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Search needs a shake-up

On the twentieth anniversary of the World Wide Web's public release, Oren Etziond
calls on researchers to think outside the keyword box and improve Internet lnwlly
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Mary journeyed tc the den.
Mary went back to the kitchen.
John journeyed tc the bedroom.
Mary discarded the milk.

Q: Where was the milk before the

A. Hallway

Brian is a lion.

Julius is a lion.

Julius is white.

Bernhard is green.

Q: What color is Brian?

A. White

Sam walks into the kitchen.
Sam picks up an apple.

Sam walks into the bedroom.
Sam drops the apple.

Q: Where is the apple?

A. Bedroom

den?
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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

Ned 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) on Twitter
https:ftwitter.com/NedPoulter -

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

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

- i
dk linkedin.com/in/nedpoulter ~
Copenhagen Area, Danmark - Head of Digital at Miinto Group
Vis Med Poulters (Danmark) faglige profil pa Linkedin. Linkedin er verdans starsta
erhvervsnetvaark, der hjsalper fagfolk som Med Poulter med at finde intame ...

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

by Med Poulter - in 1,122 Google+ circles

Ned Poulter is an author on State of Digital and SEQ Manager at Miinto. Find his
articles and bio hara,

{=
g
»

MNed Poulter

1,126 followers on Google-+

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

Contact info
From Ned Poulter's profile

Personal email

r'd

2 only ko :.n/ Alternative emails
b——-— Mobile phone number

EMail | peseessm———— -

From Google Contacts -
Email '

Phane L = |
Address

|
i

Fantastic Visualisation of The Marketing

Technology Landscape in 2014 [Infographic]. Well
Worth Saving + Sharing o Jan 2014

i
L

(i
L34
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* Home address
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#5% 21,400,000 48

NBAZ 7% (2016 &)

RHR=H1L

2016 NBA Playoffs | Schedules, Brackets, Highlights and Video ...
www.nba.com/playoffs/ v ER iR

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

& WolframAlpha

Assuming lotal area | Use populatic

how big is China

E B B D

Assuming “how DIg” is intémational data | Use a8 reheming 1o SOeeconomic data

referring 1o administrative divisions instead

an instead

China rtotal area

9.597 =« 10° km?

9.507 = 10" m?
3.705 million mi®
1.033 = 10 /2

= (.96 - total area of Canada
= .996 « total area of the United States

= |argest extent of the Roman Empire
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O 4e<2 & 5 #4% @], Question Answering over Linked Data
(QALD); £ % +& % 444 4 # 4& 9 % (multilingual question
answering over linked data) % #. ¢ % o % & % 3 o

[0 # i& %k /& @ 4 Dbpedia. YAGO#=MusicBrainz;

OO0 ESWC workshop L # &, § & # z —/Nh— g% KA
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F AL G5 2 £

B %4 %, & FDbpedia

B 5 & K T 44 4 # 4 (interlinked data)

B Hybrid QA, & FRDF and free text data

Natural Language Question

?

O il = S

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

Some questions need both
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Given a natural language question or
keywords, either retrieve the correct
answer(s) from a given RDF repository,
or provide a SPARQL query that
retrieves these answer(s).

Dataset: DBpedia 3.9
(with multilingual labels)

Questions:
200 training + 50 test

Seven languages:
—English,  Spanish,  German,
Italian, French, Dutch, Romanian

<guestion id = "36" answertype = "resource"
aggregation = "false"
onlydbo = "true" >

Through which countries does the Yenisei river
flow?

Durch welche Lander flief3 der Yenisei?

Por quépa ses fluye el r b Yenisei?

PREFIX res: <http://dbpedia.org/resource/>
PREFIX dbo: <http://dbpedia.org/ontology/>
SELECT DISTINCT ?uri WHERE {

res:Yenisei_River dbo:country ?uri .
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O &% K F4 4 &4 (interlinked data)

[0 # % %£:SIDER, Diseasome, Drugbank

1 <] A%:25 training + 25 test

O AKX R #1E % 5412 &

[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 .

}
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0 Hybrid QA
1 #. 4z 4% : DBpedia 3.9 (with English abstracts)
L1 /& A2a: 25 training + 10 test

L1 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 {
?7X text:"member of" text:"G8" .
?x dbo:currency ?uri .

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

number of correct system answers for g

Recall(g) =
(4) number of gold standard answers for g
- number of correct system answers for g
Precision(q) =
number of system answers for g
2 % Precision(q) % Recall
F-Measure(q) — (g) (g)

Precision(q) + Recall(q)
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WebQuestlons

i¢ A Freebase, ;\ ;»Google Suggest
APl fle R 1§ #| 42 b 9] AL, IR 41§ 7
5,810 A i A1 (3,778 /A~ 4 # & ,
2,032/ ] 1K, £ 42)

B #| Al Amazon Mechanical TurkAx %-#%
3| %% (faFreebase ¢ Tt £ 7]), — A
9 AL T M A 3 ANEE, A A
Average F1%F #-

B WebQuestionsSP & WebQuestions #, 4
SPARQL 4z ¢z t9 # & s A&, # #4737
A~ 9] A% 4, 4-semantic parses fe 2t & 49
SPARQL %4-+4 & 4, & “answerable”
4, #| A E B AR 2 A “not

answerable”

Free9l7/

B @ 4% AFreebase, #9179, 4
4641/ AL ], 276/ X A ]

Examples

2.

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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LSTM

Attention Model
Memory Network
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SELECT DISTINCT ?X
WHERE{
14 ?y & % 72X
res: &k 81 #L4% ?Y.
¥

location

Wy%

person

& £
&
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34(Int)
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NLI & QAS

[1 Natural Language Interfaces (NLI)

M 4%~ Natural language queries

M #> & . Either processed or unprocessed

dNSWEIrS

* Processed: Direct answers (QA).

» Unprocessed: Database records, text
snippets, documents.
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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.




WA — 9] 4] 45.4%

5] 6] 4548 & L] 9 R AT 2.
B 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
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U AL AT S8 AMt 2 a2 K%
B FACTOID - ¥4 g8
[1 PREDICATIVE QUESTIONS — +§ 48 & jo] A% :
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 — 5] & & s A4
B “Give me all cities in Germany.”

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

0 YES-NO — st 4% & 9 84
B “Was Margaret Thatcher a chemist?”
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O aAsAlreT oA 20 S L R

OPINION - #, & & js] 8% :

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

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

[0 “How do | make a cheese cake?”

EXPLANATION & JUSTIFICATION — # £ #&1 jq A4
[0 “Why did the revenue of IBM drop?”

ASSOCIATION QUESTION — # #% & =] A% :

0 “What is the connection between Barack Obama and Indonesia?”
E)/ALUATIVE OR COMPARATIVE QUESTIONS - 4
5 A 8 A

[0 “What is the difference between impressionism and expressionism?”
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The class of object sought by the question:
LIAbbreviation
LIEntity: event, color, animal, plant,. . .

L1Description, 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 ..." )
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Question focus Is the property or entity that Is

being sought by the question

B “In which city was Barack Obama born?”

B “What is the population of Galway?”

A A HALETFAS @G

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

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

B 444 1L # $Z (databases).

B f 44 /L# & (e.g. XML).

LI X ORE &

#PE R

B Single dataset (centralized).

B Enumerated list of multiple, distributed datasets.
B \\eb-scale.
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Domain Scope:
T

B A5 A

Data Type:
_IES. 3

" A4

B FJ

R

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

1 Short answers
B Phrases.

[1 Exact answers
B Named entities, numbers, aggregate, yes/no.
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Relevance- 4a ¥ £ : The level in which the answer addresses users
information needs.

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

Completeness- 2 & & : £ & &z £ %

Simplicity-® £ A.: 5% 4 T # %

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




& 61746

[1 Right: The answer is correct and complete.

[J Inexact: The answer is incomplete or incorrect.

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

1 Wrong: The answer is not appropriate for the question.
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[1 #%j % 4 BK: 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

# 32 . Depends on the application of an inference process over the original
data.
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[

[

Semantic Tractability (Popescu et al., 2003): Vocabulary
overlap/distance between the query and the answer.

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

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

Semantic Complexity: Level of ambiguity and discourse/data
heterogeneity.
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& /Ig\?ﬁ'%}?’ 7f° ................. i
= dataset
& [ 4% ]

() ontology

{ #) & query

data preprocessing ]

fqH%EST ° { 9] f@ﬁ)‘#ﬁ‘ } _________________ linguistic tools and

resources
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O O 0O 0O

O

# 3% M 4« 22 -Data pre-processing: Preprocesses the database data
(includes indexing, data cleaning, feature extraction).

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

# ¥ « &.-Data Matching: Matches terms in the question to entities in the
data.

% 14 4] & -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.

& & qb 4 K-Answer Retrieval & Extraction: Executes the query
and extracts the natural language answer from the result set.
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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 7uri WHERE {
are higher than . ?uri a dbo:Mountain .

res:langa Parbat dbo:elevation 7el .
the Nanga Parbat?| &%

7uri dbo:elevation 7e2 .
/ }

FILTER (?7e2 > %el) .

resource:lNanga Parbat a dbpedia:Mountain .
resource:Nanga Parbat dbpedia:elevation '8126' .
resource:K2.a dbpedia:Mountain .

. ~ Eight mountains

are hlgher than resource:K2 dbpedia:elevat::mn ‘8611‘. .
resource:Annapurna a dbpedia:Mountain .

the Nanga Parbat: resource:Annapurna dbpedia:elevation '8081' .
resource:Mount_Everest a dbpedia:Mountain .

MOUI].t EverESt, resource:Mount_Everest dbpedia:elevation '8848' .
resource:Amsterdam a dbpedia:City .

Makalu-‘-‘ KQ-‘-‘ et resource:Amsterdam dbpediaielevation '2' .

N\

<http://dbpedia.org/resource/Mount_Everest>
<http://dbpedia.org/resource/Makalu>
<http://dbpedia.org/resource/K2>
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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).
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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
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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 .
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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 .
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[0 Different datasets usually follow different schemas, thus provide different
ways of answering an information need.

Example: ity — 2 o person
- \e‘&de{ Q) <
City
1
eaderRO]e 3 ‘MayOI" ]

person —> Role ——> City

Mayor
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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 .
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[1 The number of non-English actors on the web is growing
substantially.

B Accessing data.
B Creating and publishing data. 178

5 ) 26,8 & Chinese

Internet Users by Language

“ English

Spanish
& Japanese
Portuguese

German

Arabic

French

Knowledge Graph:
O 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.
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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.
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Requirement. Real-time answers, 1.e. low
processing time.

In the context of the Knowledge Graph:

Datasets are huge.

B 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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A % L TBSL (Unger et al., 2012) 7 & # 4] 1% 4m 4 #%




TBSL (Unger et al., 2012)

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

B Instantiates the template by matching natural language
expressions with ontology concepts

% 4% : QALD 2012
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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




AT #4586 9] &

] 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 (4 48 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 4& 52 #] 44 )

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




4 #] :Who produced the most films?

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:

?¢ = <http://dbpedia.org/ontology/Film>
?p = <http://dbpedia.org/ontology/producer>
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Answer'
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Solr ~ ~._ | Resources [
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Step 1: Template generation Linguistic processing
Q-'Egg’jgn —'_*l___| I_—l Semantic

Representaion
Domain Dependent  Domain Independent
/ Lexicon Lexican

Natural I

Languége SPARQL
Question ® iR
Templates




Step 1: # 48 4 », — Linguistic processing

1. 74, KRA %335 M HPOS tagsfz 4

2. #:k, £ FPOStags, +& kM0 & F 9 4§

3. # /54| Aldomain-dependent+g] ic #edomain-
Independent.3] (C 4 84 47 19 AL

4. &/, ¥HELETHUAH—NSPARQLA 42




%] :Who produced the most films?

47 3%, %, % . who, the most
47 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]




Step 2: Template instantiation Entity
Identification and Qredicate detection

I SPARQL
SPARQL
End o(i:fwt LoD Cgrpora Query
P = BOA Pattern R Templates
e Library .~ e
- —
»
/./' Entity identification
7S o
] i

Templates
with URI slots
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O #1 7TSPARQLA#A AR X GE, B2 #iTE6l/ALE LARG A HE
T Ggtacin. A %EST T Dl kPO idrmb
An a4t g A2 .

Bzt Fresourcesfeclasses, 2 #k<2 3| F A = &
O AWordNet 2 L 4e<% & P 4% 5 69 Bl 249
O ++ 4 % 4 & 4a s & (trigram, Levenshtein fo F & 4a 4«

5)

B =zt Fproperty labels,# & & 2 5 4 # ABOA# X A& P ¢
fl 15 5 & T AT

B R0 LB EAN T A GMERE




+ #] :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>




Step 3: Query ranking and selection

SPARQL
Endpoint
I
!

!
1

Type Checking
and Prominence
\
Answer .\.

.
L T

-
Query e
Selection e,

e
—

Ranked SPARQL : . Templates
Queries Entity and Query Ranking with URI slots




B A 41 2

1. & A entity 4& #& string similarity #e prominence # 1§ — /4~ 41 2

2.— ANquery 45 &7 o8 A& 3% L Fslots &g % /hentities ¢y F 34 41 o
3. %9, % &4 Etype £ AL

-3t F A A 65 = 7, 4a?X rdf:type <class>, 2t F &4 = 747X

p efe € p ?XE &4 Spegdomain/range & % H<class>— #
4. 32 F @244, REGITL4KRG Y.




%] :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
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Automated Template Generation for Question
Answering over Knowledge Graphs ( Abujabal et
al, wvw2017 )

B 424 TQUINT , 4 4 4& 42 utterance-answer =

12 32 4% 15 At A 30 % g utterance-query 1 45

B A A AABETOARL S, TREAARE
1AL P F 5| 6 AL R A R H A e A
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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




7 ikHEETKS

1. # 4 7 QUINT 4 4 4& 42 utterance-answer pair, 4{& F 4z 5 #t £
# % Z utterance-query# 4z . #4 69F 5] {2 Al f2 L {69 =
o BRI A AR FAMEETG LA
B &9, {& AInterger Linear Programming (ILP)% 3]

utterance-query = 4] #g st 5~

2. FAAHKBTOARKE L, THRERAAGERAF F 7 6
A R AR R AL (% /predicate) F A 9] A A ok AR
B #RA98ATEY
B #ARKGEE—~NTFY
B 446Fg52KRREEE




B A £ X9 185G o

O ol % o B2 69 3 & 1] AL utterance ufe ¢ 2t & ¢ 5% £ 4-Au

O Tl

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

B Au={LucyPunch}

O =t 24& 4 #t:

{dobj

o [ B i

Which actress played character Amy Squirrel on DBad Teacher

WDT N \Y N N IN N

Au = {LucyPunch}




# 45 4 X~ A utterance# s query

[0 4g #&utterancefeanswer F ggentity (4 A . LAS-MART # /TNERL, 5
freebase4t #) , AKGF 77 & I F |

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

[Anyaconoff [ LeeEisenberg ]

AmySquirrel director oroducer

char actor

[ RussellGettis ]

cast cast

BadTeacher JasonSegel

|

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




# 45 4 X~ A utterance# s query

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

BLMARILTF A, st—FHanswerdfecVi A ¥ 72X, ?2cvt, # i teanswer L
gtypeid, fpi e £ 44 (AP A& ¥ 5) . FFlutterance A KGF ¢ F B

A

type

type_
| actress

{ AnyaColloff

type

LeeEisenberg ]

director producer

AmySquirrel RussellGettis J

actor [

char

LucyPunch BadTeacher JasonSegel]

)

[ AmySquirrel J [ actress
[ AmySquirrel ]
char type
char [ N
BadTeacher ]} > Tcvt TX
cast \\H,// actor
[ BadTeacher 2cvt » ox type
cast actor

(

person

)




i it ILP4% i & Hquery # 47 2t %

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

u dobj}
[ENLE [ | ey e
Which actress played character Amy Squirrel on Bad Teacher

WDT N(type,) V(pred;,) N(pred,s) N(ents) IN(pred; 5) N(ent,)

qg [ ent:AmySquirrel ] [ lypetactress ]

/I{S‘dﬁa:char type
( enli:BadTeacher ) » PCVE > X

) >
predi.cast U predz.actor

Aligned utterance query pair: (u,q,m):
mi& it #£ ¥ gyent,predfetypedz iz & F (4=“played on” & cast.actor st i)




i 24 (4 K36 LM 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*‘/g gt

«i& #t ¥ “[[Albert Einstein | AlbertEinstein]] was born in [[Ulm | Ulm]] ...”
*KG¥. (AlbertEinstein birthPlace Ulm)

«#“was born in” -> birthPlaceif #e #| L, ¥, # it &, pAEH P ELAGREK

L. 2

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

sl Aoscientists -> c#L P, #F il E, fpadEA Pk

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

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




i 246 2t (# 1% S M A5 -EMNLP 2013)

o #i9 Ao, 1§% % /4phrase
© HRAP4EHKGH K
o fE ALt S, AL (R L, wlﬁ"%;-'f) &ﬁllLPﬁ%/ﬁ

- \ ( |::I=31,r character / (\ actlr'::ss 5
— I whlch ) _ _—— o play ________,-
I/tf:harncter\ (actress / < Bad Teacher l\\chnracterJ l\ Amy Sqmrrel /, play \ / play /
/- \ N/, OV —\ /—-
person act:.ess BadTeache:. [ cast.char ] AmySquirrel cac‘t actor

___________

. & & utterance % «phrase, Ph={ph1, ph2, phi...} £ 4 utterance#s + %
T & & query (Bputterance £ KG F 2t & F B) ¥ ¢gsemantic items. Sg={sl, s2, sj......}
max >_Wi, jXi, j
iAo A o
1848 48 dif e phi->sjEL ULt iR T k4 i
# 4 ~semantic itemsfe 4 /\utterance ¥+ ggphrase ¢ /7 i #

1& A ILP4L A0 & 2 4 2 &AL

iz AFW kadE2aRET, ;A7 F5#8x454 (01)




AR 2 L5 4 A

X —ANE A e A (U O, my):
H# ?ut;'é 5] AR 4% A5
G, A query 4 45
M, 7 1€ AL A= query Bk #1 7 ik 44 4%

: = e\ e
Which actress played character Amy Squirrel on Bad Teacher Wpfl pT‘t”dl 2) N(p'red1_3) N(entg) IN(p'i"th_g) N(entl)

WDT N(type,) V(pred;s) N(predis) \(entz) IN(pred, 2) N(enty)

=

q [enszAmySquirrel ] [ fypeilactress ]

t
preds.char type a

[enh:BadTeacherJ »| 2cvt | X
predicast U predz.actor




1 45 o€ & Fo 2 4] 4L,

u: P tltl (dohj) {dabj}

‘ﬁl %' rm—\ [ lmm ]‘:ll d“hj ]r l 1( })
Which pupllldl actress  played role Phoebe on Frlen(lb

WDT ADJ N \% N N IN N tupq V(predi2) N(predis) N(entz) IN(predis) Nient)

types

char type gt type

| Friends : =\iijf/

cast

[ PhoebeBuffay ]

actor

o st -F drie| M ITHR G 2, F4& A T AS-MART 3 7TNERL (freebase)
c A FPHIFTCR U PrrAGEZLEU TR, £ATERHCR)
o A4 A48 # Lzt m, (M A utterancefequery st F- £ 4 )t 4T 2 ] 44




% 3t Query st 5

Category | # | Description
° A A '6] 7% F i } /\ 4,' query Alignment | 1,2 | Average & sum of lexicon weights for predicates
ff) /ﬁ E 34 Aveﬂrage & sum of ]exi.con weights fpr entit-ies _
b 5 | # of utterance tokens literally matching their predicate
6 | # of entity mentions matching their canonical

#ﬁ: ’fﬁ\'af fi‘é‘, vie éa } /I\ name in the KG

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

N ER I_ n=12and 3

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

¢ {5{ ﬁ] RandOm Forest &,ﬁ- 4} 10 | # of predicates in the query

11| # of entities in the query

) /I\queryjlﬂ‘ 2 !‘é] {ﬁ )flﬁ /52 Template | 12 | Indicator: ¢ captures a type constraint

13 | # of training utterances that generate ¢

14 | t coverage: % of tokens in utterance matched by ¢
15 | Indicator: utterance node with type annotation A
semantic answer type (if £ 1s typed)

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

& 4

B 9%

EMEE

(coni)

ﬁ ﬂl Lii";] ( el \' teon)) -~
%4 = AR

Who ac t: | 111 The Green Mll: and Forrest Gump

F 5] A% & & WPV DT ADJ cc N N

“Who acted in The Green Mile and Forrest Gump™

o EL AL AR . SR 4L, query rank (@)
& g query list )

2t F 1A eqquery listdr o1, /7 mW\ s

W hn 1ctcd 111 The Green Mllc md Forrest Gump

APrks4aE WPV IN DT ADJ N N
Xﬂ‘ 4 /I\ % ’lé] 7% ff] ’/cir\'&% }‘Ty\ K % “Who acted in The Green Mile™

. . “Who acted in Forrest Gump”™
ABERERAE, LALEIE (b)
AR F Hquery 4 A




WebQuestions Free917

Method Average 'l  Accuracy
Cai and Yates [10] (2013) - 59.0
Berant et al. 013) 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 (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.
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yPe
& L
DETEE MM - & .

location /A///‘\
&4 1
:I-r: |4 #
# 32

o 6k K B 45 R? @ ?/ @\

8 N

person | 34(Int)

%o 2




1% 4.8 L 247 7 &

9] 4] [>

B g ARG EER?

[>zi>ut< OB

AFHFTukTosk
AF oA XNakFF ik

1% & #
A .

32

s

ta

<

yPe

location

z//q
7&5
#

person

7

4 4

34(Int)

ka2 &




1% 4.8 L 947 7 ok

e
location /1\
& S &
. & 3 . . &4 b,
e L) ﬁ%; ) EAAF L) ;K:MJ, 8> o
£ 39

&
Y
o] 6k Ky B 4ER? @ E/
Semantic Parsing (SP) t}ge/ag&

Information Retrieval (IR)
person | 34(Int)

%42 B




L F %5 £ T (4 4) 6 %5 & 9 £-Semantic Parsing

B ok A EER?
J b g
location
4 4,

Iy .

SELECT DISTINCT ?X

WHERE{
%14 7y & 4 X :> }y«pe/ Eﬁe\

res: k9 #4% 7. person 34(Int)
}

%o 12 &




9] 6] &4 7 R 4Lk F

WAL L L LT L

oy pe
location /1
&4 H
£ 4,

7

SELECT DISTINCT 2x N
B A4
Ax . BB (460, y)A &£y, x) | [ |VHERER O 9/ o
ty

7y & A H X

res: k8l 4% ?y. ag&
24 A&k X } person | 34(Int)
Lambda Calculus
DCS-Tree SQL .

%o 1%

Fun-QL SPARQL R
Prolog

FunQL
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S

47 1% Ao

Gl B

R o

B ok A EE R
24 : £ %
.9 B, 4% @2

: <A

E: %k 9 R®E4% | R &% 72X

<

<E: 4k, R:&04%, ?y> <%y, R:@ £, ?x>

L

SELECT DISTINCT ?x
WHERE {

?y & £ 7X.

res: b9 4% Y.




& > F£ 4k 9] A

AT 4248 2] TR G 5t - KR s A

%31

%%

X A (Mention)

%a1% & (KB)

organizations

dbo:Company

founded in

dbr:foundationPlace

California

dbo:California

do fT AR R XA G L - 38 & ik X

Which software has been
developed by organizations
founded in California, USA?

/ -
XSl 472

7\




1% L7 — R 0R 8k 5

KRBHH: BARETLEEIEL AT SN b m 2GR RIERE S T
@ it 4% — N4 C & (Lexicon) % & &% # ¢ o 4

fl % EE NG Obamal was also born in Honolulu

!

Barack Obama

GRS

EF- X PNy LS




1% L7 — R 0R 8k 5

e A Zpgt: “was also born in” — PlaceOfBirth

s BABIFHEFCROGTALZISEH, TEAL T &

o  ®24kzt (entityl, entity2)# & % 5 Fo R 5 £ Fawas also born inmal, # A
LG i i %12 & PPlaceOfBirthey = 248 F, A8 2 £,41 T s +A A “was also born
n” % 4 42 1% T 3L #oPlaceOfBirth 2 z. a4

f % +& 59 4. |Obama

was also born in Honolulu

!

Barack Obama

ERY
‘it 7 ik




& L AT 1T 8 A A

O s{ﬁgm;&: bp— A ik doin & “HH GEATFo TihkF4as
EPa Rk, RAE%

O 88 XEFToA— oA (Unary)de = 24 & (binary)
B — 72824 sti42 PRk

B —22RR%E4%, stE4R APl butdhtblatg=nm
P g 2 4Rt

O # 8, <Tilih# 42 %455 —4, #i7:54Join, KX £Intersectionfe
% 4-Aggregate (#ett 2, KR KA F %)% /%




#| A Logic Form & 3 i5] A & 3L

O —&#45: A4 #4185 5H4q2 A O ®&%54: 2@ AELEF,
ta £ &L kT A 2 I 418 A a5

) Who is Justin Bieber s sister?
Who is Justin Biebers sister?

Jazmyn Bieber

_ Jazmyn Bieber |

semantic parsing

Knowledge

B ‘ Ax. sister_of(justin_bieber, x) ‘
ase i

Knowledge

semantic parsing

Base _ werying l matching
wuerymg

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

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




1% LM A% 4 $L 7 ¢& — Semantic Parsing on Freebase

from Question-Answer Pairs. EMNLP 2013

Who did Humphrey Bogart marry in 19287

l .

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

l # 47Logic Form

Mary Philips

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




1% 40,15 LM AT vs 3§ K 8 LAt

O SH#KERER: FL%HIFHN NI 58 & F U INNUE VRS )
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

2y F& o £

— P2 ERBE-ABLIE. K4 — T IL B A AR A AN
PR, AT £ B, AR %5

— AT RPN




& 3t kM, # KB 6 & 3L 47

O ZEF44% (FEEET0%EKE)
B Ungeretal., 2012; Yahya et al., 2012

O @& shH(ELTARGINEELES)
B Krishnamurthy and Mitchell, 2012

O & it 948/ 48 & & K 2t 4 40 % 4% #| 69 Parser
B Caiand Yates, 2013

47 . @ it KA o2 B L 65 9] B0 K& 2t K A0 4 Parser




A9 ) 8 4t #| KB 6§ % F 8%,

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

H FeopleSomHers

CapitalOd
FHP=mL & % & T i3 .
& im ﬁ‘ “ﬁ @ BarackObama ? 4‘;‘ $ = ﬁt&zﬁ-é
Type.HumanLanguage ‘f‘l"‘:'%‘it:'r;ﬂ 8 € XX ACE: ]
SpeechLanguagePathology grz-lf;?f{iffw,w LanguagesSpoken
LanguageAcquisition LJ;. :

What languages do people in Brazil use




B 7t X A9 A1) s 4t $| KB 6 % F 308,

S— i
InvertorCh
- LanguagesSpoken
Type.HumanLanguage Brazil
Type.ProgramminglLanguage====+===========" bridging----------==-+-- BrazilFootball Team
alignment alignment
What languages do people in Brazil use

OO Alignment: 2 x A& 4242 #| KB predicates s 41 «9 % s (Lexicon)
0 Bridging: 4¢ A £ T x (context) 4 KB predicates




& U AT — 9] 2 L

0 988 &£ =4 (question/answers pairs) # 3% £ £ | 4 » 48 &
OO0 #4342 4%£: QALD, WebQuestions, Free9l7% % ; &4 TIUALAKBYF
R A &

Hi A -

Knowledge-base K

i 2 %t il gR s A { (xy y )T
I 2 3 7~ 1)«

What's California’s capital? Sacramento

How long is the Mississippi river? 3,734km

i 15 -

HWILE T, MBEEEEA, B8 x 5ER y BN,
What's California’s capital? = Capital.California

= Sacramento




Logic Form-~T 4 4. %4 & # 4% (Graph Template)

Type.Person M PlacesLived.Location.Chicago ~ Type.Person M Placeslived.Location. Chicago

/\ /a

Type (PlacesLived

jpe PlacesLived / \

Person ?
Person 7 I
Location
Location ‘
l Chicago
Chicago
MichelleObama|
(o] Gendk
- Er-h"'FemaIe USState
PlacesLived Spouse 1992.10.03 ’
- Type
Type PlacesLived StartDate |
/ \ Event21 Event8 Hawaii
| a
. . . ContainedBy
Type.PersonlPlaceslived.Location.Chicago AN — !
PerSUn ? Location  Type Marriage UnitedStates ContainedBy
I ContainedBy
: Chicago™ | BarackObama PlaceOfBirth—Honolulu
Location -~
LOE.TADI'\J ‘Places\_\ved
‘ Event3 Type/ DateOfBirth Profession Type
Chicago / / \ 1

Person 1961.08.04 Politician City
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Alignment: X A& 4%

ReVerb on ClueWeb09 [Thomas Lin]:

%% %% (Barack Obama, was born in, Honolulu)
(Albert Einstein, was born in, Ulm)

@ @ @ — (Barack Obama, lived in, Chicago)

ﬁﬁ@ ... 15M triples ...

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




Alignment: KB Predicates

Freebase:
R~ e (BarackObama, PlaceOfBirth, Honolulu)
4| e (Albert Einstein, PlaceOfBirth, Ulm)
| Jr:.- /;\\ . : (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




Alignment: 42 +% ¥| KB Predicates & & &2

~Alignment features grew up in[Person,Location].. ~DateOfBirth
phrase-count:15,765 born fn[Person,Date]--=-':::_'_':_‘.','_:="::":::.:--:.E'E:'"""PIaceOfBirth
predicate-count: 9,182 married in[Person,Date]"-'-'.‘..:,-:;,::i-“-":::""Marriage.StartDate
Intersection-count: 6,048 born :'n[Person,Location]*’-':'-‘----::::-:33'-'-‘-= PlacesLived.Location

KB-best-match: 0

{MichelleObama,Chicago)

(BarackObama, Chicago)

(BarackObama,Heneolulu)

Lexicon: Mapping from phrases to predicates with
features




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 1928?

Alignment: build coarse mapping from raw text

Bridging: use neighboring predicates / type constraints




Bridging# /& i# &2/ Unarles

Type.University
e bridging
: E.c‘i.ﬁ-cation.lnstitution
alignﬁent
I Barackbba ma
. aligniment
Which coliege did Obéma go to

Type.University M Education.Institution BarackObama

—features
br-popularity :11.37
br-two-unaries : 1
br-education.institution: 1



haihuaxie
Highlight


Bridging # 4& . Event Modifiers

Marriage.Spouse.N!adonna--------- -----e-e---e-o--Marriage. StartDate
join join...
Mad'onna I\.fi;lrriage.Spouse 20.00
align.ment alignﬁlent
Who did Mad.on na malrry in 20-00

Marriage.(Spouse.Madonna M StartDate.2000)

features

br-popularity:7.1
br-inject

1
1

br-startdate : 1




ifi i Composition #~ 4 4% it |1 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




G R RS 2 G A R—NEHF AR XGME

Candidate derivations: D(x)

Model: distribution over derivations d given utterance x

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

Training (estimating 6): Features:

e Stochastic gradient descent (AdaGrad) e Alignment and bridging

e |exicalized

e syntactic

e denotation




WebQuestions: ii s Web # 1% # % i 4

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)




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

« (GGenerate 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




Alignment#eBridging=4Parsing 4 £ ¢ % -4

80 40
60 30
40 20

20 10

0

— 0

Alignment Bridging Both Alignment Bridging Both
Free917 WebQuestions
Conclusions:

Bridging more important for Free917

Alignment more important for WebQuestions




1% 4%, 64 & LM A7

Type.City ' PeopleBorn Here BarackObama

__—_-interse
_— ///’
- — ////’
-

what Type.CityTown  was PeopleBornHere.BarackObama T~

Aoin\
. VAN
lexicon // N\
y \\
city BarackObama  PeopleBornHere
lexicon lexicon
Obama born

Lexicon depends on KB

Constructing a lexicon is challenging for large scale KBs




KBAR = ¥ & &

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
< oo >




KBAR £ ¥ 9 4 -4 A Paraphrasing f #

What languages do people in Brazil use?é _ _
A l """""""""""""""""" | x: input question

paraphrase model Z: 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| | Compositionality




Model: distribution over logical forms and canonical utterances

_ exp($(z,¢,2) " 6)
pQ(C,ZICE)—ZF ! I INT
2 €Z5,c' €0, exp(o(z,2’ ,¢!) T 0)

Decomposition to paraphrase model and logical form model:

¢(maca z) — ¢pr($, C) + Qslf(z)

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

y: answer _
Need to estimate parameters 0, and 0




Training data: {(:Ei,yi) 1

Objective function:

poylz)= > 2 pe(c,z]x)

2€Z,:y=[z]x ceC,

O(0) = Zl log po(yi | i) — Al|6]]1

X: Input question

Z,: candidate logical forms

C,: generated canonical utterances
y: answer

Training: AdaGrad (Duchi et al., 2010)




LR T EEN

Grow logical forms around entities

What countrf?f in the wor!dfpeak Arabic?
ArabicAIphabé-’:--f ---------“---HﬁrabicLan%_
LangSpoken.Ara-I;;:Lang L-;;.TEFE"""'Y-ATE'D"C
Type.Country M LangSpoken.ArabicLang

Count(Type.Country N LangSpoken.ArabicLang)




A% % T8 A A N

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

p.(p1-€1 Mpy.ez) Character.(Actor.BradPittMFilm.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




& & 19] &) & A,

Type.CountrylLangSpoken.ArabicLang

e N

country spoken in languages spoken Arabic language

syntactic analysis

What country is Arabic language spoken in?

What country spoken the languages Arabic language?




& & 19] &) & A,

d(p) Categ. | Rule Example
p.e NP WH d(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




Paraphrase ¢ #

g 41 Bl 3L 4]

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

M1 £ ¢gparaphrase 2 & #] Al kX ¥ X A4t
B Association model (% # 42 4! )—Paralex
B \ector space model (&1 & % id 4 4! )-Wikipedia




Association model (% A% # &)

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

x: What type of music did Richard Wagner play

--------- . "'I; /

LT
==

-
.
-

c: What is 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




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

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




Vector space model (& & < i 4 &)

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

v(x) = |cl,f| > ()

r;,eC

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

Options for W

* ldentity: dot product

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




Assocliation 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?




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‘gmax(type.article,publicationDate)
person that is author of the most number of article

argmax(type.person, R()\x.count(type.article M author.x) ))

'(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[z M fMg]
[simple]
(RO) that VP[z] — CP[z]
(R1) whose RELNP[r] CMP[c] NP[y] — CP[r.c.y|
is[is not|is smaller than|is larger than|is at least|is at most — CMP[=|#|<|>| <] 2]
(R2) that (not)? VB/NP[r] NP[y] — CP[(=)r.y]
(R3) that is (not)? RELNP|r| of NP[y] — CP[(=)R(r).y]
(R4) that NP[y] (not)? VP/NP[r] — CP[(=)(R(r).y)]
[counting]
(C1) that has CNT[¢| 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[¢| 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(\y.count(R(r).y)
(82) NP|z] that VP/NP|r| the most number of NP[y] — NP[arg max(z, R(Ay.count(R(r).y)
(S83) 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 rr.z)
[transformation]
(T1) RELNPJr] of NP[y] — NP[R(r).y]
(T2) RELNP[A]|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 11 fMg)]
(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, )]
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Semantic Parsing via Staged Query Graph Generation

o WlE A2 R TF4#Miegie 445 Lk % (Lambdadg

H)h4oin Bt imESLTF B

Who first voiced Meg on Family Guy? ,
haracter
: appear_in \

~a( lerGl'iff?‘:}(
argmin(Ax.Actor(x,Family _Guy) cast  series
AVoice(x,Meg_Griffin), Ax.casttime(x))




Semantic Parsing via Staged Query Graph Generation

Who first voiced Meg on Family Guy?

Constraints & Aggregations

argmin of Meg Griffin
7 (a(',‘L
topic entity ( Family Guy ]—casl—@iactor—@

core inferential chain
1 4oin B 24K, AET AR AL AT
2. FAEE, AATAHGREEBART
3. kb a#, MEAMKT
4. lambda% ¥ (%5%), ABTFTALAKEE AT




44 - Topic Entity # <% 5| 4% & 3 &t 44

Who first voiced Meg on Family Guy?

ik % M4 © S14eS2 i % m

#AAKBY ARG &4 I '
Tk R A AR R A " (ramivur)yss{(y )sern(®).

‘A B LA ALz (S5) .'_':_'_'_'::::_':::::_':_'_'_'_'_':_'::::::::_'::::::::_':::_'_'_'_':::_'g
ABEAA2ROACVTH 5 o) D Cmenly) (@)

t %42 (53,54) , 4=:cast-actor N > EE,,®




# A CNN =t 4% ik %12 ot 17 41 2

Semantic layer: y 300

. IS ?:_. . 2N
OO #H~:. A % 1% 5 Fo i i%‘f—’- Semantic projection matrix: W,
[

Xﬂ‘ = % &)‘&J % 3 & /|\$ Bl 43 %\ﬁg ;fnf; 4% @ Maxpooling layer: v
%, kg5 —13004 6 08 X AT
O # 54 A & g i & 4a sz & ( 4= cosine gg  Maxpooingoperation

%) %A RE T ARG 5 G AR o
f% &)‘ Convolutional layer: h, [[[1000 [][]]1000 [] ... [[T1000 ]]
Convolution matrix: W,
exp(cos(e, €, )) e _ _
p[r Iq) — 1 Word hashing layer: f; [ 15k [ 15k |[ sk | .. [k [ 1k |
1 . .
ZEX]J (cos(e e, )) Word hashing matrix: W, T T T T T
F Word sequence: x, <s> Wi W, e Wr </s>

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

[;..ooij (e0ccee)

Cast-Actor Whe first voiced Meg on Family Guy?




Argument Constraints

Who first voiced Meg on Family Guy ?

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

wcas»@m»@ on the core inferential chain
( § Sc’-

Wac:ﬁ‘ If X is a entity, it can be added
@ M— »Q acto >® as entity node

5 ,-;,;% Lhﬁ(ade: If X Lisgch ke’),/vyords, like
§cast® o @ : first”, “latest”, it could be
5 : added as aggregation

constraints




i

Who first voiced Meg on Family Guy?

)

A

000

 Main Features:

Topic Entity: Entity Linking Score
Core Inferential Chain: Relation
Matching Score (NN-based model)
Constraints: Keyword and entity
matching

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

)

: e
5 .@ "o, e

- | Family Guy cast—@—ama

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

(2) PatChain(“who first voiced meg on <e>”, cast-actor) = 0.7
(3) QuesEP(q, “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) ConstraintEntitylnQ(“Meg Griffin”, g) = 1

(7) AggregationKeyword(argmin, g) = 1

(8) NumNodes(s) =5

{9) NumAnsis) =1

Meg Griffin ) -

g




(k. £ 4 2 4%

Who first voiced Meg on Family Guy?

{cast—actor, writer—start, genre}

Feature
Representation

Labeled
Training Data
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The of the is made of yew wood

Component-Whole(el,e2)

Traditional Features

Words . haft,,, of,, the,, axe,, ,‘5] ﬁl : xd. a‘- 4h },. NLP 4 32 T
Entity Type : OBJECT,,, PRODUCT,, H 4o R g A .

7 N 13 e G
Parse Tree . OBJECT-NP-PP-PRODUCT . Fo 5t € 4% A ik R
Kernel Feature: LA fE
Bl A2 NLP4L32 T A 7| ¢

“%‘i%ﬁy\%”




Graph-Traversal-Based QA (& & /4 QA)

O #A % JEnd2Endx 41 & : A F B &5 @QAF i
0 5End2End= & ¢ & 5] 4 & F s £ T rankingfemapping & £

nationality

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

|
I

dbo:capital dboleader

I
|
|
|
ll\ dboresidence
™ .
-
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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




4] 4] 32 A%

Question Understanding

l Process ]

-

l—

~

Question Text

~

[ Entity Linking } e

‘ Tree Parsing }

A J

Topological
Pattern Detection

Result I

Mention-Entity
Pair List

Constituent Tree

Topological
Structure

Example
'd N
»=  Which movies starring Brad Pitt were directed by Guy Ritchie?
"Brad Piit"™ res:Brad_Pitt, 0.94
- “Guy Ritchie™:  res:Guy_Ritchie, 0.80
RCllﬂT
\ } P\\
”PT | VTG / =T /PP\
Which movies starring NNP l'ilP directed |r
Brad Pitt by NNP  NNP
Guy  Ritchie

G
"starring”
Answer
Mode
"directed by" -M




4] 4] 32 A%

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 3z 4F &4 4 3% (Topological structure extraction)
M 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 — VB+NP+VP |When was Alberta admitted| ANSNODE - “admitted as
as province? province” - “Alberta”




Graph Traversal (® & /%

Graph Traversal

Quastion
Understanding

Mention-entity
Pairs

Subgraph
Construchion Subgraph of KB
¥
—————————
Path Finding and
Ranking w | | Traversal Path
H\—f_\
— ¥
Topological
Structure pd | | Ranked Path
Matching

Topological
Structure

0.0 res:Guy_Ritchie——rdiype

res:Plan_B_Entertainment

dbocfoundedBy
< i rdfitype
dbocproduce;
s dbeastarring
|
res:True_Story_(film)
res; Snatch_{film)
dbedirectar rdl:type

dbacwriber

res:Guy_Ritchie

dhaowner

res:The_Punch_Bowl,_Mayfair

Ao spouse

Madonna_(entertamer)

L.81 res:Guy_Ritchie—dbo directed— res:Snatch_(film) —starring— res:Brad_Pitt

0.32’ l.I:I'r
-~
"Guy Ritchie" “directed by" Answer Mode "starr{ng" "Brad Pitt"
0.166 L0
0.0 0.0

1.58 res:Guy_Ritchig—adbowriter— res: Snatch_(film) —starring— res:Brad_Pitt

dbo:Person ——rdf-type— res:Brad_Pitt




Graph Traversal (B & /%)

[0 Subgraph construction:

M [teratively 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

M 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




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”
O place from “where”
0 date from “when”
M Extract a focus based on the POS tags of a question
[ 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




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




X F 3% ¥| 5% 402 & i3] & (Bordes et al. 2014)

| 4 2«32 £ £ % (Single Relation) # i4] 47 (Simple Question)
ARG R
Stepl: 4% it 4 &,

« #| A Entity Linking 4%, # main entity
« A KB ¥main entity A @ #entity 3 & 4z &

Step2: 4% & 3 4
EEEEE il
T ) o de ) e
\ \\.\ \«g -/- ",::\\ E >
AR BB E 2 g




A F 3% F| 5% 4047 & /5] & (Bordes et al. 2014)

YRR ZENEREZE?

matching

flg)=Y Ew,) (11111

: 4 gla)=> E(e,)

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

Multitask learning with paraphrases:

S (f(a).£(3,))=f(a)" f(q,)




A F 5% 5| 5% %047 & 9 & (Bordes et al. 2014)

How the candidate answer

Score 5(q,3) fits the question
[
 Embedding ofthe | (NS :@: S | Erbeding of the
question f{q) ..ﬁ.... "13‘ subgraph g(a)
Dot product

o Embedding matrix W o Embedding matrix W q
T T

Binary encoding of | Binary encoding of
El:l:ﬂ — l l D l ..I.;.I..] D the subgraph {(a)

1 the question @(q)

,

| Question g |

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

o . | Detection of Freebase | e (e E Srastan) )

entity in the question o

e




A T 3% ¥| 3% 4042 & 9] % (Bordes et al. 2014)

@ #| AEntity Linking = 4z 4] #2 ¥ # main entity
E(e,) e

Q) K FIAA 9] M R AR P K E B B
g(g)= >, E(e)+ >, E(r)

e cPath(t,) r.ePath(t,) entity in gq
OEV V¥ & X EN::
glg)= Y E(e)+ Y Er) e3

e, cContext(t;) r EContext(t,)

@ # €] M Fe %% F @ 43| 12 4 Aembedding, % g #embedding® & ;
B &4 4% 4 (dot product) s 4% ¥ A1 4o 4% th £ % 2 9] €4 40 42 B oA o




Multi-Column CNN (Dong et al. 2015)

O #®#EFEHS, FALEARALEG:E L

Ranker — Answer

I

Matching Score

(oooo)mo) (ooom@ooo)

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

fi (q)"g1(a) +f2(q) &2 (a) +£3(q) g3 (a)
N, ! —pp—  \— p—

answer path answer context answer type

Answer Type
Answer Context

Answer Path

el

entity in q

e3




Framework

when did Avatar release in UK

Score Layer

-
-
-

|_release_date_s

James Cameron
m.03_gd
wmobha.tvﬂ

pE— type.object.type

<l> when did Avatar release In UK <R> film prod

X film
nm.nnm.aare{e%\

Jdatefiim_release_region I film_region, 3
" ¥ release_dat]
film film relgase | United Kingdom O

_deterdleme_date

type.object.type
fim_regional_release

date s “~{

m.07ssc <

-
-
-

-

film. filen_reglonal_release
date film _release_region

United States
of America
m.0Sc7w0

film. film_reglonal_release
date. release_date

film fllm_reglonal_release y

-
-

"
.



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) 27 313
MCCNN (our) 40.8 45.1




An End-to-End Model for Question Answering over Knowledge Base with
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Methods Avg F4 Methods Avg Fy
Bordes et al., 2014b  29.7 LSTM 38.2
Bordes et al., 20142 39.2 BiL5IM 39.1

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 404
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

w ----- type: /location/country
Er—— | relation: partially/containedby

answer context . context: /m/04dq9kf, /m/01mp...
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