R &= 4

Tree Parsing
Question Text Topological
Fattern Detection
Entity Linking
Y
Y Topological
Structure Matching
Subgraph
Construction
Path Finding and
Ranking
Y
, Constraint Ranked Path
Focus Extraction Ranking with Answers
N . . . =1 =
BN SA T A RE TS I\ 5t 5 PR
ChinaHadoop.cn



9] &) 32 AR

l Process ]

-

Question Text

~

|
‘ Entity Linking

‘ Tree Parsing

Question Understanding

Y

Topological
Pattern Detection

N J

Result I

Mention-Entity
Pair List

Constituent Tree

Topological
Structure

Example
'd N
=  Which maovies starring Brad Pitt were directed by Guy Ritchie?
"Brad Pitt"™ res:Brad_Pitt, 0.94
P 'Guy Ritchie™:  res:Guy_Ritchie, 0.80
R(Jl{J‘T
P\ /E P\\ |
/)\LUD ;}R\ ’
TN
Which movies starring MNP NNP  directed T
Brad Pitt by MNNP NNP
Guy  Ritchie

"starring”
- Answer
Node
"directed by"

G

\-
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9] &) 32 AR

O 444 (Entity linking ):
B To detect mentions in the query and link them to the resources in the
knowledge base , with a global threshold of 0.15

B By using Wikipedia Miner tool to do the entity linking

0 4z 4 £ 4 4 3 (Topological structure extraction )
B parse the question text and generate the corresponding constituent tree
B To extracts relationships by using topological patterns

Table 1. Topological Pattern List

ID|Pattern Example Extraction Result
1 VB — VB+NP Who produces Orangina? |ANSNODE - “produces” - “Orang-
ina”

2 |VP — VB+PP Which television shows were| ANSNODE - “created by” - “John
created by John Cleese? Cleese”

3 |INP — NP+PP Who is the mayor of Berlin?] ANSNODE - “mayor of” - “Berlin”

4 |SQ — VB4+NP+VP |When was Alberta admitted| ANSNODE -  “admitted as
as province? province” - “Alberta”
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Graph Traversal (® i& /%

Quastion Mention-entity res:Plan_B_Entertamnment
Understanding Pairs
dbocfoundedBy
RO s i rdlf:type
¥
/’_ L dharproduce
- dbostarring
Subgraph of KB {...-
Consiruction bgrap

& dbgdirgstor il
m "
ol dbewriter
g 3

—N S

Path Finding and _ pouse
= Ranking g | | Traversal Path  }.......-
% el dbacowner
| ==
res-The_Punch_Bowl,_Mayfair Madanna_{snteriainer)
————
Topological
Structure o || Ranked Path
Matching . e e
\“ L51 res:Guy_Ritchie—dbodirected—— res:Snatch_(film) —starring— res:Brad_Pint
0.82% W
i i " / 1" " - " .,
"Guy Ritchie" d'rectgii by Answer Node starr{‘ng "Brad Pitt"
. 0.166 K Lo
Topological I 0.0 0.0

Structure

158 res:Guy_Ritchie—dbowriler— res:Snatch_(filfn) —starring— res:Brad_Pitt

0.0 res:Guy_Ritchie———rditype dbo:Person ——rdi:type— res:Brad_Pitt
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Graph Traversal (& & /%)

[0 Subgraph construction:

M Iteratively construct a subgraph from linked entities in the knowledge base

with most K steps
0 Path finding:

B Start from a known entity e and make one step ahead and obtain many one

step paths rooted at e

B Calculates the semantic similarity between the predicates around the entity e

and the phrase text from the edge in the topological structure

B Iteratively make more steps outward and get many multiple-length paths

[0 When to stop: When it gets to the outmost layer of the subgraph
[0 Discard the obtained path which does not match the topological structure

BB AT SR ETE m I ==
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Focus Constraint

Focus Definition:

B Afocus Is a phrase in the question text describing the answer directly
e.g. “television shows” Is the focus of “Which television shows
were created by John Cleese?”

Rules to find focus:

B Derive focus information from interrogatives
[0 person and organization from “who”
0 place from “where”
0 date from “when”

M Extract a focus based on the POS tags of a question
[0 the longest noun phrase after the interrogative part of a question
[0 the interrogative part could be “Give me all” , “What” , "Which” and soon

[0 the first word after the interrogative part with the POStag “NN" to the last word
having continuous “NN” tag as the focus

BEMFRAELBENMNE m J.Il. sk A pE
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Path Ranking

Path score
-composed of predicate score and type score

m

PathScore = — Y PredicateScore; + TypeScore
m =
* Predicate ranking:

— Consider the semantic similarity between a predicate and the phrase text extracted from the
topological structure

— Use the UMBC Semantic Similarity Servicelll to calculate the semantic similarity between two
words

— Question: how to add some information from focus constraint to the predicates leading to
the final answers is not mentioned in algorithm

* Path ranking:

— One step path ranking: score is simply the sum of the predicate ranking score and the
answer type score generating from the focus constraint

— Two step path ranking: need more work
— the maximal size of candidate predicates is set to 5

BB AT SR ETE I ==
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X T % ¥ 5% 4042 & 19 & (Bordes et al. 2014)

] 4 2«32 £ £ % (Single Relation) #5 4] 4 (Simple Question)
AAS R
Stepl: 4 it 4 &

« #] A Entity Linking 4, #] main entity
« A KB ¥ main entity & & tgentity§ £ & &

Step2:4& it 3k &
EEEEN LTI
- mieltchi?g - nu"'/g ug I
EEEEEE — o =)
| BB
WA BB E A 22 (g
RS SR A E TS chhli %d—}fn



A F 5% 5| 3% %042 & 9] & (Bordes et al. 2014)

YRR EEREER?

matching

fla)=3 Ew,) (TTI11]

el
O r
2
candi 62
: 4 gla)=> E(e,)
o4 O O e, et
e3

Obiject: L=0.1-5(f(q),9(t))+S(f(q).9(t"))
S(f(q).9t))=f(q) g(t)
S(f(q).9(t))= f(q)" Mg(t)

Multitask learning with paraphrases:

s (f(@).f(a,))=f(@)" f(q,)

BEMFRAELBEINE
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A F 5% 5| 5% %042 & 9] & (Bordes et al. 2014)

How the candidate answer

Score 5(q,a) fits the question
n
‘ Embedding of the | |G :@: . Emb;:din: n; t)he
- subgraph g(a

question f{q)

o T
Dot product -
Embedding matrix W q

D Binary encoding of
the subgraph Y(a)

Embedding matrix W
— O —

Binary encoding of | [T — 1] L1 1

. the question @(g)

,

| Question g |

“Who did Clooney marry in 19872" _ _
Subgraph of a candidate

o ' ' answer a (here K. Preston)

Detection of Freebase -
entity in the question | o

|

JCJhI.i|"§-|Il:a§I.:)lf!:-{é:;lE
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X F 3% ¥ 5% 4047 & 9] % (Bordes et al. 2014)

D #| A Entity Linking = 4% 1] & ¥ ¢ main entity

E(e,) e
es r1
@ #FA AL AR F SR R R -~ .
didat 2
9a)= 3 Ee)+ Y Er) 5 Ny o
e cPath(t,) r.cPath(t,) entity in q
OET L TXE X EN: %\
ed
glg)= Y, E(e)+ Y, Er) e3
e, clontext(t;) r EContext(t,)

@ # i AL Ao 5% T & 53] 8 H Aembedding, #% 3 $embeddingé £ ;
B £.4= 4% # (dot product) 4 4% 9] AL fo 4% th &% 2 7] 69 4a 42 B oA

BB AT SR ETE m I ==
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Multi-Column CNN (Dong et al. 2015)

O k#EQLEES AALERRKEGIE

Ranker — Answer

I

Matching Score

©ooomo) ©oo®©ooo}

Type Relation Context Type Relation Context
Mulfi-column Candidate Answers
Convolutional Neural Networks ‘
Question r~ Freebase
S(g,a) =

f; (9)" &1 (a) + 2 (g q) g (a) + 13 (Q)Tg3( )

B
answer path answer contemt answe'r type

Answer Type
Answer Context

Answer Path

el

el

entity in g

e3
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Framework

when did Avatar release in UK

Score Layer

..........
.........
o*®
-

film flim_reglonal_release
_deterdleme_date

|__release_date_s m :

L film film_regional_release ,"
* Jdatefiim_release_region [
ﬂtn.ﬂin.dire(e%\ ‘~ o izt

film.Sim relgase [ United Kingdom

date s "*~{  mO7sx "
JamasComeron | T N\ MeWSTTT I ...t
m.03_gd filen_region
wm-obled-tva type.object.type | release_d
type.object type film. film_regional_release
people.perion film.film_regional_release  _date release_date
_date film _release_region
film_prod
<> when did Avatar release In UK  <R> T United States @
of America value_type

m.09c7w0
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Results

Method F1 P@1
(Berant et al., 2013) 314 -
(Berant and Liang, 2014) 399 -
(Bao et al., 2014) 37.5 -
(Yao and Van Durme, 2014) 33.0 -
(Bordes et al., 2014a) 39.2 404
(Bordes et al., 2014b) 29.7 31.3
MCCNN (our) 40.8 45.1
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An End-to-End Model for Question Answering over Knowledge Base with
Cross-Attention Combining Global Knowledge Information (Hao et al.

ACL, 2017:

%] =L
B kF

O e.f ik %3 2 AWord Embedding 4 F # 2t F 4] 4

FELEAT, QgikTdTFHE

A zEETRGHAL>, g EATEEZATF—HG
M %042 & T

L1 & r& F ol % 4% #t

O & #% A48 4

BB A T ARETINE I UL 5 PR
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(Hao et al. ACL, 2017)

Lqa,a = v+ 8 (q, a,’) —S(q,a)]+

) 1
manE Z Z Lq,a,a’
q

q: Who is the president of France? aEP, a'eN,

Topic enti
Sl France  Candidate
generation

Cross-Attention based Neural Network

/ 4‘ | Candidate Answers
 Answer Aspects § /- a,

| I

| I

| I

a . i

LA AL LA A X answer entity:/m/05qtj LA ;

: : el French Q) i

; ; answer relation: capital : ! !

: answer type: /location/city town | | Semi-presidential system |

answer context:/m/0276jx2, /m | i : i

S(q,a1) S(q,az) - /0jd4j, /m/0f3vz, ... . i

.......................................................... " T

= k\ ’ i
:

L e TR o s = =
BB ME AT AR E TS g 5=



(Hao et al. ACL, 2017)

{/A-Q Attention Model

exp(wij)
Qi =
a > exp(wig)
. i k=1
,<>’;Z";3'."-| Q1 @z Q3 0y s A T
, | wij = (W7 [hj; €] + b)
ol F ; =S(q,a)
__________ f._.g.’.._._./_._?'._._...;._.-._ll._.-.,._ B IR Vo o IR
Bidirectional LSTM /-~ ~1 1~ e Py P e -

S e e T e A . A-Q Attention n
oo o o o 0 : o ; i = 2 il
b @ @ | {Meah ;1% 2T i=1

b ] : ' ! Over timd @

T R S S(q,¢) = h(g, &)
1@ 10! e e e e ! @ Model q,€; qi, €i
_T ________ T ________ T_ '_'“‘_T ________ T"‘“"T"/ CEC i ; .................. e_t .

e ~o S (q’a) = Z JBeiS (Qaez’)
{ ® O - )
“ . . €; €e,Er,€1,E¢
® & o
exp (we, )
(A S S S S Pttt o= g S

Word Embedding Matrix E,,, KB Embedding Matrix Ej, §
{ R N AR N | | Y A A
Xy Xz X3 Xz (X5 @ X a, §a=

BEMFRAELBEINE

Q-A Attention

exE{ec,er et,8c}

we, = f (W' [g;es] +b)

1 n
azﬁzj hi

JJL?E#FE'
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(Hao et al. ACL, 2017)

s BAHfEA
« 4| A TransE 4% #| knowledge embedding

c %4x4 % 9.

/ Lq,a,a’ - [7 2 S(Q- a’) _ S(q' a)]+

\ Li= Z Z vk +d(s +p,0) — d(s" + p,0")],

(s,p,0)ES (8',p,0")ES’

h

\t h+r=t

o E+E A=
EEEA=EA
BT Hr+E #==Hr

TransE

BEMFRAELBEINE
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(Hao et al. ACL, 2017) 2 2o & %

Methods Avg F Methods Avg I
Bordes et al., 2014b 297 LST™M 38.2
Bordes et al., 20142 39.2 BiLSTM 9.1

Bi LSTM+A-Q-ATT 41.6
Yang et al., 2014 41.3 ,

Bi_LSTM+C-ATT 41.8
Dong et al., 2015 40.8 Bi LSTM+GKI 40.4
Bordes et al., 2015 42.2 Bi_ LSTM+A-Q-ATT+GKI ~ 42.6
our approach 429 Bi_ LSTM+C-ATT+GKI 42.9

where is the carpathian mountain range located entity Slovakia

S - I : '

e type._ /!ocaﬂ_on/country_
]| relation: partially/containedby
answer context - I context: /m/04dq9kf, /m/01mp...
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F1

34t KBOA % 4 69 2 F szt

53.3

52.5

[
o.
=
44.3 o e
o o
39.9 413 40.8 = S
. = [®) 5
> = = 3
37.5 < + o
35.7 > 3 By = > +
35 - an z @ = ) < = >
33 S o) 2 S 5} i z o =
= 32 8 - 5 5 = a = <
s o o 2 o 3 2 3 S o
sl 8 e o o = = =
o wm S 3 m Q + 5
o = < = o je) m = Z < <
- ® = 5 3 =] ! = 2 = &
o < ) — m m o =] ==
o — S 3 3 Q + o Q@ g Q (o)
Q O ®© 5 Q > o ® ® @ o)
o @ O c w g = o 5 Q [ Q 2 . =d
@ o2 8 ™ 8 «Q = By o x o)
@z |5 ol a = = 5
g ° 5% B - &
= @ Q

Yao Fader Berant Bao Bordes Bordes Berant Yang Yao  Dong Yao+Yang Yih  Bordes Zhang Xu
2014a 2014 2013 2014 2014a 2014b 2014 2014 2014b 2015 2015 2015 2015 2016 2016

I Traditional Methods B End-End DL-based Systems B Traditional Methods Promoted by DL
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- & o el P A

O &

B AAGBBFTERHEALIREARTHENL, LWEAGEL2HFFE
PALBE A TN, £ANSRAREHHHIT

L 4%

B a4l iEqMfc Ll £49M, HTFHELTH R4
I 1% 4, 7 ok & F4F

B o FDL> @5 Ra4RABE, Bt T—eusissqn
Fook RAF g &3, #l4e:  “Who is johnny cash’s first wife” , %%
Th % & g Asecond wifeey 8% (BA R £izf Twifem ZogT
firsteg 550, #XAATHIAHE) o AT XINER, THREER
£ X %171 (ad-hoc) &4 4%
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O #dsmk: #eabfast. BAERS, T Liastd L
@i, EALEZIEBREH 2, LEaThES5APAEL
’A‘;] Jﬁ o Flo

U EL 5k TUEBRAHLL2GH, slédetsrritiqi. {2
AL BN LA F Ko

U ®REZIFik: AEALGKRIANZL4E, £4MFg 2
AR AHRIT, AP EERI L £ 4 9MA,
LEE 27 HBAFFAECREAKM, Qs AR
Rz #t o
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