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NLP Mainstream Since 1990s 5
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Courtesy of Prof. Church: “A Pendulum Swung Too Far” NLP37E

http://blog.sciencenet.cn/blog-362400-988692.html liweinlp.com



Two Basic Approaches to NLP =R

Complementary

Statistical » Good for document-level * Requires large annotation h h
Learning » High recall » Coarse-grained ratner t_ an
(based on keywords) Robust « Difficult to debug competing
» Easy to scale  Fail in short messages Hybrid: Best of
» Fast development * Only shallow NLP both worlds
(if data available) * No understanding
Balance and
Grammar » Good for sentence level » Requires deep skills configurability
Eng ineeri ng . Hf':mdles s-h-ort messages well e Requ!res scale up SkI||S. between pI'ECiSiOH
(based on » High precision » Requires robustness skills and recall
sentence structure) * Fine-grained insights » Moderate recall (coverage)
e Easy to debug » Parser development slow
e Parsing and understanding
NLP4iE

liweinlp.com



Outline: What Is Deep Parsing it
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Deep Parsing: Unstructured to Structures
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<presumptive>l <democratib <presidential>

endorse

I

Mod

presumptive democratic presidential nominee hillary clinton ::)

thursday>'

pprep Qresident barack 0bama>

Mod

fod od repmod

‘Mod

Qresidentb

nominee\l
— ——/

Qn a web video )

nobj
v

— . B
\‘a“web vude?/>

}d

e )

1. Input: President Barack Obama endorsed presumptive Democratic presidential nominee Hillary

Clinton in a web video Thursday .

NLP4E
liweinlp.com



Why parsing? Limited Patterns > 5

dvclausevy

ot AN <I7‘J> Coost

v dvclausevg

() Crmmen

v
i S
)
TR EREAET, REZEEMERI/NAE, MEETER, EXENEFEEEZRLITEE, BABEERLAE, LEFAJLER, BREANAE WFER, L8 T.

NLPiE
liweinlp.com



Subtree Pattern: Data to Intelligence — 77k

endorse

G ;
apr ¢ president barack ohama

S
nominee hillary clinton

'-"\

SVO Pattern:

Barack Obama (S)
Endorse (V)
Hillary Clinton (O)

Knowledge Graph

NLPSRIE
liweinlp.com



Deep Parsing: Unstructured to Structures ' = 57s

Conjs /X

Caamn) (7)) (2)
i CON: G%i\) CEDICOR
AdvClause/Adv }dv ' S Objv —EODJ }

() Gra) (oe) (xmm) C’%{ ° @i (ne) Coem)

j}vclausevg %%}\N

Camwrem > (@) Con) (1) () () () (&) <>
dv dvclausevyg
() Grmen>
v
&

HTHERRIANT, REZARATRIDER, MR TER, EXENFHREZMLIEE, BRRARETRRAE, LEFGRILER, EREANRRER, FCEMITAET.

NLP3R &
liweinlp.com



Subtree Pattern: Data to Intelligence * = 55

mlﬁ\

Adelauseﬁ\ ENS

Linear: Infinite number of
sentences

Inter-Clause Pattern:

EAR L TETE L

Structure: Limited patterns

mild sentiment

)”vr_*lausevq

Data = Intelligence

NLP31&
liweinlp.com



Outline: NLP Architectures
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NLP Architecture 1: Deep Parser as Core ' &~ 57k

Cascaded FSAs break through Chomsky’s hierarchy walls
Robust, linear, F-measure: scale up to big data

gL R AN R

NLP3E
liweinlp.com




Sample Deep Parse Tree (dependency) o i

dvclausevy AdvClause/ X
Crampem > (@n ) Com) (7))
dv dvclausevy

(e ) Crames
v
(F)
TR T, MEZEEMBEAIL/ RS, B ETER, EXENEHBREZRLITEE, BRBXITERREA, LEBEF A JLER, BREFANAE WER, TRt TTA8 T.

NLP31&
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Sample Deep Parse Tree (PS flavor)
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NLP Architecture 2: Information Extraction & 57
Including sentiment analysis (on subjective language)

ERME (/7 X)
nformation Extraction ( broad |

| 1
HER (F X

v
xtraction ( narrow )

|
TV A EY Wi HER
O-Event Extractior ‘ i

S-Event Extraction

_ RERGHXR

NLP3E
liweinlp.com



NLP Architecture 3: Text Mining
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BARIEHE (17X )
Data Mining (broad)

-

Q

XAIE 1
Text Mining

HIREH (BN )
i Data Mining (narrow)

®

RIGIZ

‘Sentiment Mining

i R 12 1
i[Scenario Mining

-

8 B HhER
Information
 Extraction

& B HEUE BRE
\‘_\ IE Storage Data Base

. —

Data Entry
f?I&EﬁA

NLP3iE
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NLP Architecture 4: Landing on Applications =

A

.3 L ]

NLP31&
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Sample Deep Parse Tree =
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NLP3IE
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Sample Deep Parse Tree
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Outline: NLP Applications s
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Sentiment Analysis =R

 SocClal media is dominated by short messages

o Statistical learning breaks in short messages: no sufficient data points

« Deep parsing enables linguistic analysis for best precision

» Deep parsing enables insights mining 2 magnitudes more efficient
 parsing-supported rule has power of about 100 ngram rules

* Deep learning is a great algorithm but still delinked from parsing
» Parsers trained by deep learning are all research systems
o difficult to adapt to real life text of social media (or other genres)
« knowledge bottleneck: domains where labeled data are insufficient
 Real life deep learning systems are mostly end-to-end, still no structures

NLP35IE
liweinlp.com



Sentiment Analysis: Bag of Words vs. Parsing =

KEYWORD CHALLENGE
The iIPhone has never been good.

The iIPhone has never been this good.

ASSOCIATION CHALLENGE

Another reason to switch from Visa to MasterCard
| prefer MasterCard over Visa.

MasterCard is way better than Visa.
CLASSIFICATION CHALLENGE

wonderful day Instant coffee tastes great. Dell laptop

doesn't boot MacBook. It [MacBook] easy to
use.

ERRISRENRIN 2t SHASS T RRBOBHUMRA-HEHARE Sonyimangyall tone positive (3 vs 1)

(1) Instant coffee / tastes great

(2) Dell Laptop / does not boot NLPSH&E
(3) Macbook / easy to use liweinlp.com



Deep Parsing Supports Deep Sentiments ' = 534

Sentiment analysis has different layers

1. sentiment classification: thumbs-up and down (or neutral)
2. sentiment association: to associate a sentiment with a topic or brand as its object

3. deep sentiment insights:
@ who has the sentiment?
i) how intense?
iy why?
(v)Evaluations, comparisons and contrasts;
v) heeds and wish-list;
(vi) positive/negative actions (e.g. adopt / abandon);
vijpurchase intent;
(vii)pros and cons

NLP3iE
Most learning systems stop at 1 and sometimes at 2. All 3 can be done via deep parsing. liweinlp.com



lllustration: Real-time Polls =

Presidential Debate — October 16, 2012

2012 ELECTION MOOD METER N

Challenges
Obama won the debate, see our evidence: Observed:

RiEBzhik . BATFMIEBshisMEE: =X 4F0,
HERFEEENEN £, BRSRREmTE RH economy

it ASHERBAMNFEMRAERAELTAETEE .
topic
HMEESHEFEFHSERWERE T —2MhEE—

F2LEABIAIE R (6:55pm)s Z 2Rt at 655pm’

ETa3385& (7:30pm) -

BARTHE, BERG..... AERE- China topic

| ® TagPhoto @ Add Location ¢ Edit | at 730pm

Like - Comment * Unfollow Post - Share

SENTIMENT

TIME (PST)

B somney [ cvama

NLP31&
liweinlp.com



lllustration: Stock Market Trends > TR

180

140
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100

80

60

40

20

0

1 ™ 0
WoW N

6/25/2013 8/14/2013 10/3/2013 11/22/2013 1/11/2014 3/2/2014 4/21/2014 6/10/2014 7/30/2014 9/18/2014

- 140

- 120

100

- 80

- 60

- 40

- 20

0

e HTC

- @ — Net Sentiment

Topic: HTC
Data 1: Stock Market Performance

Data 2: Chinese social media
(Weibo, Tianya, Facebook, Twitter...)

Time range: 2013/08 — 2014/08

Strong correlation observed

NLP31&
liweinlp.com



Big Data Mining: Who benefits? TR

For businesses: social listening
Consumer in:sights: sentiments and why
Brand image: trends
Competitive research: where do we stand

For consumers

Purchase decision
Personalized service

For government

Election campaign
Public opinions on policies and social topics

Others?

Hot topics or anywhere public opinions are involved NLP7,E
: liweinlp.com
Stock market trends correlation



For consumers: Purchase Decision T oRhs

Brand Passion Indexfor Washersin US Market

2

Love

Like

=  Dislike

NLP3iE
liweinlp.com

Brand Passion Index: Measuresbuzz (size of bubble), passion, and sentiment about topics asexpressed insocial media.



For consumers: Purchase Decision g =

Brand PassionIndexfor Two Types of Washers

Like Love

front gding

Dislike Hate
NLPSi&E

liweinlp.com




For consumers: Purchase Decision g =

Like

Brand Passion Index
Love~l
L&

= Dislike

NLP4iE
liweinlp.com



Intelligent Search and Chatbots =
Three types of Chatbots:

1. Domain knowledge QA: e.g. customer service;
2. Open domain knowledge QA: e.g. Who won Nobel Prize in 20157
3. Interactive chatting: e.g. just for fun (killing time);

In time, for comfort (senior people); for mental health counselling

Q: guestions are a subset of language, tractable
for decoding intent, asking point, and hidden slots

A 1 and 2 can be based on Knowledge Graph enabled by deep parser;
3 can be enabled by learning from human chats plus parsing

A mixture/convergence of 3 is possible NP3

liweinlp.com



Apply NLP to Verticals: Medicine Domain
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Treatments for condition

Causes of condition Complications of condition Pros & Cons of treatment

'fhypertension

< OR, TRY ONE OF THESE:

RESEARCH ° .

Treatments for hypertension heart attack fibromyalgis cancer back pain

Content Sources
Below is a summary of content
sources where we found answers.

m Authoritative mReliable  Unqualified

UsS NLM
Wikipedia
NewsRx
eMedicine
MedicineNet

MayoClinic.com

Capg

AHRQ
Yahoo! Health
catalog.niddk.nih.gov

NaturalNevs.com

Mayo Clinic
biospace.com
Health.com

Net Wellness
emaxhealth.com
WebMD
ohsu.edu
Cleveland Clinic
intute.ac.uk

FDA

Treatments for fibromyalgia (diffuse myofascial pain syndrome, muscular rheum...)
Found treatments from 863 documents

Drug & Medications for fibromyalgia Viewtop 5 10 20 Al

* *

Antidepressant (Tricyclic antidepressant, Antidepressant drug, Tricyclic, SSRI...)
Cymbalta (DULOXETINE, Duloxetine treatment)

Lyrica

Xyrem (Sodium oxybate)

Cyclobenzaprine

View more Drug & Medications

Treatments for fibromyalgia Viewtop 5 10 20 Al

* * * * *

Chiropractic treatment (Chiropractic)

Chronic pain treatment program

Fibromyalgia specific treatment program

Highly Successful Fibromyalgia Treatment Program
Meditation based intervention

View more Treatments

Food & Plants for fibromyalgia

+

Wild yam tea
Nutritional supplement

View Pros and Cons of Nutritional supplement

Records mentioning Nutritional supplement as Treatment for fibromyalgia

+ Some herbal and nutritional supplements (magnesium, S- adenosylmethionine)
and massage therapy have the best evidence for effectiveness with FM.

B Source: US Natl LIB of Medicine, February 2006

Some Big Data
Verticals:

1. News
. Social Media

N

. Medicine
. Legal

. Education
. Financing

o 01 bW

\l

. Multilingual

NLP3E
liweinlp.com



iTunesRAMP . ..o tasks words content oo ..y
datbase NI Learning Python OIS gocument
iTunes Video " “yory mining knowledge UNiversity  engineering
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networks speech recognition fext  sentiment analysis search
Web Programming Language Information Systems experience
Computer vision fools Computational Linguistics research
Data Mining Artificial Intelligence Empirical Methods
voice recognition Natural language understanding appreach

Siri Multiple formats MaChi ne Learm ng techniques

Natural Language Processing

Proceedings natural language processing technologies Pr'a;’::'«
big data used natural language processing Search Engine IBM
lnk Software Engineer gyanford Artificial intelligence data

w;caﬁmTeChHO'Ogg Language Processing online
NLTK faking Natural Language p'eeied® BePICSoRel B0 vp ter
fields Infernational Conference no longer be voed ~#Stanford

analyses Machine Translation :
topics Y Rx_f analytics Game theorg Co-mpgmoﬁs':':fnn;e
Semantic Web  development Computing 39!
information social media  Infroduction David Malan
Models sentence m:i ":ustomers WATSON solutions Web Site

S _
And we are hiring! NLPSFIE: g

. liweinlp.com ..
At Beijing & Silicon Valley WWW.Iinpkedin.com/in/ \ JIJ\/ i \

liweidnlp



