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NCZW VUSX PNYM INHZ XMQX
SFWX WLKJ AHSH NMCO CCAK
UQPM KCSM HKSE INJU SBLK
IOSX CKUB HMLL XCSJ USRR
DVKO HULX WCCB GVLI YXEO
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FGYU JOQUK GRTV UKAM EURB
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OLBG MGVA TMKF NWZX FFII
YXUT IHWM DHXI FZEQ VKDV
MQSW BOND YOZF TIWM JHXH
YRPA CZUG RREM VPAN WXGT
KTHN RLVH KZPG MNMV SECV
CKHO INPL HHPV PXKM BHOK
CCPD PEVX VVHO ZZQB IYIE
OUSE ZNHJ KWHY DAGT XDJD
JKJP KCSD SUZT QCXJ DVLP
AMGQ KKSH PHVK SVPC BUWZ
FIZP FUUP YKRB MGVA VA

VONV ONJL OOKS JHFF TTTE
INSE INSD REIZ WOYY QNNS
NEUN INHA LTXX BEIA NGRI
FFUN TERW ASSE RGED RUEC
KTYW ABOS XLET ZTER GEGN
ERST ANDN ULAC HTDR EINU
LUHR MARQ UANT ONJO TANE
UNAC HTSE YHSD REIY ZWOZ
WONU LGRA DYAC HTSM YSTO
SSEN ACHX EKNS VIER MBFA
ELLT YNNN NNNO OOVI ER
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JOFZP RCSVM PVHYZ BNITI LJUNM QHLHK AKLBS TOBSL ZNEDD
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What IS
Unstructured data?




Route Period

Central Med 20
East Borders 201

East Med Land 20
East Med Sea 20

West African 201

West Balkans 20

West Med 201

10-201
0-201
10-201
10-201
0-201
10-201
0-201

Ct Ot Ot Ot Ot Ot Ot

Ref crossing Total in EUR 2014

285,700
5,217
108,089
61,922
1,040
74,347
20,487

3.643.000,000
72,000,000
1,751,000,000
1,053,000,000
4,000,000
1,589,000,000
251,000,000

Structured data




Emails
Tweets
Comments
Reviews
Transcripts
Written notes

SMS messages

WiIkI articles
Blogs

Academic papers
Presentations
Reports

Diary entries

Webpages

News articles
Health records
Police reports
Chat messages
Forum posts
Books

Interviews



10%

90%

of an organizationOs data is
unstructured*

*Sources: McKinsey, IDC
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Case study 1
Traller sentiment
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How do we get richer insight?



Sexhaie 11 months ago

This look like it had potential to be like a superhero dramedy, or like a show that's
like a parody of other marvel shows but also have a serious story or plot.
But looks like it's trying to be a marvel version of game of thrones.

s 641 & REPLY

View 11 replies v

Arman Taghehchian 1 year ago
Honestly this wouldve been better off animated

s 11K & REPLY

View 17 replies v

RoadSamurai 1 year ago
Even for tv, it looks cheap

s 228 &  REPLY

View 5 replies v

Oliver Clothesoff 1 year ago
Instead of wasting the budget on IMAX cameras, use the budget for the CGl instead

i 392 &  REPLY

View 3 replies v

pyrosdestiny 11 months ago
The guy who made iron first made this. Makes sense.

s 100 &  REPLY

View 2 replies v

WUS POPPIN JIMBO 1 year ago
It looks like they bought their costumes from Party City

s 773 &'  REPLY

View 11 replies v

best joker 1 year ago
Nobody asked for this, Marvel.

e 779 ®'  REPLY

View 16 replies v

chef_mantis 1 year ago
Tony Stark: Don't do anything stupid.

abc: Come on! What's the worst that could happen?

Read more

e 23 @' REPLY

ARYAN OF BUL 11 months ago
And that's why aliens are not talking to us.

e 141§ REPLY

Christopher Gibbs 1 year ago
fan made?

e 435 &  REPLY

View 7 replies v

Gagdet View 10 months ago
My reaction when | saw this trailer 1:11

s 282 &' REPLY

View 3 replies v

karma delivery 1 year ago

How in 2017 does the shit look so cheap and cheesy? | felt like | was 10 again

watching an episode of Xena warrior princess

g 1.3K & REPLY

View 40 replies v

"\o s’

2

kalaikamalu 71 months ago
1:39 - I'm sorry, did anyone else hear that odd out of place punch sound.

e 27 & REPLY
View 2 replies v

Smokey Badd 11 months ago (edited)
The best part is 1:57

s 68 &  REPLY

View 2 replies v

beatniece 10 months ago
what was the budget on this? a six pack of beer and some dry donuts?

s 16 &'  REPLY

Brandon Perry 1 year ago

Haha those sound effects are something else. Plus they arnt even synced up right.
At least its on ABC.

s 46 &  REPLY

James Gsh 1 year ago
Marvel you forgot the "fan made" in the title

s 1.2 &  REPLY

View 3 replies v

Ferox 1 year ago
why does that look so god damn cheap

e 32 § REPLY

View 3 replies v

Marvellizor 99 3 months ago
"An Astonishing New Saga"

cancelled after one season






2%

o Sexhaie 11 months ago

This look like it had potential to be like a superhero dramedy, or like a show that's
like a parody of other marvel shows but also have a serious story or plot.
But looks like it's trying to be a marvel version of game of thrones.

s 641 & REPLY

View 11 replies v

® 85%

Ols it negative?0



2%

® 85%

Ols it negative?0



Positive |, negative , neutral



Sexhaie 11 months ago

This look like it had potential to be like a superhero dramedy, or like a show that's
like a parody of other marvel shows but also have a serious story or plot.
But looks like it's trying to be a marvel version of game of thrones.

s 641 & REPLY

View 11 replies v

karma delivery 1 year ago

How in 2017 does the shit look so cheap and cheesy? | felt like | was 10 again
watching an episode of Xena warrior princess

g 1.3K @ REPLY

View 40 replies v






Sentiment score






| d |
unlikeable B : explosions
Medusa - Iwan Rheon Joey
budget E
dialo orgons
J Quake .
story cheesy Kamala Khan
silly villains
el ects choreography
cheap CGl villainy
comedic

(Based on TF-IDF on top and bottom quartile w.r.t sentiment)



Trailer 2: more explosions, 1ess dialogue






Case study 2
Customer demographics



Business (Acme Inc.)



Business (Acme Inc.) EXxisting customers









lgnoring proPble pic,
name, can we guess
age & gender?



(Plagiarism Analysis, Authorship Identibcation, and Near-Duplicate Detection)



82%

Gender



382% 2%

Gender Gender & Age

18-24, 25-34, 35-49,
50-64, 65+



85%

Ols the author male?0O



Business (Acme Inc.) EXxisting customers



Business (Acme Inc.) EXxisting customers









Case study 2
Key takeaway: Post-hoc analysis



Case study 2
Key takeaway: Post-hoc analysis



Case study 3
Statin decline study

1t # $



18 million




H

18 million 200 million

1/3  1/35

(1/10 in UK)







Hospital name Statin decline rate

Cedars Sinal 3.1%

Massachusets GeneralHosptal | v
atr Ree Nadoral Mikay Medca Center | .
o YokD Prsiianbosptal | zaw
The Academy and Colego ot Picephia. | nes

The Pennsylvania Hospital 8.6%



Hospital name Statin decline rate

Cedars Sinal 3.1%

Vassacrusets Generatbosptal | e
atr Ree Nadoral Mikay Medca Center | .
o YokD Prsiianbosptal | zaw
The Academy and Colego of Phiacephia. | .

The Pennsylvania Hospital 8.6%



decline rate

Hospital name

The Pennsylvania Hoo ital 8.6%






85%

OWere statins recommended
but declined?0O



H %

~90% accuracy 8,800 patients

(precision/recall) evaluated



Case study 3
Key takeaway: cheaper/easier

1t # $



Disadvantages Advantages



Disadvantages Advantages
Soft rules
Noisy

Unclear result



Disadvantages Advantages
Soft rules Richer/deeper
Noisy Post hoc

Unclear result Cheaper/easier



Agenda

Types of language models



NLTK Scikit Learn

Natural language toolkit



NLTK Scikit Learn

Natural language toolkit

~ (Has prebaked
#"" models)



Count based
AKA statistical

1980, 1990s!
Very fast!

Decent performance (when
tuned)



Count based Continuous space

AKA statistical AKA neural, neuroprobabillistic

1980, 1990s! 2000s, 2010s

Very fast! Slower, more expensive

Typically used with neural nets
Decent performance (when ypiealy

tuned) State-of-the-art performance



Count-based

1. Bag of words



Bag of words



SMS Spam Collection
Data Set

University of Sao Carlos

~5,500 SMS messages,
categorized into ham and spam



Preliminaries:!

WeOll need a train and test
set (corpus).!

80-20 split I1s Pne.



1. Clean

2. Tokenize

3. Remove stopwords

4. Stem

5. Bulld frequency matrix

6. Classify



1. clean URGENT! Your Mobile No 07808726822 was awarded a
L.2,000 Bonus Caller Prize on 02/09/03! This Is our 2nd
attempt to contact YOU! Call 0871-872-9758 BOX95QU |



1. clean

URGENT Your Mobile No was awarded a
L Bonus Caller Prize on This Is our 2nd
attempt to contact YOU ! Call BOX95QU!

urgent your mobile no was awarded a | bonus caller

prize on this Is our nd attempt to contact you call box gu



1. clean

URGENT' Your Mobile No was awarded a
L Bonus Caller Prize on This Is our 2nd
attempt to contact YOU ! Call BOX95QU!

urgent your mobile no was awarded a | bonus caller

prize on this Is our nd attempt to contact you call box gu

message =re. sub( '["A-Za-z| , message)

message = message. lower()



2. tokenize

urgent your mobile no was awarded a | bonus caller

prize on this Is our nd attempt to contact you call box gu

la, attempt, awarded, bonus, box, call, caller, contact, Is,
|, mobile, nd, no, on, our, prize, qu, this, to, urgent, was,

you, your]



2. tokenize

Simple:

tokens = message. splt( ' )

Robust:

from nltk.tokenize Import word_tokenize

tokens = word tokenize(message)



3. stopwords

[a, attempt, awarded, bonus, box, call, caller, contact, is, |, mobile, nd,

no, on, our, prize, qu, this, to, urgent, was, you, your}

[attempt, awarded, bonus, box, call, caller, contact, |, mobile, nd,

prize, qu, urgent]



3. stopwords

from nltk.corpus Import stopwords

tokens =t for t In tokens If not t In stopwords]



4. stemming

win
winner
winners
won
winning

winnings



4. stemming

win

winner

winners — win
won

winning

winnings



4. stemming

from nltk.stem.porter Import PorterStemmer
stemmer = PorterStemmer()
tokens = |[stemmer. stem(t) for t In tokens]

[attempt, award ed, bonus, box, call, caller, contact, |, mobil e, nd,

prize, qu, urgent]



5. matrix



5. matrix

from sklearn.feature extraction.text Import CountVectorizer

count_vector = CountVectorizer()

count_vector. fit(messages)



5. matrix

count_vector. get feature _names()



5. matrix

train = count_vector. transform(messages) . toarray()



6. classify

from sklearn.nalve bayes iImport  MultinomialNB

naive bayes = MultinomialNB()

naive bayes. fit(train, y train)



6. classify

from sklearn.nalve bayes iImport  MultinomialNB

naive bayes = MultinomialNB()

naive bayes. fit(train, y train)

naive bayes. predict(test)



90%+ accuracy

(Precision and recall)



Next week Is crazy & on holiday until
Wednesday. Are you free at 17

Free holiday, o! er on until next
Wednesday! Are you crazy?? 1 WEEK
HOLIDAY IS FREE!



Next week Is crazy & on holiday until
Wednesday. Are you free at 17

Free holiday , o! er on until next
Wednesday! Are you crazy ??1 WEEK
HOLIDAY IS FREER



# 3

OstatinO

\ ~ OpatientO
OnotO

OsorenessO



Count-based

2. nbgram



Next week is crazy & Congratulations youOve
on holiday until Wednesday. won a free holiday , 0" er

Are you free at 1? on until next Wednesday!



Next week is crazy & Congratulations youOve

on holiday until Wednesday. won a free holiday , 0" er

on until next \M&sinesday!

Is holiday spammy |

or not spammy?



Next week is crazy & Congratulations youOve

on holiday until Wednesday. won a free holiday , 0" er

on until next \M&sinesday!

Is holiday spammy |

Or not spammy,
given the context?



Next week is crazy & Congratulations youOve
on holiday until Wednesday. won a free holiday , 0" er

Are you free at 1? on until next Wednesday!



Next week is crazy & Congratulations youOve
on holiday until Wednesday. won a free holiday , 0" er

Are you free at 1? on until next Wednesday!

Expensive to compute



Next week is crazy & Congratulations youOve
on holiday until Wednesday. won a free holiday , 0" er

Are you free at 1? on until next Wednesday!

Expensive to compute |

Prone to overbtting



Next week is crazy & Congratulations youOve
on holiday until Wednesday. won a free holiday , 0" er

Are you free at 1? on until next Wednesday!

Instead consider limited context |
Previous n words



|
an

unig ralll (bag of words)

bigram

trigram

4-gram

won a free holiday , 0"

won a free holiday , 0"

won a free holiday , 0"

won a free holiday , 0"

er

el

er

er



| am Sam
Sam | am
| do not like green eggs and ham

| am Sam | do



Preprocessing

1. Clean
2. Tokenize
3. Remove stopwords

4. Stem



Preprocessing

1. Clean

2. Tokenize

3. Remeove-stopweords—

4. Stem



| am sam
sam | am
| do not like green egg and ham

| am sam 1 do



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE
ram sami1do

how many times OamO follows OiO

P1 =

how many times OiO appears



TOY TRAINING CORPUS

am sam
sam | am
' do not like green egg and ham

TOY TEST SENTENCE
ram sami1do

how many times OamO follows OIO

P1 = .



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE
ram sami1do



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE
| am sam 1 do



| am sam
sam | am
| do not like green egg and ham

| am sam 1 do

2 1 1 1
P1 = 3,p2— 2,|O3— 2,p4— 3



| am sam
sam | am
| do not like green egg and ham

| am sam 1 do

P! P! P! opg T 0.0



| am sam
sam | am
| do not like green egg and ham

lam sam il am sami do

P! P! P! Pyl Ps! ps! Py 0.009



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham
ODiscriminatesO against

TOY TEST SENTENCE
long sentences

lam sam il am sami do



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE Small numbers,

i am sam i am sam i do pain to work with

o ! B! ps! py! ps! pg! pyt 0.009



1. Take the nth root to normalize long and short sentences



1. Take the nth root to normalize long and short sentences!

2. Take the reciprocal to avoid small numbers



1. Take the nth root to normalize long and short sentences!

2. Take the reciprocal to avoid small numbers

Perplexity Lower is ObetterO



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE ~Unrealistically low.
f  Expect30-150in
' real life on test set

| am sam 1 do



Perplexity

We can think of perplexity as OsurpriseO. We want to minimize
perplexity (on our training & test set)!

Can use for classibcation (e.g. the SMS Is spam If the
perplexity of the spam model is < 100)



One more detail | skipped:



| am sam
sam | am
| do not like green egg and ham

| am sam 1 do



<start>1 am sam <end>
<start> sam | am <end>
<start> | do not like green egg and ham <end>

<start>1am sam | do <end>



TOY TRAINING CORPUS

OlO starts "Bk —start> i am sam <end>
sentence 2/3 <start> sam 1 am <end>
of time

Wy <start> 1 do not like green egg and ham <end>

TOY TEST SENTENCE
<start> 1 am sam | do <end>

-2
P1 2



This is Oall we needO, but thereOs a big problemE



| am sam
sam | am
| do not like green egg and ham

| like green egg and ham



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE
| lilke green egg and ham

how many times OlikeO follows OiO

P1 =

how many times OiO appears



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE
| lilke green egg and ham

how many times OlikeO follows OiO

P1 =

how many times OiO appears



am sam
sam | am
do not like green egg and ham

ke green egg and ham



| am sam
sam | am
| do not like green egg and ham

| like green egg and ham

1

II#
/P! E



TOY TRAINING CORPUS

| am sam
sam | am
| do not like green egg and ham

TOY TEST SENTENCE
| like green egg and ham

1

II#
/P! E

OlmpossibleO




Does this happen on larger data sets?



Train Test

(Except Romeo & Juliet)



But thou art not quickly moved to strike

P Romeo and Juliet, Act 1 Scene 1

(I didnCGt worry about
stemming for this example)



But thou art not quickly moved to strike

but thou - 59

(\7/ 09 | E) $1
5830



But thou art not quickly moved to strike

but thou - 59 thou art - 449

(\7/ 59449 T
5830 6327



But thou art not quickly moved to strike

but thou - 59 thou art - 449 art not - 53

59 449 53 |
( | | | E) $1
5830 6327 3812



But thou art not quickly moved to strike

but thou - 59 thouart-449  artnot-53  not quickly - 4

50 449 53 4
y | | | | E) 1
5830 6327 3812 9507



But thou art not to strike

but thou - 59 thouart-449  artnot-53  not quickly -4
quickly moved - O

\7/ 50 449 53 4 o
( | | | I 0! E)
5830 6327 3812 9507



But thou art not to strike

but thou - 59 thouart-449  artnot-53  not quickly -4
quickly moved - O

\7/ 50 449 53 4 o
( | | | I 0! E)
5830 6327 3812 9507

(Multiplying by zero ' )



But thou art not quickly moved to strike

but thou - 59 thouart-449  artnot-53  not quickly - 4
guiekhy-moved—o0 moved to - 5 to strike - 15

| | | | — )*1 =60
5830 6327 3812 9507 93 163

(\6/59|449|53| 4 5 15



But thou art not quickly moved to strike

but thou - 59 thouart-449  artnot-53  not quickly - 4
guiekhy-moved—o0 moved to - 5 to strike - 15

| | )$1:60

(\6/59|449|53| 4 5 15
5830 6327 3812 9507 93 163

(We generally expect perplexity of 30 - 150 on tes { set)



But thou art not quickly moved to strike

but thou - 59 thouart-449  artnot-53  not quickly - 4

quickly moved - O moved to - 5 to strike - 15

| | | | 0! — | )$l= #
5830 6327 3812 9507 93 163

(\7/ 59 | 449I 53 4 5 15



The solution Is smoothing which Is all about

preventing the probabillities crashing to O



Smoothi ng Laplacian/additive Witten-Bell

Good-Turing Church-Gale
Katz Bayesian
Jelinek-Mercer Kneser-Ney

Lidstone Absolute discounting



Smoothi ng Laplacian/additive Witten-Bell

Good-Turing Church-Gale
Katz Bayesian
Jelinek-Mercer Kneser-Ney

Lidstone Absolute discounting



But thou art not to strike

but thou - 59 thouart-449  artnot-53  not quickly -4
quickly moved - O

\7/ 50 449 53 4 o
( | | | I 0! E)
5830 6327 3812 9507



quickly

<end> 13
and 4
dream 1
go 2
have 2
make 2
send 1
should 2
the 2

to 3

will 2
yield 1

al

apandon O

abandoned O

abase 0
abashed O

apbate O

abated 0
abatement 0O
abates 0
abbess 0

abbey O

abbeys O

youths O
zeal 0

zeales 0O

zealous 0
zenith O
zephires O
zir 0
zodiac 0
zone O

zounds 0O



quickly

68 more

28000 more, includingOmovedO

<end> 13 a0

and 4 abandon 0O youths 0
dream 1 abandoned 0O _eal O

go 2 abase 0 Jeales 0
have 2 abashed O Lealous 0
make 2 abate O Lenith O
send 1 abated O zephires 0
should 2 abatement O Jir O

the 2 abates O Jodiac 0
to 3 abbess 0 Jone 0
will 2 abbey 0 _ounds 0
yield 1 abbeys O




quickly

< 1% of the words
(80 of 28,000+)
control 100% of the
probability!

<end> 13
and 4
dream 1
go 2
have 2
make 2
send 1
should 2
the 2

to 3

will 2
yield 1

al

apandon O

abandoned O

abase 0
abashed O

apbate O

abated 0
abatement 0O
abates 0
abbess 0

abbey O

abbeys O

youths O
zeal 0

zeales 0O

zealous 0
zenith O
zephires O
zir 0
zodiac 0
zone O

zounds 0O



quickly

< 1% of the words
(80 of 28,000+)
control 100% of the
probability!

<end> 13
and 4
dream 1
go 2
have 2
make 2
send 1
should 2
the 2

to 3

will 2
yield 1

al

apandon O

abandoned O

abase 0
abashed O

apbate O

abated 0
abatement 0O
abates 0
abbess 0

abbey O

abbeys O

‘foccupylanguagemodels

youths O
zeal 0

zeales 0O

zealous 0
zenith O
zephires O
zir 0
zodiac 0
zone O

zounds 0O



quickly

Solutio

n: tax every

word that appears.

1. Reduce every
observed count

by some

(often %

%

= 0.5)

<end> 13
and 4
dream 1
go 2
have 2
make 2
send 1
should 2
the 2

to 3

will 2
yield 1

al

a

a

a

nandon O

nandoned O

nase 0

abashed 0O

a

a

nate O

nated O

abatement 0O

abates 0

a

a

a

0

0

0

ness 0

ey 0

oeys 0

youths O
zeal 0

zeales 0O

zealous 0
zenith O
zephires O
zir 0
zodiac 0
zone O

zounds 0O



quickly

Solutio

n: tax every

word that appears.

1. Reduce every
observed count

by some

(often %

%

= 0.5)

<end>
and
dream
go
have
make
send
should
the

to

will

yield

al

a

a

a

nandon O

nandoned O

nase 0

abashed 0O

a

a

nate O

nated O

abatement 0O

abates 0

a

a

a

0

0

0

ness 0

ey 0

oeys 0

youths O
zeal 0

zeales 0O

zealous 0
zenith O
zephires O
zir 0
zodiac 0
zone O

zounds 0O



quickly

Solution: tax every
word that appears.

2. WeOve collected 40

counts of OtaxO (80 0.5).

Now redistribute that 40
across the 28,000 words
with a count of O.

<end>
and
dream
go
have
make
send
should
the

to

will

yield

al

apandon O

abandoned O

abase 0
abashed O

apbate O

abated 0
abatement 0O
abates 0
abbess 0

abbey O

abbeys O

youths O
zeal 0

zeales 0O

zealous 0
zenith O
zephires O
zir 0
zodiac 0
zone O

zounds 0O



quickly

Solution: tax every
word that appears.

2. WeOve collected 6

counts of OtaxO (12 0.5).

Now redistribute that 6
across the 28,000 words
with a count of O.

40

—— " 0.0014
28384

<end> 12.5

and 3.5
dream 0.5
go 1.5
have 1.5
make 1.5
send 0.5
should 1.5
the 1.5

to 2.5

will 1.5
yield 0.5

a 0.0014

abandon 0.0014
abandoned 0.0014
abase 0.0014
abashed 0.0014
abate 0.0014
abated 0.0014
abatement 0.0014
abates 0.0014
abbess 0.0014
abbey 0.0014
abbeys 0.0014

youths 0.0014
zeal 0.0014
zeales 0.0014
zealous 0.0014
zenith 0.0014
zephires 0.0014
zir 0.0014
zodiac 0.0014
zone 0.0014
zounds 0.0014




But thou art not quickly moved to strike

pbut thou - 58.5 thou art-448.5 artnot-52.5 notquickly-3.5
quickly moved - 0.0014 moved to - 4.5 to strike - 14.5

)$1 =175

(\7/ 58.5I 448.5I 52.5I 3.9 | 00014 45 14.5
5830 6326.5 3812 9507 108 ' 93 163



bigram won a free holiday , 0" er



bigram won a free holiday , 0" er

trigram won a free holiday , 0" er

4-gram won a free holiday , 0" er

Pro: OsmarterO, considers more context

Cons: data sparsity



Trigram model

But thou art not to strike



guickly moved

Appears 0 times

al

apandon O

abandoned O

abase 0
abashed O

abate O

abated 0
abatement O
abates 0
abbess 0

abbey O

abbeys O

youths O
zeal O

zeales O

zealous 0O
zenith O
zephires O
zir 0
zodiac O
zone O

zounds 0O



guickly moved

So all counts after are

0. Absolute discounting
doesnOt help because
thereOs nothing to OtaxO

Smoothing alone canOt
help us!

al

apandon O

abandoned O

abase 0
abashed O

abate O

abated 0
abatement O
abates 0
abbess 0

abbey O

abbeys O

youths O
zeal O

zeales O

zealous 0O
zenith O
zephires O
zir 0
zodiac O
zone O

zounds 0O



Smart but can get
stumped



Not as smart

Smart but can get
but robust

stumped



Solution: combine trigram and
bigram predictions



Approach 1: Interpolation

Take a proportion of each modelOs prediction



Approach 2: Backo !

If the trigram model gets stumped, fall back to
the bigram model



Approach 2: Backo !

If the trigram model gets stumped, fall back to
the bigram model



Fall back

Approach 2: Backo !

If the trigram model gets stumped, fall back to
the bigram model



Smoothi ng Laplacian/additive Witten-Bell

Good-Turing Church-Gale
Katz Bayesian

Jelinek-Mercer Kneser-Ney

Lidstone " 7 Absolute discounting

With interpolation



from nltk.model.ngram import NgramModel

from nltk.probabillity

Import  KneserNeyProbDist

model = NgramModel(n = 3, train = text, estimator

model. perplexity(

"But thou art not quickly moved to strike"

= KneserNeyProbDist)

split())



Count based
AKA statistical

1980, 1990s!
Very fast!

Decent performance (when
tuned)



The cat got squashed In the garden
on Friday

The dog got Rattened In the garden
on Tuesday



TRAINING

The cat got sguashed In the garden
on Friday

TEST

The dog got [2attened In the garden
on luesday






squashed " [3attened
cat " dog

Friday " Tuesday



Continuous space

AKA neural, neuroprobabilistic

2000s, 2010s
Slower, more expensive
Typically used with neural nets

State-of-the-art performance



Bengio et al., 2003

Key Idea: use word embeddings, where
similar words live close to one another



Toy example: Emoji embedded in 2D space












' ( 50%






(WorldGs least popular emoji)



50%

0%

0%



50%

0.9%

0.9%






' ( 50%

" ) 20%

I %
0.95%
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What about real-world word vectors?



Millions of documents
————>

Very sparse

SPJOM JO spuesnoy |






300 dimensions
—_——————— )

Much denser

SPJOM JO spuesnoy |



FastText Word2Vec GloVe

300 dimensions 300 dimensions 50 B300 dimensions
152M words 3M words 400k £2M words
Trained on Wikipedia, Trained on Google Trained on Wikipedia,
web crawls News web crawls, Twitter

2D5GB 1.5 GB 1D2GB



love

beer

candidateDim1

candidateDim2

candidateDim300

prevliDiml

prevlDim2

prevliDIm300

prev2Diml

prev2Dim2

prev2Dim300

| 0.62

| 0.18

| 0.44

| 0.62

| 0.95

| 0.30

| 0.12

| 0.29

| 0.91

Input vector

Length = 900



2000 £2017

LSTMS!
RNNS
CNNSs
Ensembles



5-gram model with GoogleOs ObigO LSTM
Kneser-Ney smoothing model

Perplexity score of 67 Perplexity score of 30

2 hours to train (CPU only) E






$64k



$64k 3 weeks!



Exploring the limits of language modeling (2016)

5-gram model with GoogleOs ObigO LSTM
Kneser-Ney smoothing model

Perplexity score of 67 Perplexity score of 30

2 hours to train (CPU only) 3 weeks to train (32 GPUs)

Gains are very costly



Agenda

Types of language models

Bonus: the class of 2018






DB of 14M images, In
20k categories



OResearchers soon realized that the weights learned in state of the art
models for ImageNet could be used to initialize models for completely

[unrelated] datasets and improve performance signibcantlyO



OResearchers soon realized that the weights learned in state of the art
models for ImageNet could be used to initialize models for completely

[unrelated] datasets and improve performance signibcantlyO

* Transfer learning









ULMFIT

QJniversal Language
Model Fine- TuningO

January 2018

Trained on Wikipedia
(100M words)

ELMo

Embeddings from |
Language Mo delsO

February 2018

Trained on online !
news (1B words)

OpenAl transformer

June 2018

Trained on 7000 novels
(1B words)



Source: Matthew Peters via The Gradient



Fast.aiOs IMDb tutorial

Walkthrough to achieve a new state-of-the-art

(95.4% accuracy)

https://bit.ly/imdblm



elmo = hub. Module( "https://tthub.dev/google/elmo/2" , trainable =True )



Wrap-up

¥ Unstructured data is a powerful and plentiful source of insight
(90%+ of all data), especially If combined with language models.

¥ Unstructured data is more di ! cult to work with in some ways:
we have to deal with soft rules, noise and thus unclear results.

¥But it can also give us richer insights, allow for easier post-hoc
analysis, and provide a cheaper alternative to collecting

structured datasets.



Wrap-up

¥ Count-based models are fast and still work well. Interpolated
Kneser-Ney n-gram models generally work the best.

¥ For even better results, use pre-trained word vectors (from
Google/Facebook) and a neural net

¥ For the current state-of-the-art, experiment with a universal

language model, tuned to your particular task



Understanding
Unstructured Data

W|th Language |\/|OC|€|S Grab the slides

Alex Peattie

alexpeattie.com/talks



