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Natural Language Processing (NLP)
- a quick overview
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What is NLP?

Fundamental goal: deep understand of human language
— Not just string processing or keyword matching!
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What is NLP?

« Simple: spelling
correction, text
categorization...

« Complex: speech i

recognition, machine
translation, dialog
interfaces, question
answering...

e Unknown: human-level

comprehension (is this
just NLP?)




Semantic Ambiguity

At last, a computer that understands you like your mother.

* Direct Meanings:
— |t understands you like your mother (does) [presumably well]

— |t understands (that) you like your mother
— It understands you like (it understands) your mother

« But there are other possibilities, e.g. mother could mean:

— a woman who has given birth to a chilad

— a stringy slimy substance consisting of yeast cells and bacteria; is
added to cider or wine to produce vinegar

« Context matters, e.g. what if previous sentence was:

— Wow, Amazon predicted that you would need to order a big
batch of new vinegar brewing ingredients. ©

[Example from L. Lee]



A phone that understands our questions

wil ATRY ¥ 300 PM wi.. TESCO = 17:01

¢ What's the best movie to What can | help you with?
see this weekend »
¢¢ You need to start

That would probably start an understanding me Siri 99

argument. But here's a hist of

highly -regarded movies: I'll make a note of that.
- R i ; ¢¢ Yeah you better make a
2w ‘ note of that 9
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Jeopardy! World Champion
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US Cities: Its largest
airport is named for a

World War Il hero: its
second largest, for a
World War Il battle.




Machine Translation (Japanese)
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prominent lower

12 stocks in Tokyo, ahead of sell orders from the
backlash of higher yesterday, with slightly lower
values. Nikkei ... ... ... (11:13) [Full article)
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New Prius

* Negotiation and integration of Japan
Sompo JapanMifito aggregate in three
large camps

Sompo Japan Insurance and it's five to start the negotiations for the merger o
NIPPONKOA Insurance Co., Ltd. No. 12,2007, minutes ... ... ... (10:33) [Full



Natural Language Processing (NLP)
- a quick overview
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Natural Language Processing (NLP)
- recent research (of our own) \/
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What text understanding
is really about?




—_Three Ditterent Layers of Reading
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Alexa Wilding

Alexa Wilding was one of the favourite
models of the Pre-Raphaeiite artist
Dante Gabriel Rossetti, featuring in
some of his finest paintings of the later
1860s and early 1870s. V\ipec

Born: United Kingdom
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dodging hedging framing in media
(Nguyen et al 2013) (Choi et al.2012) & po||t|ca| discourse

(Ganter and (Yano et al., 2010)
Strube, 200 (Recasens et al., 2013)
(Kilicoglu and
Bergler 2008) "Eunsol” Choi
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Soon a small party with a lantern dashed out into the howling
darkness where Blackie's memory suggested that 2 box of film
had been left during the rush to get settled for the winter. Work:
inglikewildmm to beat the cold, they dug a bole six feet deep
into the snow and finally located the missing box. o

The show, an okd Chaske Chunin TR0 P gy



authorship verification

authorship obfuscation

demographics: gender,
nationality, age, vocation

personality, psychological state:
happy, authoritative, depressed...

intellectual traits & development:
literary success
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From Language to the Mina

Is it even possible? (without full semantic understanding)
* Itis more about “HOW" it is said than "WHAT" is said.

"HOW" it is said
i.e., Writing Style

\hformathﬂ \ntent




From Language to the Mina

Is it even possible? (without full semantic understanding)
* Itis more about “HOW" it is said than "WHAT" is said.

« We --humans- also often rely on “overall impression”.

Computers at times can do better Ehan humans'

"HOW" it is said
i.e., Writing Style




What is “Writing Style” ?

Research Papers? New York Time Blog Post

N 11 r ' | L

“So how can you spot a -

difficult, but with some t¢  Research Paper (ACL, 2011)

signs:”

“To obtain a deeper understanding of the nature of
deceptive reviews, we examin  a | | -

potentially complementary fre ('/l]l‘ Nl‘ll' ﬂﬂl’k cies

—

“As online retailers increasingly depend on reviews as a sales
tool, an industry of fibbers and promoters has sprung up to
buy and sell raves for a pittance.”




What is “Writing Style” ?

Genre Categorization:
Petrenz and Webber, 2011; Finn et al., 2006; Argamon et al., 2003; Kessler et al., 1997

Authorship Attribution:
Holmes 1985, Raghavan et al., 2010; Koppel and Shler, 2004; Gamon, 2004;

"HOW" it is said
Many more i.e., Writing Style
possibilities...

Swanson and Charniak,
2012; Xu et al., 2012;
lyyer et al., 2014,
Hardisty ef al., 2010

mAlan Ritter




From Language to the Mina

Unconventional Case Studies:
Deceptive Reviews (ACL 2011)
II. Success of Novels (EMNLP 2013)

"HOW" it is said
i.e., Writing Style




Motivation

Online reviews
= shopping tool

Commercial impact

- potential target for
deceptive reviews

Portland Marriott Downtown n ...
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"My husband and | stayed at the James Chicago Hotel for
our anniversary. This place is fantastic! We knew as soon as
we arrived we made the right choice! The rooms are

BEAUTIFUL and the staff very attentive and wonderful! The
area of the hotel is great, since | love to shop | couldn’t ask
for more! We will definitely be back to Chicago and we will
for sure be back to the James Chicago.”

Deceptive or Truthful?



"My husband and | stayed at the James Chicago Hotel for
our anniversary. This place is fantastic! We knew as soon as

we arrived we made the right choice! The rooms are
BEAUTIFUL and the staff very attentive and wonderful! The

area of the hotel is great, since | love to shop | couldn’t ask
for more! We will definitely be back to Chicago and we will
for sure be back to the James Chicago.”

" have stayed at many hotels traveling for both business
and pleasure and | can honestly say that The James is tops.
The service at the hotel is first class. The rooms are modern
and very comfortable. The location is perfect within walking
distance to all of the great sights and restaurants. Highly
recommend to both business travellers and couples.”




Gathering Data

. Loboloniet 2

— Can't manually do this



Gathering Data

. Loboloxiet 2

— Can't manually do this

O Instead, create new reviews
— By hiring people to write fake positive reviews

— Amazon Mechanical Turk
* 20 hotels £
« 20 reviews / hotel maoi |
o Offer $1 / review \ “. ?‘& ‘é

e 400 reviews




How good are humans
in detecting deceptive reviews?

« 80 truthful and 80 deceptive reviews
« 3 undergraduate judges



Human Performance

=>» Aligns with previous studies in deception literature:
humans typically perform barely better than chance.
trained experts may perform at ~70%

Accuracy

Performed at chance

64 61.9 (p-value = 0.1)
62

60
58
56
54
52
50
48

Performed at chance

56.9 (p-value = 0.5)
53.1

Judge 1 Judge 2 Judge 3




How Well Can Computers Do?



95
90
85
80
75
70
65
60
55

Classifier Performance svm with sfold cv)

61.9

Best Human
Variant

=

Accuracy

Classifier:
Part-of-Speech

=

=» By analyzing *only* the
distribution of part-of-
speech (e.g., nouns,
verbs, adjectives), already
performs much better
than human judges!

Classifier:
Words



95
90
85
80
75
70
65
60
55

Classifier Performance svm with sfold cv)

61.9

Best Human
Variant

=

Accuracy

Classifier:
Part-of-Speech

=

39.8

Classifier:
Words

=

= No human
performs at this
level in deception
literature!



Data-driven Discovery of Insights
Into
Deceptive Writings



TRUTHFUL/INFORMATIVE

DECEPTIVE /IMAGINATIVE

Category Variant Weight Category Variant Weight
Singular 0.008 Base -0.057
NOUNS Plural 0.002 Past tense 0.041
Proper, singular | -0.041 Present participle | -0.089
Troper, plural 0.091 VERBS Singular, present | -0.031
General 0.002 Third person 0.026

ADJECTIVES | Comparative 0.058 singular, present '

“Superlative -0.164 [ "Modal -0.063
PREPOSITIONS | General 0.064 R— General 0.001
DETERMINERS | General 0.009 “Comparative -0.035
COORD. CONJ. | General 0.094 Personal -0.098
VERBS | Past participle | 0.053 FRONOUNS  Possessive -0.303
ADVERRBS Superlative -0.094 | PRE-DETERMINERS | General 0.017

Informative writing (left) --- nouns, adjectives, prepositions
Imaginative writing (right) --- verbs, adverbs, pronouns
Rayson et. al. (2001)




TRUTHFUL/INFORMATIVE DECEPTIVE /IMAGINATIVE

Category | Variant | Weight Category | Variant | - Weight |

Singular 0.008 Base -0.057

NOUNS Plural 0.002 Past tense 0.041

Proper, singular | -0.041 Present participle | -0.089

Proper, plural 0.091 VERBS Singular, present | -0.031

General 0.002 Third person 0.026

ADJECTIVES | Comparative 0.058 singular, present )

“Superlative -0.164 ‘Modal -0.063

PREPOSITIONS | General 0.064 R General 0.001

DETERMINERS | General 0.009 ‘ Comparative -0.035

COORD. CONJ. | General 0.094 2 Personal -0.098

VERBS Past pmtncrplc 0.053 AR Possessive -0.303

ADVERBS -0.094 | PRE-DETERMINERS ‘ 0.017

Truthful Reviews Deceptive Reviews

~~)
~~J)

")
~~J)

Informative Writing
(Journalism)

Imaginative Writing
(NVED




STRONG OECEPTIVE INDICATORS El] [\ N c\w ﬁ ork Eimﬁﬁ

A focus on who Grester use of Direct mention of

théy ware with first-parson singular where they stayed

In thes example, "My Fake renows tend o use  Moted and oty names were less
husband,” S50 words I” and "me” more oflen coOmman n Uil réviews, which
bke “famiy.” focus more on desails about the hotel

sl Mo “smal” or “bathroom.”

“My husband and | stayed in the [hotef mame] Chicago
and had a very nice stay! The rooms were kuge and
comdartable. The view of Lake Michigan from our room
was goegeows. Room service was really good and quick,
eating in the room looking at tlutvu.-w awesamel The
pocd waa really nice but we ot & chanoe to use .
Great loc.mon for all of the dowitonwn Chicago attractions

such as th:nh:nsand musanmg\‘ay frendhy staff and
knowledgable, you can't go wrolng staying heve.”
l

SLIGHT Mgh High verb use Use of “I'" and

DECEPTIVE adverb use "Gar, "go”. "usa”, positive emotion

INDICATORS “Very” and ‘cant’ “den't’, Decepave reviews fend
“realy” ane both "sating”, “had” 10 uss exdamation
used “lookang’, "stayed”, ports, whie truthiul
WAoa, “hara” is Was” (Tree tmes), fevews used More
used once. “‘were ” punctuabon of other

knds, inciuding *S8 ”



STRONG DECESTIVE INDICATORS Ehe New ork Eimes

A focus on who Grester use of Direct mention of

théry ware with first-parson singular where they stayed

In thes example, "My Fake renows tendiouse Mot and oty names were less
husband.” &s0 words I” and "mea” more oflen comman n Uil réviews, which

bke “famiy.” focus more on detalls about the hotel
l itsadf. Mke “smail” or “bathroom ”

andluda\uynwemy'ntmmmhg:and
comdartable. The view of Lake Michigan from our room
was goegeows. Room service was really good and quick,
eating in the room looking at that view, awesame! The




STRONG DECEPTIVE INDICATORS

A focus on who Grester use of

théry ware with first-porson singular
In ths example, "My Fake rernews tend to use
husband,” &0 words *I” and "me" more often
bhe “famiy.”

€he New ork Cimes

Direct mention of
where they stayed

Mol and oty names were less
comman N Uil réviews, which
focus more on details about the hotel
sl lke “small” or “bathroom *




comdartabde. The view of

€he New ork Cimes

PO OUr room

was goegeows. Room service was really good and quick,

eating in the room looking at that view, The
pocd nive but we a chanoe to use 1,
Gireat ion for all of the dowitown Chicago attractions
such as and musey frsendhy staff and
k .youcan’too::}gamyimhen.'
SLIGHT Magh High verb use Use of “I'" and
DECEPTIVE adverd use "G, "go”. "usa’", positive emotion
INDICATORS “Very” and ‘cant” “den't’, Decapaive reviews fend
“realy” ars both "sating”, "hag™ 10 uss exdamation
used X g, “stayed”, ports, whie truthiul
WAa, “hera” is “was” (Tree ), evEws Used More
used once. “were © punctuabon of other

kinds, inciuding *S ”



STRONG OECEPTIVE INDICATORS Ehe New Hork Times

A focus on who Grester use of Direct mention of

théry ware with first-parson singular where they stayed

In thes example, "My Fake renows tend iouse Mot and oty names were less

husband,” #50 words I and "me” mare oflen comman n ruindul réviews, which

bke “famiy.” focus more on detalls about the hotel
' itsadf. Mke “smail” or “bathroom ”

of Lake Michigan from our room
00 WS and quick,

“realy” ans both "eating”, “had”. 10 use exdamation
Lsed “looking”, “stayed”, ports, whie truthful
twWica, “here” is “was” (Pwes tmes), feviews USed More
used once. “were © punctuabon of other

kinds, inciuding *S ”



What happened after then (= 2011) ?



1. We built better detection models

@ Syntax Improves Deception Detection
(Feng et al., ACL 2012)
- 3 product review dataset

---1 essay dataset (Mihalcea and Strapparava (2009))

NP SBAR

DT NN S

| s

the moment NP V!

@ Natural V.S. Distorted Distributions of Opinions

(Feng et al., ICWSM 2012, best paper runner up)
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2. We excited other researchers

Al citations Finding deceptive opinion spam by any stretch of the imagination

. . Search within articles
185 citations . =

Case law Battling the intemet water army: Detection of hidden paid posters

C Chen, K Wu, V Srinivasan, X Zhang - Proceedings of the 2013 IEEE/ ..., 2013 - dLacm.org
\ i Abstract We initiate a systematic study to help distinguish a special group of onlne users,

called hidden paid posters, or termed” Internet water army”® in China, from the legitimate
ones. On the Inteenat, the paid posters represent a new type of online job opportunities. ...

&“‘;" Ctodby 35 Related articles Al 7versons Che Save

Since 2013 Spotting opinion spammers using behavioral footprints

Since 2010 A Mukherjee, A Kumar, B Liu, J Wang, M Hsu... - Proceedings of the 19th ..., 2013 - dl.acm.org

Cusinin rangs Abstract Opinionated social media such as product reviews are now widely used by

individuals and organizations for their decision making. However, due 1o the reason of peofit
2013 — 2014 of fame, pecple try to game the system by opinion spamming (eg, writing fake reviews) to ...
Ctedby 22 Related articles Al 3versions Cite Save

-F) Exploiting Burstiness in Reviews for Review Spammer Detection.

A Mukherjee, B Liu, M Hsu, M Castellancs, .. - ICWSM, 2013 - aaal.og

Sort by relovance iract Online peoduct reviews have become an important source of user opinions. Due 1o
profit or fame, imposters have been wring deceptive or fake reviews 10 promote andior to

Sort by date demote some target products or services. Such imposiers are called review spammers. In ..,
Ced by 19 Related articles Al Sversions Cie Save More

Search

7 inchud
i paents | olaus: Securing online content rating s
nclude A Molavi Kakhid, C Kiman-Silver. . - Proceedings of the 22nd ..., 2013 - dlacm.org
Chstions Abstract Online content ratings services allow users 1o find and share content ranging from
news artices (Digg) to videos (YouTube) to businesses (Yelp). Generally, these sites allow
& Create slert users o create accounts, declare friendships, upload and rate content, and locate new ..,
Credby 9 Related articles All 13versions Che Save

Social-benefit certification as a game

R Buckiey - Tourism Management, 2013 - Elseviar

Tourism ecocersécation programs persist and proliferate despite low market penetration and
apparent consumer indference, This has been viewed simply as an eary-adoption phase,
A two-decade historical analysis of development patterns for 17 programs, however, ...
Credby 6 Related articles All 6 versions Cite Sawve

(PoF] Opinion Fraud Detection in Online Reviews by Network Effects.

L Akogiu, R Chandy, C Faloutsos - ICWSM, 2013 - aaai.ong

Abstract User-generated online reviews can piay a significant role in the success of retai
products, hotels, restaurants, etc. However, review systems are often targeted by opinion



3. Been teatured by media outlets
(Highlights 2011-2014)

Q [ACL 2011] Finding Deceptive Opinion Spam by Any Stretch of the Imagination.

€l
I Ntk EPNEWS ogmbers

NEW YORK Q‘lmcg

Q [ICWSM 2012] Distributional Footprints of Deceptive Product Reviews.

Newsweek technology
INVESTOR Scom &THE DAILY BEAST oA dociud

Q [EMNLP 2013] Where Not to Eat? Improving Public Policy by Predicting Hygiene...




4. We hope NLP for Social Good

When our work was first published in 2011, no clear legal regulations
against fake reviews.

Not any more! New York law enforcement charged 19 firms $350,000
for facilitating fake reviews (Sep 2013).

— (not based on automatic detection)

theguardian

News US World Sports Comment Culture Business Mone;

m World news ) New York

Fake online reviews crackdown in New

York sees 19 companies fined

Attorney general set up a fake yoghurt shop in Brooklyn to
ensnare fake online review companies, fined a total of $350,000

Dominic Rushe in New York
Follow @dominicru Follow @guardian
theguardian.com, Monday 23 September 2013 14.42 EDT




Conclusion (Part | — Deception)

Learning to read the “intent” of the author, even a hidden
one.

Humans not good at this task.

Computers can at times perform better than humans, even
without full blown semantic understanding.

Data-driven discovery of insights to complement
hypothesis-driven research

Ganganath, Jurafsky, McFarland (EMNLP 2009)

=» computers predict flirtation intention better than
humans can, despite humans having access to vastly richer
information (visual features, gesture, etc.).



From Language to the Mina

Unconventional Case Studies:
|.  Deceptive Reviews (ACL 2011)
Success of Novels (EMNLP 2013)

"HOW" it is said
i.e., Writing Style
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Predicting the success of novels




Describing the Visual World
in Natural Lomguage




Task:
Learning to Describe Images in Natural Language

Two approaches:

!. ' BabyTalk Formulaic image description
¢ CVPR 2011
ll. "TreeTalk Expressive image description
€ TACL 2014 (in submission), ACL 2013, ACL 2012

How people write







“This picture shows one person,



“This picture shows one person, one grass,



“This picture shows one person, one grass, one chair,



“This picture shows one person, one grass, one chair, and one potted
plant.



“This picture shows one person, one grass, one chair, and one potted
plant. The person is near the green grass,



“This picture shows one person, one grass, one chair, and one potted
plant. The person is near the green grass, and in the chair.



“This picture shows one person, one grass, one chair, and one potted
plant. The person is near the green grass, and in the chair. The green
grass is by the chair, and near the potted plant.”



Methodology Overview

This is a photograph of one
person and one brown sofa and
one dog. The person is against
the brown sofa. And the dog is

near the person, and beside the
brown sofa.

<<null,person_b>,against,<brown,sofa_c>>

<<nu||,dog_a>,near,<@§ ﬁ’TaturaI
<<null,dog_a>,beside,<brown,sofa_c>>

OIUT\\, V) . 1 I . |an-guage deSClri tion
o) sofa redict Iapellng — viSion potentials

Extract Blaglsimegoaibagthed with text potentials

Input Imag




Conditional Random Fields (CRF)




Potential Functions for CRF &&

unary

potentials

relational
(binary &
ternary)

potentials

r

S—

e

S

v (object _1)
Y (attribute_i)

Y (preposition _ij)

Y (attribute _ 1 ,0bject _i)
yw(object _i,preposition _ij,object _ j)



Potential Functions for CRF

Practical challenge of relational potentials:
>
observing all possible combinations of variables unlikely
(limited corpus with detailed visual annotations)

y(object_i)

nary : : visual
potentials W(attrlbUte—l) potentials

W (preposition __ij)
relational textual

(binary & | Wy (attribute _i,object _{) | _potentials
ternary)
potentials

w (object _i, preposition _ij,object _ j)



Computer vs Human Generated Caption

"This picture shows one

person, one grass, one chair, and one
potted plant. The person is near the
green grass, and in the chair. The green
grass is by the chair, and near the potted
plant.”

Human (UIUC Pascal dataset):

A. A Lemonaide stand is manned by a
blonde child with a cookie.

B. A small child at a lemonade and
cookie stand on a city corner.

C. Young child behind lemonade stand
eating a cookie.




(1) formulaic, robotic and unnatural
(2) limited semantic expressiveness, especially, no verb except “be” verb

"This picture shows one

person, one grass, one chair, and one
potted plant. The person is near the
green grass, and in the chair. The green
grass is by the chair, and near the potted

Human (UIUC Pascal dataset):

A. A Lemonaide stand is manned by a
blonde child with a cookie.

B. A small child at a lemonade and
cookie stand on a city corner.

C. Young child behind lemonade stand
eating a cookie.
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Web Today: Increasingly Visual flickr
-- social media, news media, online shoppmg (Pmtere&




Task:
Learning to Describe Images in Natural Language

Two approaches:

|. "BabyTalk Formulaic image description
¢ CVPR 2011
ll. "TreeTalk Expressive image description
€ TACL 2014 (in submission), ACL 2013, ACL 2012

How people write




Operational Overview

Given a query image (& an object)

1,000,000 (image, caption)
»CD HarveSt tree branChes"/SB‘U Captioned Photo Dataset

(Ordonez et al. 2011)

@ Compose a new tree by combining tree branches



Description Generation

Object appearanc

NP: the dirty sheep

Object pose VP: meandered along a

desolate road

Scene appearance

PP: in the highlands of Scotland

Region
a_ﬁppearance PP: through frozen grass

relationship ¢

Example Composition: |the dirty sheep meandered along a
desolate road in the highlands of
Scotland through frozen grass




Input to Sentence Composition :=

Target Imag

ju. in the grass J—l in the countryside




Sentence Composition :=

1. Select a subset of harvested phrases
2. Decide the ordering of the selected phrases

in the grass
was staring at me
in the countryside

A cow
was staring at me ~

tathe 1.

in the countryside

in the grass J—l in the countryside




Sentence Composition :=

1. Select a subset of harvested phrases
2. Decide the ordering of the selected phrases

Tree Structure --- Probabilistic Context Free Grammars (PCFQG)

Obct (4P

NP P
/ \ V]‘3D VP
DT NN PP

l
) ' staring I‘N NP

l
A cow qf @ cow at  PRP
in the grass ! rr‘Ie
was staring at me
in the countryside Stuft (PP) Scene ¥1)

PP l PP
A cow -~ \NP -~ \NP
was staring at me I‘N RN NN
Hinthe-grass— in D\T N‘N i'n DT NN

. . | |
in the countryside the  grass 44 the  countryside




Sentence Composition :=

In the grass --- was staring at me --- a cow

staring I‘N 1\‘IP

the grass at PRP



Sentence Composition :=

In the grass --- was staring at me --- a cow

SINV
— — \ . global sentence
vE ~ NP structure
PP VP N
N — DT NN
NP VBD VP | |
a cCoOw
[ NN Wwas VJ\BG T
4 | l staring I‘N 1\‘IP
the grass at PRP

. local cohesion

/ > \ : g|oba| sentence
P

structure

N VP
N

| | VBD/ - VP PP
a o | VBG/ e — \NP
was | N IN - \
staring I‘N 1\‘11) l DT o
at PRP in | local clohesion
| the countryside



Sentence Composition :=

In the grass --- was staring at me --- a cow

_ - \ : global sentence
VP \
NP structure
/ _— \

PP \%
/ \
- \NP VBD VP D‘T N\N
- NN Was V]\sG — o
g ‘ ‘ staring I‘N 1\‘IP
the grass at PRP

Scene (PP)
e \
P IN IN
DT NN was V?G /PP_ ‘ - \ ‘ DT/ \
‘ ‘ staring IPJ NP in D‘T N‘N in ‘ N‘N
a cow at PI‘QP the grass i i the countryside




Sentence Composition as Constraint Optimization

RO ke Using Integer Linear Programming

VP ~_ Roth and Yih (2004), Clarke and Lapata (2006),
y Martins and Smith (2009), Woodsend and Lapata(2010)

PP
RN -
NP VBD e | |
VBG a cow
I bt aw W —
in | \ staring I\N 1\\IP
the grass I
at PRP . local cohesion
Qijk \
me

=> different from parsing because we must consider different
choices of subtree selection and re-ordering simultaneously
= finding the optimum selection+ordering = NP-hard (~= TSP)

S — M st (Pr) B Scene (PP) B

I EE—— P
/_
/NP VFD e l N/ \NP I N/ \NP
e vec _FP PN N
DT NN was VP — | |
N | P . DT NN . DT NN
l \ staring FJ N in \ l in l \
a cow at PIFP the grass el the countryside




Sentence Composition as Constraint Optimization
using Integer Linear Programming

k=0 k=1 k=2 k=3
PP VP N
e NP VBD VP DT NN
| — was VBG TP\ \ \
in D\T NlN staring IN NP a cow
the grass at  PRP
me

o, = 1 1ff  phrase 7 of type j selected
for position k& € [0, N)

decision variable:

N-1
objective function: F = E F,L-jxg Qijk
ij k=0

i th phrase from
Stuff(PP)-type

Object (NP) Content selection score ™ gL Scere (PP) g
N based on visual IN/ \NP IN/ \NP
recognition and matching RN | N
T | P ! DT NN ! DT NN
l \ staring P q in \ l in l \
a cow at PIFP the grass el the countryside




Sentence Composition as Constraint Optimization
using Integer Linear Programming

P P N
_— K /V ™~ P — K
N NP VBD VP DT NN
in D\T N\N staring IPI NP a cow
at PRP .
the grass R - local cohesion
me

. . .= 1 1ff ph , of  sel
decision variable: 7k i phvase o GLiype j scleced ~ ACL 2012 system

for position k£ € [0, N)

Qjkpgk+1) = 1 I ik = apgr+1) =1

N-1 N—2
objective function: F = ZFZ'J' X Z Qjjk +ZF?39'PQ X Z O R ()
ij k=0 1jpq k=0
: ' : a )
Object (NP) Content selection score Language model score for Go \/816
\ i 2 .
SERIEe GIVIELE] local linguistic cohesion Web 1-T

recognition and matching

T 0
| \ staring IP NP in U\l N‘N
at P]‘QP

a cow the grass

l

the countryside

u“ \_ I|)ataset y

moe 1




Sentence Composition as Constraint Optimization
using Integer Linear Programming

/PP\ VP N{

P
NP VBD VP DT
IN
in D\T N\N staring IN NP a cow
at PRP .
the grass R - local cohesion

o, = 1 1ff  phrase 7 of type j selected
for position k& € [0, N)

decision variable:

aijkpq(k—I—l) =1 iff aijk = Oz q(k+1) =1

objective function: F = ZFLJ X Z Olijk +ZF1JP(, X Z Qi jkpq(k+1)

=0 1Jpq

, ’ ' r
Object (NP) Content selection score ™ Language model score for Go /gle
N based on visual

% : local linguistic cohesion Web 1-T
recognition and matching

lT \ staring IP wP N ININ iL Dataset A
\-H at PllQP H.IJ \ l u_IJ l

d cow the grass the countryside

moe 1




global
sentence
structure:

i LININ Y COW

in | | staring ' N ‘1
W_
me

decision variable: ik = 1 iff phrase 7 of type 7 selected
for position k£ € [0, N)

Qijkpgk+1) = 1 U i = apgr+1) =1

objective function: F' = ZFW X Z Olijk +ZFWQ X Z O3 ki (1)

1jpq

Object (NP) Google W
Weh 1-T



global
sentence
structure:

w the countryside
me

a1 = 1 1ff phrase i of type j selected
for position k£ € [0, N)

decision variable:

Qijkpgk+1) = 1 U i = apgr+1) =1

N-1 N—2
objective function: F©' = ZF"'J' X Z Qijk +ZFiqu X Z Qijkpq(k+1)
ij k=0 k=0

1Jpq

Object (NP) GOOS[C W
\WWeh 1-T



global
sentence

structure:

: VP> VP NP

in_ | A staring
the grass at PRP the countryside

a;jr, = 1 iff phrase i of ty

decision variable: for position k

Qijkpg(k+1) = 1 1t g =

Bijs =1 1iff cell i of the matrix is assigned
with PCFG tag s

: Qigk J—1
Bijer =1 Ut Bijn = Bk
i = B D)) T
— 5(k+1)jq =1 ij _k=ireR
N-—1 N—2
objective function: F = ZFij X Z Qijk +ZFiqu X Z Qijkpq(k+1)
ij k=0 1jpq k=0

Object (NP) GOOS[C
\WWeh 1-T

|



as Constraint Optimization
using Integer Linear Programming

Sentence Composition

Consistency between g
sequence variables ------ Qi jk B = ZFU X Z Qijk
& tree leaf variables ----- Bije =
(Content selection ~ Visual Rec)

Vijk, Oijk < Z Brks

€SI ‘s ZFqu X Z Qijkpq(k+1)
vk:a Z Qi = Z Bk:k:s 1Jpq

s€S (Sequential cohesion ~ Lang Model)

Valid PCFG parse tree

=l
Vij,Zﬁz:jsél +S:S:$:Frxﬁijkr

ij k=ireR

s€S Ry,={r€R:r=h— pq}

(Tree structure ~ PCFG Model)

1 J>1,h /BI]}T § E ﬁz;kr
k=i r€R), Decision variable:
N-1

\V/k:e[l,N),ZBkzks < Z Zﬁom Qi jk Qijkpg(k+1)  (Sequential)

sesS t=k s€S

.. Bijs Tree structure
Vi] Z’Y’zijk <1 szkr ( )
k



P

L

Machine Caption VS Human Caption

(forced choice w/ Amazon Mechanical Turk)
> Final system (seq + tree + pruning):  24% win

0.21

0.2
0.19
0.18
0.17
0.16
0.15 -
0.14 -

Sequence Seq + Tree Seq + Pruning Seq + Tree +

Pruning
~ ACL 2012 system b
TACL 2014 system




Good Examples

correct choice of
an action verb

-
- .
) Highly
\"".\ Interesting expressive!
r,\q‘;..l choice of
Y‘\, an abstract
' 'l' verb!

ot

OWers are running
rampant in my garden.

This window depicts the church.



Mini Turing Test: our system wins in ~ 24 % cases!

9 Spring in a white dress.

. Blue flowers have no scent. Small white
B flowers have no idea what they are.

Almost poetic, situationally relevant

Scenes around the lake on my bike ride.

= This horse walking along the road as
L we drove by.

Maybe the most common bird in the
neighborhood, not just the most common
water fowl in the neighborhood!

?

The duck was having a feast.




Examples with Mistakes

The couch is definitely bigger Yellow ball suspended in water.

Incorrect Object
Recognition

Incorrect Scene %

Matching AN W o Incorrect
: : %< .l Composition

A high chairin

My cat laying in my duffel bag. the trees.




Examples with Mistakes

A cat looking for a home.
The other cats are making
the computer room. 299

The castle known for being
the home of Hamlet in the

" .‘.‘ e ~ Shakespeare play.




B My PhD

B Other PhD

B MS

" Undergrad

B Professor

= Industry
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Natural Language Processing
Artificial Intelligence
Machine Learning
Computer Vision

(algorithms
+ statistics
+ probabilities
+ programming
+...)



Question?




From Language to the Mina

Unconventional Case Studies:
|.  Deceptive Reviews (ACL 2011)
Success of Novels (EMNLP 2013)

"HOW" it is said
i.e., Writing Style
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Predicting the success of novels




Publishers do make mistakes

Rejected ~12 times
before publication.

dil'i HARRY POTTERIAND THI

Paul Harding PHILOSOPHER'S

STONE

. K. ROWLING

1)

Paul Harding's “Tinkers
that won 2010 Pulitzer
Prize for Fiction was
rejected couple times
before publication.




Can Computers Predict
the Success of Novels
without Really Reading the Book?

* based only on writing style
* stylistic correlates of successful novels?




How to
define success



How to
quantify success



Popularity v.s. Literary Quality

ownloads

last 7 days
last 30 days
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Dataset

* Project Gutenberg
— free ebooks.

— Title, author, genre, download count.

* 50 books per class, 8 genres.

More ' Less
successful ‘, successful

Al

——

III..I1IIII




Dataset

Project Gutenberg
— offers over 40,000 free ebooks.

— Title, author, genre, download count.
50 books per class, 8 genres.
<=2 books per author.

Autharship attribution




Prediction:
(based on best performing features, 5-fold CV with SVM)

Accuracy (%)

84 82
77 78

75 75 76
I I 61 I I I
<>'

Average accuracy: 77.2%



his is Surprising Because...

« Not considering any other influencing factor, not actually
understanding the story, only looking at writing styles

« Different writers have wildly different writing styles. Should
there even be stylistic commonalities shared by those

different individuals?

« Testing : only the books by previously unseen authors (who
presumably have his/her own unique writing style)



Secret Elements
in Successful Novels

(only as correlates, not to be confused as causality)



Distribution of Tree (PCFG) Components

NP PP VP CONJP QP UCP WHADIJP
- Adventure
“ Mystery
™ Fiction
I H " History
| S
" Love
I Poetry
Sci-Fi
FRAG INTJ WHNP  WHPP

Story




Ll L.

VP | CONJP QP UCP  WHADJP

= Adventure
“ Mystery

“ Fiction

" History

| S
" Love

Poetry
Sci-Fi

|
i

FRAG INTJ
Story




NP

Distribu

L.

PP

tion of Tree (PCFG) Com

FRAG

L

o

ponents

Jul dd

CONJP

QP UCP

et

| S

WHNP | WHPP

=

= Adventure
“ Mystery

“ Fiction

" History

" Love
Poetry
Sci-Fi
Story



Readability & Literary Success

Easier to Read |
More Successful

e
¢’?

Harder to Read | Less Successful




Readability & Hiterary-Sueecess
Success in Academic
Journals (best paper awards)

Easier to Read
AsIer 1o Rea éi]‘ More Successful

7

Harder to Read < H! Less Successful

Sawyer et al (2008) @ Journal of Marketing



Readability & Literary Success

Easier to Read |
More Successful

e
¢’?

Harder to Read | Less Successful




Readability & Literary Success

Easier to Read
More Successful

L ess Successful

Harder to Read

1. Increased use of VP= better readability (Pitler and Nenkova (2008)

2. Readability METRIC More Successful Less Successful

Indices: FOG index 9.88 9.80
Flesch index 87.48 87.64




|n5|9hts ”TtO I_eX|Ca| ChO|CeS (w.r.t. Adventure Genre)

\'\C"\&

+Q

Less successful:  © tellingl

More successful:

verbs that are explicitly descriptive of actions and emotions:
want, went, took, promise, cry, shout, jump, glare, urge

extreme words: never, very, breathless, absolutely, perfectly

cliche: love (desires, affair), body parts (face, arms, skin),
obvious locations (beach, room, boat, avenue)

X
NS
«©

"

- except for “think”,
which is a more direct
and general word

showing .
verbs that describe thought-processing: -~
recognized, remembered

verbs for reports or quotes: said

prepositions: up, into, out, after, in, within

discourse connectives: and, which, though, that, as, after



From Language to the Mina

Unconventional Case Studies:

.  Deceptive Reviews
(ACL 2011) "

II. Success of Novels \
(EMNLP 2013)
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Research Outlook

Many more surprising and impactful applications
--- yet to be discovered, formulated, and explored!

.

Computers may at times perform better than humans.
NLP for Digital Humanities (... and for Humanities)
--- Data-driven discovery of insights vs. hypothesis-driven

“"HOW" it is said
i.e., Writing Style
Va NA__

\m‘ormation ntent |dentity)
sHAT: — e | W




