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Introductory Example:

Panama Papers
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Panama Papers

htt

2 Q6TB The Panama Papers/ICl) [2016]

1.7GB Cablegate/Wikileaks [~ 010)]

260GB Offshore-Leaks/ICI) (01 7]

4GB Luxemburg-Leaks/ICI) (2014

3.3GB Swiss-Leaks/ICl) [2015]

/lwww.computerworld.com/article/3053601/security/consider-the-panama-papers-breach-a-warning.html
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http://www.computerworld.com/article/3053601/security/consider-the-panama-papers-breach-a-warning.html
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Panama Papers

htt

206TB The Panama Papers/ICl) [2016]

Scale of the Leak
compared to others

1.7GB Cablegate/Wikileaks [~ 010!

260GB Offshore-Leaks/ICI) (01 7]

4GB Luxemburg-Leaks/ICI) (2014

3.3GB Swiss-Leaks/ICl) [2015]

/lwww.computerworld.com/article/3053601/security/consider-the-panama-papers-breach-a-warning.html
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http://www.computerworld.com/article/3053601/security/consider-the-panama-papers-breach-a-warning.html
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Mossack Fonseca Scale of the Leak

e law office in Panama 2 6TB compared to others
e 214 000 letterbox ® The Panama Papers/ICl) (2016

companies in 21 tax havens saszssasss sassssaass saxsasanss sazsazsnss  ff 4 7GB Cablegate/Wikileaks [2010;
sEzazsanas snazasaaan aasasanaas sassasasss | 260GB Offshore-Leaks/IC)
Letterbox Company EEEEEEEEENE AN EEEET EEEEEEEEEDE BEEEEEEEEENE S Ore ea S/

* address for tax purposes,  zazaia: sz i s
money laundering. . i i T

® bUSineSS Carried On SEEEEEEEESN SEEEEEEEEE EEEEEEEEEE EEEEEEEEEE

elsewhere/nowhere oimaioins sisseioses sissesmees siososeees | 408 LutemburgLeaks/ic (2012

SENEEEEEES SESNNENNES SESNENEENEESN SENEENEEEN 3.3GB Swiss-Leaks/ICI) [ 2015

Prominent Owners e EEeEins aameammess messmnsame ses=nsanes

L |Ce|and Pr|me M”’“Ster SEEEEEEEEEN SESEENEEEES SESEEENEEEN SEEEEEEEEN

Gunnlaugssor I T S N R S

* Russia: Circle around SEIIIIIIIIoIIIIIIIIN IIIIINNNN EEIIIITIIIIIINDTIIIINNNDINIIIIIIE
president Putin S e e e e e o e o e et i e

* Syria: Network around §SSiissees SSmnsosis Susooits SSscoises sSSaciisss Soaseisans Sassssanns
president al-Assad SSIiSESEEE SSRESEBNSS SSSEBESscs SSSussuess S3zacises Sustogises susgiszee:
* ... S S S Notas SSNNSSINSS SSSINSSSS SSSiStiiss Sstimsem:

/lwww.computerworld.com/article/3053601/security/consider-the-panama-papers-breach-a-warning.html
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Scale of the Leak

2 6TB compared to others
o The Panama Papers/ICI) (2016

SEEIIIIIII SDIIIIIED IDIIIINEINIIIZEIED 0 1768 Cablegate/Wikileaks (2010
Analysis SESITISIIIEIIIIEND IIEIZINIEZCIIEIEEII | 260GB Offshore-Leaks/ICI

countries SEEEESEEES SESSSSSEES EESSSSSSSS EESSSSSESS

* 11.5 million documents  ZIZiiiics Sioiiiinis SIiIiiiiii siiiiiiiii
(PDFs, emails, text files,  §iEifsiss HEimsisss Hisimain: frasmansas
database format files, ~ HiEiisicss fiicsisies HESiisit ST |\ 3368 Swissleaks/ICl 005

images...) HHH e e L

4GB Luxemburg-Leaks/ICl) (2014

* 1 year research SISEISEISS SSSESEESSE SEESSESSaZ SESSaISans Sosasamss soasamss: Sazsaasaa
o text analysis software  iiiiiiiiii i LG SLii i Hriiin s

http://www.computerworld.com/article/3053601/security/consider-the-panama-papers-breach-a-warning.htmi
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Panama Papers

o Anna Sigurlaug Palsdottir

Lokastigur 24; 101 Reykjavik;
Iceland

S, )

o Sigmundur David Gunnlaugsson

paiaisibal

LUXEMBOURG INTERNATIONAL CONSULTING
S.A. (INTERCONSULT)

hitps://panamapapers.icij.org/the_power_plavers
http://panamapapers.sueddeutsche.de/articles/56fecOcdalbb8d3c3495adic

Visualization and Visual Data Analysis


https://panamapapers.icij.org/the_power_players/
http://panamapapers.sueddeutsche.de/articles/56fec0cda1bb8d3c3495adfc/
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Panama Papers

~ pasaisibal

@ EPI%MEggSSAELE%NATIONAL CONSULTING fo r 1 U S DOI Ia r

Lokastigur 24; 101 Reykjavik;
Iceland

O Sigmur@lur David Gunnlaugsson

Icelandic Prime
Minister sold 50% of
company to his wife

Gunnlaugsson neglects
to disclose his Wintris
Inc. shareholding

25.4.2009
|

Gunnlaugsson sells 50 percent
share of the company to his
future wife for one US Dollar

31.12.2009
l

hitps://panamapapers.icij.org/the_power_plavers
http://panamapapers.sueddeutsche.de/articles/56fecOcdailbb8d3c3495adfc
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https://panamapapers.icij.org/the_power_players/
http://panamapapers.sueddeutsche.de/articles/56fec0cda1bb8d3c3495adfc/
https://panamapapers.icij.org/the_power_players/
http://panamapapers.sueddeutsche.de/articles/56fec0cda1bb8d3c3495adfc/
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Al. Prymasa Tysiaclecia 93/4 01-242
Anna Sigurlaug Palsdottir Warsaw, Poland

registered address

PAWEL BARTLOMIEJ PISKORSKI

Lokastigur 24; 101 Reykjavik;
lceland THE BEARER
S, )

‘9’06 6&65
% S° o
4 ,%\e‘ PAWEL PISKORSKI
@9\ w
(1]
o 5 = & THE BEARER
g Sigmundur David Gunnlaugsson L 95_' 5\6
2 g E %
2 S OTHE BEARER
oo
& ol o THE BEARER
oo
S\‘\ate\\o\de‘
@ LUXEMBOURG INTERNATIONAL CONSULTING
S.A. (INTERCONSULT)
STARDALE MANAGEMENT INC.
Gunnlaugsson neglects Gunnlaugsson sells 50 percent hare,,%
to disclose his Wintris  share of the company to his Z 2N
Inc. shareholding future wife for one US Dollar & "o,
D
25.4.2009 31.12.2009 & OTHE BEARER
| l
C e @ [ o Krzysztof Kubala
hitps://panamapapers.icij.org/the_power_players

http://panamapapers.sueddeutsche.de/articles/56fecOcdalbb8d3c3495adic
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Al. Prymasa Tysiaclecia 93/4 01-242 -
o Anna Sigurlaug Palsdottir Warsaw, Poland Peo p I e Wi t h
registered address SI m I Iar names

appear in the
data

Lokastigur 24; 101 Reykjavik;
Iceland . THE BEARER

aet
\\a‘e\\O\
2

WINTRIS INC. @
6‘,5 S

‘9’@/, 66@%
% d° o
- .5\6‘ PAWEL PISKORSKI
S w \ -
= = 2 é I 8 THE BEARER
2 O Sigmundur David Gunnlaugsson “O—’ 2 \(\6\6
- g | A
o PR S THE BEARER
Q’etex\f’\ée‘
4 & ol o THE BEARER
, S
, shaxe“°\de‘
@ LUXEMBOURG INTERNATIONAL CONSULTING ). 4
S.A. (INTERCONSULT) %
STARDALE MANAGEMENT INC.
Gunnlaugsson neglects Gunnlaugsson sells 50 percent hare,,o/d
to disclose his Wintris  share of the company to his Z 2N
Inc. shareholding future wife for one US Dollar & ",
D
25.4.2009 31.12.2009 & ome BEARER
| l
- @ [ o Krzysztof Kubala
hitps://panamapapers.icij.org/the_power_players

http://panamapapers.sueddeutsche.de/articles/56fecOcdalbb8d3c3495adic
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Question:

What can be extracted out of textual data?

Visualization and Visual Data Analysis
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Agenda

- From Text to Structure
* POS Tags and Parsing Trees
« Bag-of-Words
* Distributed Word Embeddings
 Topic Models
 Named Entities
* Sentiment Analysis
* Temporal Events
* Deep Learning
- Projects

Visualization and Visual Data Analysis
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From Text to Structure
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POS Tags and Parsing Trees

Visualization and Visual Data Analysis
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v | ‘ v ! v

displaCy computers understand ETale[VETe[

NN NNS NN

https://demos.explosion.ai/displacy/
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\4 v v A\ 4

displaCy computers understand lanquaae.

NN NNS NN

Part-of-speech Tags (POS Tags)
mark verbs, nouns, adjectives etc.

https://demos.explosion.ai/displacy/

Visualization and Visual Data Analysis 16
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Parsing (or Syntax) Trees show the syntactical structure
of language like object, subject...

\4 v b4 A\ 4

displaCy computers understand lanquaae.

NN NNS NN

Part-of-speech Tags (POS Tags)
mark verbs, nouns, adjectives etc.

https://demos.explosion.ai/displacy/

Visualization and Visual Data Analysis 17
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Question:

Are POS Tags and Syntax Trees
interesting for Pattern Detection?

Visualization and Visual Data Analysis
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Mostly not interesting for text mining (pattern detection) in document collections!

Visualization and Visual Data Analysis 19
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ot interesting for text mining (pattern detection) in document collections!
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ot interesting for text mining (pattern detection) in document collections!

o New York Magazine ©@
March 31, 2016 - ©

G Donald J. Trump has thefgrammar of an 11-year-old}That's not opinion.
That's research-proven.

.‘,
OnlyLerme Sanders s

speeches went above
a 10th-grade level.

https://www.facebook.com/NewYorkMag/videos/1015408 16487 19826/
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ot interesting for text mining (pattern detection) in document collections!

TABLE 1
SENTENCE SIZE

Number of sentences spoken by each speaker and sentence word count statistics. Number of words in a sentence is shown by average and
50%/90% cumulative values for all, stop and non-stop words.

sentence size

speaker number of sentences
all stop non-stop
Hillary Clinton 1,206 15.7* |21 43 9.0 12|26 7.0° 9 19
| I I I
Donald Trump 1,970 10.9* |15 36 6.6° 9|22 46* 6 16
— 000007 - I I I
3,176 14.8 1 19 40 9.5 1125 751919

Fields with *® (e.g. 155°) link to data files and Wordles. Hover over the field to show these links. See analysis.

TABLE 2
PART OF SPEECH COUNT

Count of words categorized by part of speech (POS).

part of speech

n+v+adj+adv nouns (n) verbs (v) adjectives (adj) adverbs (adv)

7,636° 2,173 3,581 | 1,117 2,322* | 799 1,306° | 543 427 | 97

Hillary Clinton  40.5% | 28.5% 46.9% | 31.2% 30.4% | 34.4% 17.1% | 41.6% 5.6% | 22.7%
. I |

8,158* | 1,752 3,639 | 953 2,375 | 588 1,621° | 550 523 83

DonaIdTrump 37.9% 21.5% 44.6% 26.2% 29.1% 24.8% 19.9% 33.9% 6.4% 15.9%
an . |

15,794* | 3,008 7,220° | 1,635 4,697° | 1,102 2,927 | 886 950° | 127

total 39.1% 19.0% 45.7% 22.6% 29.7% 23.5% 18.5% 30.3% 6.0% 13.4%
an I |

Fields with ® (e.g. 155°) link to data files and Wordles. Hover over the field to show these links. See analysis.

http://mkweb.bcgsc.ca/debates2016/

Visualization and Visual Data Analysis 22
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Bag-Of-Words (BOW)

Visualization and Visual Data Analysis
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£con omy government

children
energy
know thousands

amendment

anything World
companies
_ years
united things

everything

feht syri

middle taxes

“eountry

I Iran :
fact Abs nissia
obama ; Ja¥

number

now states

mpeopll‘@

new Ot

ISIS court
women money
kind

time

president

deal

look health

thing

mosul
china

putin Something
trade

millions amernca
nothing
percent
campaign

state
everybody
nobody

A All nouns in debates, colored by contributing speaker (Clinton: blue,
Trump: red, spoken by both: grey).

Word Cloud
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working See..talk
god
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wall t IN
thank SyS ment
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end 13isi ng died
g';“;"; e oSt g fiering
nesds

put making

used
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paid taking
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creakd Ve
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consider ﬁEht v
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like J§ fill —L
trying =t
T RHEke
heard nus

believe

| = =1}
spent fct pushatack
boked check
including 2Unds
leeping piyeed
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understand gm
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A All verbs in debates, colored by contributing speaker (Clinton: blue,
Trump: red, spoken by both: grey).

bulding

http://mkweb.bcgsc.ca/debates2016/
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Patterns of Speech: 75 Years of the State of the Union Addresses
(Data Story, Washington Post 2011)

‘health care’

The expansion of health insurance coverage

remains unpopular with nearly half the country, but

Mr. Obama defended the health care law in his 2011 I I
speech, though he added that he was willing with I B I - a_ll I.._.II_II._.. I.

Republicans to improve it. In 1994, Mr. Clinton ' Lt | TRUMAN |EsENMOWER |UrK| LI
promoted his plan, which collapsed that year.

REACAN

HEALTH CARE

>

‘tax

Presidents have used the word every year since

1981, when Mr. Reagan uttered it 30 times,
detailing his plan to reduce taxes and government I I I II I I I I I I I III I I III I
spending. l I--- II - l--.l I ....l.ll I-' - l- il I-I-l | I I

EVELT | TRUMAN EISENN ER VF.K| LE t N |FRD.|CAR. | REAGAN BUSH CLINTON BUSH YEAMA

TAX, TAXED, TAXES, TAXING ROOS
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Word Frequencies over Time

Patterns of Speech: 75 Years of the State of the Union Addresses
(Data Story, Washington Post 2011)

‘health care’

The expansion of health insurance coverage
remains unpopular with nearly half the country, but
Mr. Obama defended the health care law in his 2011
speech, though he added that he was willing with
Republicans to improve it. In 1994, Mr. Clinton
promoted his plan, which collapsed that year.

HEALTH CARE

‘tax’

Presidents have used the word every year since
1981, when Mr. Reagan uttered it 30 times,
detailing his plan to reduce taxes and government
spending.

TAX, TAXED, TAXES, TAXING

‘health care’
became popular late

- -h I [ R—
f i ' i Al ki

l II_-- II _Iln_llIII-_...Illnlll -II.-|I.I IIIIIIl-I-ll‘llllllllllllllllll
9 T TR M AN § - E ) LE N ¥ ER( AR REAGAN 4 LINTON g M
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> Bag of Words (BOW)
counts words per document

Term(s) 1
Term(s) 2
Term(s) 3
Term(s) 4
Term(s) 5
Term(s) 6
Term(s) 7
Term(s) 8

Word Vector
(Passage Vector)

ument Vector

Visualization and Visual Data Analysis 28
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vocabulary=

rms within
te > t \\ \q’ \'b \b‘ \6 \b \'\ \Q>
the corpus & S & &SR

Term(s) 1
Term(s) 2
Term(s) 3
Term(s) 4
Term(s) 5
Term(s) 6
Term(s) 7
Term(s) 8

Word Vector
(Passage Vector)

ument Vector
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Term(s) 7
Term(s) 8

TP N © A D
o(‘\ o“\ 0(‘\ o“\ o“\ o“\ o“\ o“\

&I T
Term(s) 1 T
Term(s) 2 0
Term(s) 3 0
Term(s) 4 . Word Vector
Term(s) 5 0 (Passage Vector)
Term(s) 6 0

0

0

ument Vector

Visualization and Visual Data Analysis 30



g7 = universitat .
ey wien Document Term Matrix

Term(s) 1
Term(s) 2
Term(s) 3
Term(s) 4
Term(s) 5
Term(s) 6
Term(s) 7
Term(s) 8

ument Vector t,
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ument Vector

Visualization and Visual Data Analysis 32



g niversitat .
ey wien Document Term Matrix

Cosine Similarity = 6 (angle)
® Distance between Document Vectors

W !

ument Vector

Visualization and Visual Data Analysis 33
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Cosine Similarity - Why not using
® Euclidean Distance (Similarity)?

2|

L

W !

ument Vector

Visualization and Visual Data Analysis 34
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A ALyl

B(x2,v2)

https://cmry.github.io/notes/euclidean-v-cosine

Visualization and Visual Data Analysis 35
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Is counting good enough??
|deas for improvement?

Visualization and Visual Data Analysis
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Term Frequency - Inverse Document Frequency (TF-IDF)

Visualization and Visual Data Analysis
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We introduce a new weight
- consisting of two parts!

oterm frequency (how often  document frequency

o° does the term appear in (how many documents
the current document?) contain the term?)

normalised according to

document IeRhA./\ /\m

E)

tfu = number of occurrences of i in j

=
I

number of documents containing i
N = total number of documents

ument Vector

Visualization and Visual Data Analysis 38



Term Frequency - Inverse Document Frequency

If a term appears in many documents
(term is not interesting & weight = low)

df = high df = low

N/df = low N/df = high
log(N/df) = low log(N/df) = high
weight = low weight = high

N
C=tf. Xl -
i o‘,,]xog(df)

y = number of occurrences of i in j

number of documents containing i

N = total number of documents

ument Vector

Visualization and Visual Data Analysis 39
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Document Term Matrix Visualization:

WikiLeaks lraqg War Logs

Visualization and Visual Data Analysis
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How could we visualize such a matrix?

Visualization and Visual Data Analysis
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http://jonathanstray.com/a-full-text-visualization-of-the-irag-war-logs
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Overview Project: WikiLeaks lraq War Logs
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N ~ 400,000 war reports
visualized as keyword clusters
according to TF-IDF

(cosine similarity)

http://jonathanstray.com/a-full-text-visualization-of-the-irag-war-logs

Visualization and Visual Data Analysis 43


http://jonathanstray.com/a-full-text-visualization-of-the-iraq-war-logs

o universitat
wien

Overview Project: WikiLeaks lraq War Logs
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Red signifies that the military
coded these reports as
“explosive hazard”

Each point is a incident

http://jonathanstray.com/a-full-text-visualization-of-the-irag-war-logs

Visualization and Visual Data Analysis 44


http://jonathanstray.com/a-full-text-visualization-of-the-iraq-war-logs

Fmcang ° ° )
AN,
7R I V r I
& o S a2\
= F‘:“‘ -:.’1 al ;
CAVEIR | W 5o A B =
@\ |7 | [5] /8
- *}\ -:-
7\ /4
Zanis

Can you think of any Limitations of the TF-IDF
Modeling Approach?
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Limitations of TF-IDF

- no syntactic or semantic relationships of words or passages

- words are treated independently and are not comparable

- topics (word concepts) are not reflected very well

- stop word removal needed (or other preprocessing steps) in order
to achieve meaningful results
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Distributed Word Embeddings

some versions:
word2vec/glove/fasttext/bert/elmo/GPT-2
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Words as distributions according to their context

ea word is a representation of all its context windows within a corpus
(context = N-gram of which a word is part)

esimilar words tend to have similar representations —> comparable
esyntax as well as semantics is reflected

*N0 document vectors are created, only word vectors
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Efficient estimation of word representations in vector space
Tomas Mikolov et al., ICLR Workshop, 2013
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https://blog.acolyer.org/2016/04/21/the-amazing-power-of-word-vectors/
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https://blog.acolyer.org/2016/04/21/the-amazing-power-of-word-vectors/
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https://blog.acolyer.org/2016/04/21/the-amazing-power-of-word-vectors/
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https://blog.acolyer.org/2016/04/21/the-amazing-power-of-word-vectors/
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We try to predict the current focus word with a Neural Network

high qualry daskributedd \ecro( - . .

https://blog.acolyer.org/2016/04/21/the-amazing-power-of-word-vectors/
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First: Our output reflects the relation between all words within the
vocabulary (Co-Occurrences).

After a dimensionality reduction (from maybe 10,000 words in
vocabulary to 100 dimensions) we receive something related to

“concepts” like.....
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word2vec

First: Our output reflects the relation between all words within the
vocabulary (Co-Occurrences).

After a dimensionality reduction (from maybe 10,000 words in

vocabulary to 100 dimensions) we receive something related to
“concepts” like.....
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How could we visualize such vector spaces?
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Obama Word2Vec Clustering
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https://plot.ly/~KevinAccount/18.embed
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Phrase Compositions

X O random forests
x O depth

Depth Estimation Using
Monocular and Stereo
Cues.

Ashutosh Saxena, Jamie
Schulte, Andrew Y. Ng

[JCAI

2007

Google

Real time head pose

estimation with random
regression forests.

G Fanelli, ] Gall, L Van
2011

Google

Palmprint recognition
using 3-d information.
D Zhang, GLu, WLi, L
Zhang, N Luo

2009

Berger, Matthew, Katherine McDonough, and Lee M. Seversky. "cite2vec: Citation-driven document
exploration via word embeddings." IEEE transactions on visualization and computer graphics 23.1

(2016): 691-700.
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https://towardsdatascience.com/visualisation-of-embedding-relations-word2vec-bert-64d695b 7136
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What are possible short comings of word2vec?
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Limitations of Word 2 Vec

- different contexts get averaged

bank vault
bank robber
river bank

- how to represent documents? (doc2vec, ...)
- cannot handle unknown words
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BERT (Bidirectional Encoder Representations
from Transformers)
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12
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[CLS] Help  Prince Mayuko

BERT

https://jalammar.qgithub.io/illustrated-bert/
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First 5 values for each meaning of "bank".

bank vault tensor([ 2.1319, -2.1413, -1.6260, 0.8638, 3.3173].
bank robber tensor([ 1.1868, -1.5298, -1.3770, 1.0648, 3.1446],
river bank tensor([ 1.1295, -1.4725, -0.7296, -0.0901, 2.4970],

https://mccormickml.com/2019/05/14/BERT-word-embeddings-tutorial/
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[CLS] This is a sentence example. [SEP]

10 - SEP] x The sky is blue today.
‘ x The sea is blue today.
0.8

0.6

0.4

sk a
0.2 -
0.0
0.0 0.2 0.4 0.6 0.8 10

https://towardsdatascience.com/visualisation-of-embedding-relations-word2vec-bert-64d695b 7136
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[CLS] This is a sentence example.

[SEP]

[SEP] x In Mexico the national government is carrying out a consistent policy of developing its railway lines.
x Borlaug also promoted the process (which proved wildly successful) of having two wheat-growing seasons in Mexico, one in the highlands, then another in the valley regions.
x That's in Mexico, too.
» In 1904 he went to Japan as war correspondent and in 1914 to Mexico in the same capacity.
/ ' \<‘ >
[ ~‘5‘\
- = ' -f_ v
249%
t —
LS
-02 0.0 02 04 06 08 10

https://towardsdatascience.com/visualisation-of-embedding-relations-word2vec-bert-64d695b 7136
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Topic Modeling
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Topic Modeling

Probabilistic topic models
David Blei, Communications of the ACM 2012

Topics

Documents

Topic proportions and
assignments
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genetic 0.01

—

life 0.02
evolve 0.01
organism 0.01
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brain 0.04
neuron 0.02
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Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—
How many genes does an jorganism negyd to

“are not all that far apart,” especially in
comparison to the 75,000 genes in the hu-

survive! Last week at the genome meeting me, notes Siv Andersson Qe
here,* two genome researchers with radically  University in Swistmeeds R
different approaches presented complemen-  8QQ °T. but coming up with a com

tary views of the hasic genes needed for life! ™ sus answer may be more than just a gt
One research team, using computer analy numbers 3 cticularly more and
ses to compare known genomes, concluded  more genomes are g Rcuy aped :

that today’sjorganisms can be sustained with sequenced. “It may be a way of organizime

any newly sequenced genome,” explains
Arcady Mushegian, a computational mo-
lecular biologist at the Natiogal C enter

\ for Biotechnology Informatior .
\in Bethesda, Maryland. Comparing 2

|
J

just 250 venes, and that the earliest life forms
required a mere 128 genes. The e
other researcher mapped genes
in a simple parasite and esti-  /
mated that for this organism,
800 genes are plenty todo the |

Redundant and

: i &

. . : : : - / Genes parasite-speciiic Woer s ]

job—bur thatanything short am i ase - removed 2
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* Genome Mapping and Sequenc-
ing, Cold Spring Harbor, New York,
May 8 to 12.

Stripping down. Computer analysis yields an esti-
mate of the minimum modern and ancient genomes.

SCIENCE o VOL. 272 o 24 MAY 1996

N
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data 0.02
number 0.02
computer 0.01

—
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Input
e Corpus = Text Sources (amount=M)
e Number of Topics (N) you want the model to cover

Output: two different kinds of distributions
e N Topic Distributions with probabilities for each word of the vocabulary
e\ Text Distributions with probabilities for each of the N topics
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Termite: Visualization techniques for assessing textual topic models

Jason Chuang, Christopher D. Manning, Jeffrey Herr; Proceedings of the International Working
Conference on Advanced Visual Interfaces 2012
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Serendip: Topic model-driven visual exploration of text corpora.
Alexander, E., Kohlmann, J., Valenza, R., Witmore, M., & Gleicher, M. (2014, October). In Visual
Analytics Science and Technology (VAST), 2014
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TIARA: A Visual Exploratory Text Analytic System, Wei et. al, KDD 2010)
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Topic Modeling

Topic Tree

Cluster List

Document List

|

Overview: The Design, Adoption, and Analysis of a Visual Document Mining Tool

For Investigative Journalists (Brehmer et al., IEEE InfoVis 2014

old version of the software:

Topic Tree
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business in Venezuela and that two planned projects will
probably be scrapped. ExxonMobil has, said Ward, already
received a message from "senior officials” at the Venezuelan
Embassy in Washington that any such decision would be seen
not just as a business decision but as a direct attack on the
sovereignty of Venezuela. End Summary.

2. (C) On January 12, ExxonMobil de Venezuela President Mark
Ward informed econoff that the company has decided to move
ahead with some legal action in response to the unilateral
COV decision to increase the royalty payments levied on the
extra heavy oil projects. According to its legal analysis,
there is wording in Venezuela\'s investment law that will give
it an avenue to avoid the Venezuelan courts and get to
international arbitration.

3. (C) In the three months since President Chavez\'s October
10 announcement, said Ward, he has been unable to meet with
Energy Minister Rafael Ramirez. The GOV also cancelled
Appointments made with Vice Minister Luis Vierma. In these
circumstances, he said, senior E Mobil manag t is
“ready to go." Ward will attempt once again to meet with
senior GOV officials, including Foreign Minister Ali
Rodriguez, over the next few weeks. If that attempt fails,
he said, he expects the company to take some action in the
first part of February.
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Overview: The Design, Adoption, and Analysis of a Visual Document Mining Tool
For Investigative Journalists (Brehmer et al., IEEE InfoVis 2014

old version of the software:

- Topic Tree Tags View Items Plot T
ew V2
-
! W Listed
! W Colombia/rebels + - X
| B Ven Opposition + - X P
y - s 1 - I x wn
: e O —
) = g ! B Chavez politics + - X * m QO
o N \\. A [ Finance + - X = Q
— . sl v 4 4 | © »
=
¢ : extradition + - X o —~
I & — i |l © 3
— ’ vatican + - X | o =.
o ' ' [ =g
o B China + - X N —~ Q
= . i =
Caribbean politics + - X (C_) [0}
W Peru + - X = -
— N —
Portugal + - X ~—
M Panama + - X
B Uruguay/Mercosur + - X
| - s -
12: bouterse paramaribo khan ndp bouterse's suriname santokhi trial desi_bouterse guyana december_murders venetiaan_government former_military murders military_dict: LOAD SAVE Cluster! a e
AUURATUYE LHUL CHGLT WAlsd MU U GAYHALALULL AEpULL VS LS Mo
—— 89 documents Select Random business in Venezuela and that two planned projects will —

probably be scrapped. ExxonMobil has, said Ward, already
received a message from "senior officials” at the Venezuelan
Embassy in Washington that any such decision would be seen
not just as a business decision but as a direct attack on the
sovereignty of Venezuela. End Summary.

nezuela usd percent said opposition caracas human_rights party uribe eln sbu rosales ortega gov elections correa cuba compani
ks barbados honduras cuba company chevron aln stated gbrv

rket bolivars bank service_companies exchange_rate issuance market spending

wny mark_ward econoff pda gas ethylene sanders president_mark block syncrude pdvsa deltana_platform

2 corrales fuel santos deal petrocaribe lobo bid companies haiti flores_lanza goe

egic_association employees iocs stake companies joint_venture petatt statoil moshiri_stated venture ozaki petrozuata
windfall_profits petrodelta girolamo_stated stated employees told_petatt baker_hughes drilling_rigs harvest's sisdem pdvsa's
npany ethylene mark_ward econoff block sanders syncrude deltana_platform president_mark upgrader heavy_oil

EXXONMOBIL TO REACT

Cluster View got

Cluster List

2s rigs halliburton company ventures joint_venture protect_throughout production petatt arrears caracas strictly_protect venture :;z;c;nggzi::u::Zn;i; f:::n:::xi;;.:;n:::e;:c;::;xg:n:o::rk D
anies employees brv mixed_company petroboscan strategic_association chinese mitsubishi project company production ahead with some legal action in response to the unilateral O
venture stated_chevron cnpc hamaca stake petroboscan moshiri_replied companies moshiri_also production hamaca_strategic p1 = GOV decision to increase the royalty payments levied on the @]
perations strictly_protect protect_throughout company debt lake_maracaibo million arrears williams drilling_rig contract extra heavy oil projects. According to its legal analysis, re m Oved fro m I ate r C
there is wording in Venezuela\'s investment law that will give

it an avenue to avoid the Venezuelan courts and get to 3
—— international arbitration. D
— 3 | ] ] pr—
ensco halliburton pdvsa duarte bonds rig arrears payments payment camara halliburton's pdvsa's coal gbrv cash_flow ¢ | oo -

harvest pdvsa girolamo joint_ventures petrodelta joint_venture ventures girolamo_stated tax cvp venture schlumberger TIMING ve rs I o n S acco rd I n
chevron moshiri lohec gbrv chevron's petronas bid_round carabobo hamaca_project ecopetrol eni cnpc mitsubishi oil ey | ===~~~ S
~ pdvsa assets service_companies companies williams gbrv article menpet affected_companies wilpro maracaibo wood_g 3. (C) In the three months since President Chavez\'s October (D
" warad ¢ C Yy t € e ‘ ¢ tor roitr 10 announcement, said Ward, he has been unable to meet with é
pdvsa cerro_negro xm's assets negro injunction icsid pdvsa's english arbitration icc col”Nfreezing petromonagas usd ar Energy Minister Rafael Ramirez. The GOV also cancelled to u Se r feed bac k D
associations iocs chevron pdvsa brv nationalization cerro_negro strategic_associations opec cuts cvp measure sincor exe Appointments made with Vice Minister Luis Vierma. In these =

——

Document List

pdvsa service_companies bcv companies ensco fonden prices gbrv production billion pdvsa's williams usd halliburton w

" cerro_negro pdvsa negro cutt employees lyons petrozuata kristiansen lyons_stated chevron sincor cutt_stated associatio
" mommer petrozuata migration mep arbitration joint_ventures cp's associations statoil shipment executives ventures con
city_oriente oriente contract ford_said tax chiriboga goe windfall_tax oriente’s city_oriente’s arbitration contract_nego!
pdvsa eni document chevron ramirez operational_control documents strategic_associations associations ceremonies mic
chevron moshiri employees mou boscan pdvsa iocs vierma conocophillips moshiri_stated strategic_association petatt pa

~ exxonmobil kuwait blocks ianan harvest aov bid round list aas rafael urdaneta comoanies falcon state oct france odvs

circumstances, he said, senior ExxonMobil management is
“ready to go." Ward will attempt once again to meet with
senior GOV officials, including Foreign Minister Ali
Rodriguez, over the next few weeks. If that attempt fails,
he said, he expects the company to take some action in the
first part of February.
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Document List

Overview: The Design, Adoption, and Analysis of a Visual Document Mining Tool

For Investigative Journalists (Brehmer et al.

old version of the software:

IEEE InfoVis 2014
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Overview: The Design, Adoption, and Analysis of a Visual Document Mining Tool
For Investigative Journalists (Brehmer et al., IEEE InfoVis 2014)

new version focuses on hierarchical tree according to cosine similarity (TF-IDF) of documents
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Fig. 1: Buddy plots show consistency of document relationships across topic models by encoding similarity with respect
to individual documents. In this figure, each row represents a document, with the rest of the corpus encoded as circular
glyphs along the row. Distance from the row’s document in one model is encoded using horizontal position, while
distance in a second model is encoded using color. This combination of encodings lets us see similarities from two
models within one row of glyphs. Deviations in similarity between the two models can be identified as breaks from a
smooth gradient. Though the two models seem to correlate well with documents at either extreme (blue documents to
the left, red documents to the right), we see dramatic shifts between different classifications for documents in between,

identified by breaks in the blue-to-red gradient structure.

Alexander, Eric, and Michael Gleicher. "Task-driven comparison of topic models."
visualization and computer graphics 22.1 (2015): 320-329.
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Fig. 1. ThemeDelta visualization for Barack Obama‘ campaign speeches during the U.S. 2012 presidential election (until September 10, 2012).
Green lines are shared terms between Obama and Romney. Data from the “The American Presidency Project” at UCSB (http://www.presidency.

ucsb.edu/).

Cui, Weiweil, et al. "Textflow: Towards better understanding of evolving topics in text." IEEE transactions
on visualization and computer graphics 17.12 (2011): 2412-2421.
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Figure 12. Matching the news corpus with the Twitter corpus: (a)
overview; (b) comparison of Tumbilr related topics.

Liu, Shixia, et al. "Topicpanorama: A full picture of relevant topics." 2014 IEEE Conference on Visual
Analytics Science and Technology (VAST). IEEE, 2014.
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What is possible?

(Google)q, headquartered in (Mountain View)g, unveiled the new (Android)4

(phone)3 at the (Consumer Electronic Show)7. (Sundar Pichai)g said in his

ORGANIZATION PERSON
1. Google 2. users

Sentiment: Score 0 Magnitude 0 Sentiment: Score 0.4 Magnitude 0.9

Wikipedia Article
Salience: 0.26

3. phone CONSUMER GOOD 4 Android CONSUMER GOOD

Sentiment: Score 0.1 Magnitude 0.2
Wikipedia Article
Salience: 0.12

5. Sundar Pichai FERE 6. Mountain View LOCATION

Salience: 0.15

Sentiment: Score 0 Magnitude 0
Salience: 0.13

Sentiment: Score 0 Magnitude 0.1 Sentiment: Score 0 Magnitude 0
Wikipedia Article Wikipedia Article
Salience: 0.11 Salience: 0.10

https://cloud.google.com/natural-language/
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Jigsaw: Supporting investigative analysis through interactive
visualization, Stasko et. al, Information Visualization, 2008
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What is Sentiment Analysis?

https://cloud.google.com/natural-language/
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What is Sentiment Analysis?

Sentiment analysis refers to the use of natural language
processing, text analysis, computational linguistics,

and biometrics to systematically identify, extract, quantify, anc
study affective states and subjective information.

Q © @

My experience

The productis Your support team
so far has been I , PP
: ok | guess IS useless
fantastic!
POSITIVE NEGATIVE

https://monkeylearn.com/sentiment-analysis/
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Example Sentence:
Google, headquartered in Mountain View, unveiled the new

A

o

P

ndroid phone at the Consumer Electronic Show. Sundar
chal said in his keynote that users love their new Android

NONES.

https://cloud.google.com/natural-language/
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ORGANIZATION PERSON
1. Google 2. users
Sentiment: Score 0 Magnitude 0 Sentiment: Score 0.6 Magnitude 1.3
CONSUMER GOOD . CONSUMER GOOD
3. phone 4. Android
Sentiment: Score 0 Magnitude 0 Sentiment: Score 0.5 Magnitude 1

5. Sundar Pichai FIERSOL. 6. Mountain View LOCATION

Sentiment: Score 0.1 Magnitude 0.2

. EVENT CONSUMER GOOD
7. Consumer Electroni... 8. phones _

Sentiment: Score 0.1 Magnitude 0.1

Sentiment: Score 0 Magnitude 0

Sentiment: Score 0.7 Magnitude 0.7

OTHER

9. keynote
Sentiment: Score 0.2 Magnitude 0.2

https://cloud.google.com/natural-language/
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Updated Sentence:

Google, headquartered in Mountain View, unveiled the new
and very expensive Android phone at the Consumer
Electronic Show. Sundar Pichai said in his keynote that users
love their new Android phones.

https://cloud.google.com/natural-language/
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ORGANIZATION PERSON

1. Google 2. users
Sentiment: Score 0 Magnitude 0 Sentiment: Score 0.6 Magnitude 1.3

CONSUMER GOOD . CONSUMER GOOD
3. phone _ 4. Android
Sentiment] Score -0.8 Magnitude 0.8 Sentiment: Score 0 Magnitude 1.7

.y LOCATION .

5. Mountain View OEATIO 6. Consumer Electroni... SN

Sentiment: Score 0 Magnitude 0 Sentiment: Score 0 Magnitude 0

CONSUMER GOOD
8. phones

Sentiment: Score 0.7 Magnitude 0.7

PERSON

7. Sundar Pichai
Sentiment: Score 0.1 Magnitude 0.2

9. keynote
Sentiment: Score 0.2 Magnitude 0.2

https://cloud.google.com/natural-language/
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Sentiment Analysis

Recursive Deep Models for Semantic Compositionality Over a Sentiment Treebank,

Socher et al., EMNLP 2013

-

& o
This  film -

does n’t care

g ® @

_ -

e @
@ @ p
@ n @

@ @ wit any @ @

cleverness

other kind

@@

of®

intelligent humor

| ‘
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Although more nodes within this sentence have a positive meaning,
the sentence is labeled negative!

o ® @
does n’t care @ z"f_'jﬁii@....\_

about BoY

2
@/ wit Of®/ 2

cleverness other k1nd intelligent humor
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Recursive Deep Models for Semantic Compositionality Over a Sentiment Treebank,
Socher et al., EMNLP 2013

(a) (b) (c) (d)
1 . o |

% of Sentiment Values

N-Gram Length
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The longer a phrase gets, the more likely it is either positive or negative!

(a) (b) (c) (d)
1 . o |

% of Sentiment Values

N-Gram Length
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May 1 May 15 - — — — -May 29 Jun 12

Fig. 7. Opinion diffusion on the Xbox topic from the period between May
15 to 29 when Xbox One was announced.

Wu, Yingcai, et al. "Opinionflow: Visual analysis of opinion diffusion on social media." IEEE transactions
on visualization and computer graphics 20.12 (2014): 1763-1772.
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TimeLineCurator: Interactive Authoring of Visual Timelines from Unstructured
Text; Johanna Fulda, Matthew Brehmer, Tamara Munzner; IEEE VAST 2015

e 00 um TimeLineCurator X

lNimeLineCurator v0.4 § Vague dates
b‘ q

b 4
o o O
000 :‘D‘ - 4

B P———4
® ) 4 z z b 4 @ @
® ) 4 o 9000 o O @ p————4¢
| 1 sleo 1 9|65 19|70 1 9I75 1 slso 1 9|85 19|90 1 9'95 zoloo 20105 20|1 0 |
List View Document View Control Panel

Sort list by: Order inside document E v Denmark . .
L A
1978

tFIV T IOV reek seventies to electric rock/new wave in
(V) 1975 Charlotte Rordam Larsen

_ the eighties. Also in his entourage
1970—1980 W Sorensen is active as female vocalist. Punk hits Denmark| ’
1970—1980 Fhesamemoveisdone Punk hit Denmark in [ Content t
M 1975 - 1990 2123?3 from folk to political outspoken bands like Malurt Punk hit Denmark in with political outspoken bands
(with singer Michael Falch going solo :ial::lalurt (with singer Michael Falch going solo a decade
n W
Anne Linnet's Track: 1 2 3 4 E 6
S % The definite breakthrough of Anne e .
20102020 gerher Linnet comes when she turns to new Has Media
o ]?f — Brfndt W?S briefiy in It wave in the eighties. Forming the
_Events: 92, vague expressions: 10 17 temporal expressions in this doc About & Help ’
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Time Events get extracted from an input text source

800 ‘ .:TimeLineCurator x

Vague dates

TimeLineCurator v0.4

h 4 4
e

>
® o O
000

b 4
® ) 4 : z ) 4 ® o
& b 4 O 000606 o O @ A—
| 1 9|60 19I65 19l70 1sal75 1 9lao 19|85 19|90 1 9I95 zoloo zolos zol 10 |
List View Control Panel

Sort list by: Order inside document B v

IV 1Iuv o . - : . 1978 bl
sevgMiies to electric rock/new wav N
@ 1975 Charlotte Rordam Larsen e eighties. Also in his entourage Title =
1970—1980 W Sorensen is active as female vocalist. Punk hits Denmark] '
1970—1980 Fhesamemoveisdone Punk hit Denmark in ontent I
M 1975 - 1990 :‘lg:ti?g from folk to political outspoken bands like Malurt Punk hit Denmark in with political outspoken bands
Punk hits Denmark (with singer Michael Falch going solo lizrl;dalurt (with singer Michael Falch going solo a decade
Bnichit B -
Anne Linnet's rack: 1 2 3 - 6
O 198 b' ;eakthl'if“gl.h : The definite breakthrough of Anne ————— -
R gether innet comes when she turns to new Has Media
o ]??5 . Br?"dt wi's briefly in it e in the eighties. Forming the
Events: 92, vague expressions: 10 17 temp®l expressions in this doc About & Help‘
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Vague dates

1965 2010
List View Control Panel
Sort list by: Order inside document B v 1978 0
"IV - TIov o cev =
O 1975 Chariotte Rordam Larsen e eighties. Also in his entourage Title
197031980  [Rifnytheseventies Sorensen is active as female vocalist. Punk hits Denmark l
19701980 Fhesamemoveisdone Punk hit Denmark in ontent I
M 1975 - 1990 :‘lg:ti?g from folk to political outspoken bands like Malurt Punk hit Denmark in with political outspoken bands
Punk hits Denmark (with singer Michael Falch going solo lizrl;dalurt (with singer Michael Falch going solo a decade
PunichitD i
Anne Linnet's rack: 1 2 3 - 6
O 198 b' ;eakthl'if“gl.h : The definite breakthrough of Anne ————— -
20102020 gecher - innet comes when she turns to new Has Media
o ]??5 L Br?"dt wi's briefly in it e in the eighties. Forming the
Events: 92, vague expressions: 10 17 temp®l expressions in this doc About & Help‘
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T e s ool | 2014
e e amy: | o=
T :‘3 L) -; ) ) @) » "fb"ﬁ’ | ,,ga gg (2 & .ﬁ’ﬁ’ Julg @ Sep. Oct.» Nov.

Lo ! : A
Jan. Feb. Mar. Apr. May Junf Jul Aug. Sep Oct. ---------- T . . T Jan i MarAprMayJun e g ‘
© a» AAN|[a\l S\ & A

Cyan cells bursted 16 ’:- Zﬂ 8 15 23 16
@ out from July
JuI 1

outiireak oUtDrea @ ol S| CIT A - o uuLoreaK fight

deadly lagos

Cans

——

. ’ nigeridagos ; ;T " ‘ announce
ngerla'a” 508 * 5

2014.07.25 (N LS -

Fig. 8. Case study of the Ebola outbreak: (a) visual tree of the past subevents with respect to the Ebola outbreak in 2014; (b) visual tree created by
expanding the nodes of July, September, and October in the original tree shown in (a); (c)-(e) geographic maps showing the geospatial changes of
three subevents highlighted in (b) as well as the topic maps showing the topical changes of the three same subevents.

Wu, Yingcal, et al. "StreamExplorer: A multi-stage system for visually exploring events in social
streams." IEEE transactions on visualization and computer graphics 24.10 (2018): 2758-2772.
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What is deep learning?

https://cloud.google.com/natural-language/
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Starting from a
Neural Network
(NN):

Google,
headquartered in
Mountain View,
unvelled the new

hW,b(X)

Layer L,

+1

Layer L, Layer L,

hitps://towardsdatascience.com/understanding-neural-networks-from-neuron-to-rnn-cnn-and-
deep-learning-cd88e90e0a90
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Input Layer

Starting from a
Neural Network
(NN):

Google,
headquartered in
Mountain View,
unvelled the new

hW,b(X)

Layer L,

hitps://towardsdatascience.com/understanding-neural-networks-from-neuron-to-rnn-cnn-and-
deep-learning-cd88e90e0a90
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Hidden Layer

Starting from a
Neural Network
(NN):

Google,
headquartered in
Mountain View,
unvelled the new

hitps://towardsdatascience.com/understanding-neural-networks-from-neuron-to-rnn-cnn-and-
deep-learning-cd88e90e0a90
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Output Layer

Starting from a
Neural Network

5(2)
(NN): !
Google, "
headquartered in 2
Mountain View, a2

unveiled the new w,b(X)

Layer L,

hitps://towardsdatascience.com/understanding-neural-networks-from-neuron-to-rnn-cnn-and-
deep-learning-cd88e90e0a90
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Deep Neural Network:
More than one hidden layer.

https://medium.com/dair-ai/deep-learning-for-nlp-an-overview-of-recent-trends-d0d8f40a7764d
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Deep Neural Network:
More than one hidden layer.

Deep Learning:
Representation learning instead of feature engineering.

https://medium.com/dair-ai/deep-learning-for-nlp-an-overview-of-recent-trends-d0d8f40a7764d
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Deep Neural Network:
More than one hidden layer.

Deep Learning:
Representation learning instead of feature engineering.

Types:
Convolutional (CNN), Recurrent (RNN), Variational
Autoencoders (VAE), Generative Adversarial

Networks (GAN), ...

https://medium.com/dair-ai/deep-learning-for-nlp-an-overview-of-recent-trends-d0d8f40a7764d
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Tasks:

POS tagging

Parsing

Named-Entity Recognition
Semantic Role Labeling
Sentiment Classification
Machine translation
Question answering
Dialogue systems
Contextual Embeddings

Young, Tom, et al. "Recent trends in deep learning based natural language processing." ieee
Computational intelligenCe magazine 13.3 (2018): 55-75.
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TABLE VII: Machine translation (Numbers are BLEU scores)

Paper Model WMT2014 English2German | WMT2014 English2French
Cho et al. [82] Phrase table with neural features 34.50
Sutskever et al. [74] | Reranking phrase-based SMT best list with LSTM seq2seq 36.5
Wu et al. [162] Residual LSTM seq2seq + Reinforcement learning refining 26.30 41.16
Gehring et al. [163] seq2seq with CNN 26.36 41.29
Vaswani et al. [113] Attention mechanism 28.4 41.0

BLEU Score:
'the closer a machine translation is to a professional human

translation, the better it Is" — this Is the central idea behina
BLEU.

https://en.wikipedia.org/wiki/BLEU

Young, Tom, et al. "Recent trends in deep learning based natural language processing." ieee
Computational intelligenCe magazine 13.3 (2018): 55-75.
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TABLE X: Comparison of ELMo + Baseline with the previous state of the art (SOTA) on various NLP tasks. The table has
been adapted from [41]. SOTA results have been taken from [41]; SQUAD [166]: QA task; SNLI [178]: Stanford Natural
Language Inference task; SRL [153]: Semantic Role Labelling; Coref [179]: Coreference Resolution; NER [180]: Named Entity
Recognition; SST-5 [4]: Stanford Sentiment Treebank 5-class classification;

. Previous . ELMo + Increase
Task Previous SOTA SOTA Results Baseline Baseline (Absolute/Relative)
SQuAD | Liu et al. [181] 84.4 81.1 85.8 4.7 | 24.9%
SNLI Qian et al. [182] 88.6 88.0 88.70 £0.17 | 0.7/ 5.8%
SRL Luheng et al. [183] 81.7 81.4 84.6 32/ 17.2%
Coref Kenton et al. [184] 67.2 67.2 70.4 3.2/ 9.8%
NER Matthew et al. [185] | 91.93 £+ 0.19 90.15 92.22 +0.10 | 2.06/21%
SST-5 Bryan et al. [186] 53.7 51.4 54.7 0.5 3.3/6.8%
BiLSTM+

Task | grMo+Attn | BERT

QNLI 79.9 91.1

SST-2 90.9 94.9

STS-B 73.3 86.5

RTE 56.8 70.1

SQuAD | 85.8 91.1

NER 92.2 92.8

TABLE XI: QNLI [187]: Question Natural Language Inference task; SST-2 [4]: Stanford Sentiment Treebank binary classi-
fication; STS-B [188]: Semantic Textual Similarity Benchmark; RTE [189]: Recognizing Textual Entailment; SQUAD [166]:
QA task; NER [180]: Named Entity Recognition.

Young, Tom, et al. "Recent trends in deep learning based natural language processing." ieee
Computational intelligenCe magazine 13.3 (2018): 55-75.
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(c) (d)

A figure from "Visualizing and Understanding Convolutional Networks” by Zeiler and Fergus, 2013, shows early

results for a technique called feature visualization that visualizes the learned features in intermediate hidden
layers of a deep learning model.

https://medium.com/multiple-views-visualization-research-explained/visualization-in-deep-

learning-b29f0ec4f136
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Attention
Das, Agrawal, et al. 2016

"8

https://medium.com/multiple-views-visualization-research-explained/visualization-in-deep-
learning-b29f0ec4i136
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Saliency
Smilkov, et al. 2017

https://medium.com/multiple-views-visualization-research-explained/visualization-in-deep-
learning-b29i0ec4f136
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Yosinski, Jason, et al. "Understanding neural networks through deep visualization." arXiv
preprint arXiv:1506.06579 (2015).
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Yosinski, Jason, et al. "Understanding neural networks through deep visualization." arXiv
oreprint arXiv:1506.06579 (2015).
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Layer 7

Layer 6

Yosinski, Jason, et al. "Understanding neural networks through deep visualization." arXiv
preprint arXiv:1506.06579 (2015).
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Deep Learning

Pirate Ship Rocking Chair

Yosinski, Jason, et al. "Understanding neural networks through deep visualization." arXiv
oreprint arXiv:1506.06579 (2015).
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Projects
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