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- Y0f : Python (Anaconda, Gensim, NLTK &)
(gE 43
- Abe 718 X E ol - & HO|H 40 ¥ 78 =8 £ RAE &4
- =X o|A(z &%), &
-KISA o|A &
[ 24 - SAN)
(BEEH)
1957 TF-IDF (2t L|E &, http://www.bloter.net/archives/264262, A statistical approach to mechanized encoding and searching of

literary information. IBM Journal of research and development, 1(4), 309-317)
(Topic Modeling)
2003 LDAE A Cl2[2a &)
(Word Embedding)
2013 Word2Vec (7+32)
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THE FUTURE OF EMPLOYMENT: HOW

SUSCEPTIBLE ARE JOBS TO

COMPUTERISATION?*

Carl Benedikt Frey' and Michael A. Osbornet

September 17, 2013

Computensable

Probability  Label s0C code  Oecopabion

Rank

Lawyers

23-1011
3-1012
23-1021

0

0035
.41
(.64

.44

115,

Judicial Law Clerks

5

276

Administrative Law Judges, Adjudicators, and Heanng Otficers

Paralegals and Legal Assistanis
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C.O.IN, OR HOW JP MORGAN SAVED ALMOST HALF A '

MILLION HOURS FOR TS LAWYERS WITH Al
X

JPMorgan Software Does in
Seconds What Took Lawyers
360,000 Hours

Sl S



s to Create the 'RoboCop of Lawyers'

CEEEEREN ATRIUM HAS SECURED $10.5M IN FUNDING

atrium ABOUT TEAM SERVICES COMMUNITY CAREERS BLOG BECOME A CLIENT

Atrium LTS

We are dedicated to providing
exceptional tools and processes to
transform the delivery of corporate
legal services.

As an entrepreneur who founded 6 companies, invested in 71
and advised hundreds through Y Combinator, | spent millions of
dollars and became an involuntary ‘power user' of corporate
legal services, yet | remained discontent.

LEGAL SERVICES
FOR STARTUPS

DES'GNED BY FOUNDERS / legal technology of the future to automate repetitive, low-value

work and allow firms to deliver speed, transparency and cost
BECOME A CLIENT

The companies around us promise customers innovation and
efficiency. The law firms that serve them ought to promise the
same. My founding team is ready to break down the barriers that
have been keeping this $96 billion industry from adopting

certainty to their clients.

JUSTIN KAN
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has successfully completed Min,Sangshik
Machine Learning Foundations: A Case Study has successfully completed.
Approach
a MOOC from the Universit of Washingron and offered through Coursera ol5X|s & 7| A etE Artificial Intelligence and Machine
Learning
(KAISTK.KCS470)
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Competition on Legal Information Extraction and Entailment 2 &
- HE™E == 8l 24 O3] (JAPAN) - «20174, 43

Overview of COLIEE 2017

8 pages - Published: June 3, 2017

Yoshinobu Kano, Mi-Young Kim, Randy Goebel and Ken Satoh

Abstract

We present the evaluation of the legal question answering Competition on Legal Information Extraction/Entailment
(COLIEE) zo17. The COLIEE 2017 Task consists of two sub-Tasks: legal information retrieval (Task 1), and recognizing
entailment between articles and gqueries (Task 2). Participation was open to any group based on any approach, and

the tasks attracted 10 teams. We received g submissions to Task 1 (for a total of 17 runs), and 8 submissions to Task 2

(for a total of 20 runs).

Keyphrases: Information Retrieval, juris-informatics, Legal Document Processing, Question Answering, Textual

Entailment

In: Ken Satoh, Mi-Young Kim, Yoshinobu Kano, Randy Goebel and Tiago Oliveira (editars). COLIEE 2017, 4th

Competition on Legal Information Extraction and Entailment, vol 47, pages 1--8

http://www.nms.kcl.ac.uk/icail2017/cfcoliee.php
http://webdocs.cs.ualberta.ca/~miyoung2/COLIEE2017/
https://easychair.org/publications/paper/350845
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Papers

Overview of COLIEE 2017

Yoshinobu Kano, Mi-Young Kim, Randy Goebel and Ken Satah
Pages 1-8

A Civil Code Article Information Retrieval System based on Fhrase Alignment with Article
Structure Analysis and Ensemble Approach

Masaharu Yoshioka and Daiki Onodera

Pages g-22

Multiple Agent Based Entailment System(MABES) for RTE
Byungtaek Jung, Chiseung Soh, Kihyun Hong, Seungtak Lim and Young-Yik Rhim

Pages 23-30

Recognizing entailments in legal texts using sentence encoding-based and decomposable
attention models

Mguyen Truong Son, Phan Viet Anh and Nguyen Le Minh
Pages 31-42

Improving Legal Information Retrieval by Distributional Composition with Term Order
Probabilities

Danile 5. Carvalho, Vu Tran, Khanh Van Tran and Mguysn Le Minh
Pages 43-56

Analyzable Legal Yes/No Question Answering System using Linguistic Structures
Yoshinobu Kano, Reina Hoshino and Ryosuke Taniguchi

Pages g7-67

Legal Information Retrieval Using Topic Clustering and Neural Networks

Fohan Manda, Adebayo Kalawole John, Luigi Di Caro, Guido Boella and Livio Robaldo
Pages 68-78

Legal Question Answering System using Neural Attention
Ayaka Morimoto, Daiki Kubo, Motaoki Sato, Hiroyuki Shindo and Yuji Matsumoto
Pages 79-8g9
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Volume 47, 2017, Pages 1-8

COLIEE 2017. Fourth Competition on Le- m
gal Information Extraction/Entailment - (‘\

Overview of COLIEE 2017

Yoshinobu Kano', Mi-Young Kim*, Randy Goebel®, and Ken Satoh?
! Faculty of Informatics, Shizuoka University, Japan
University of Alberta, Canada
*National Institute of Informatics, Japan

kanoi@inf.shizuoka.ac.jp, {miyoung2, rgoebel}@ualberta.ca, ksatoh{@nii.ac.jp

Ahbsitract

We present the evaluation of the legal question answering Competition on Legal
Information Extraction/Entatlment (COLIEE) 2017, The COLIEE 2017 Task consists of
two sub-Tasks: legal information retrieval (Task 1), and recogmzing entailment between
articles and quernes (Task 2). Participation was open to any group based on any approach,
and the tasks attracted 10 tcams. We received 9 submissions to Task 1 (for a total of 17
runs), and 8 subrmssions to Task 2 (for a total of 20 runs).


https://sites.google.com/site/ntcir11riteval/
https://sites.google.com/site/ntcir11riteval/

https://sites.google.com/site/ntcir1 Triteval/ Overview_of COLIEE_2017.pdf International Conference on Artificial Intelligence and Law (ICAIL)

Legal Question Answering Data Corpus The corpus of legal questions is
drawn from Japanese Legal Bar exams, and the relevant Japanese Civil
Law articles have been also provided.

Question A person who made a manifestation of intention which was induced by
duress emanated from a third party may rescind such manifestation of
interition on the basis of duress, only If the other party knew or was

negligent of such jact.
Related (Fraud or Duress) Article 96 (1 JManifestation of intention which is
Article induced by any fraud or duress may be rescinged {2 Jn cases any thivd

party commits any fraud inducing any person to make a manifestarion of
infenttion to the other party, such manifesiation of intention may be
rescinded only If the other party knew such fuct (3 )The rescission of the
manifestation of imtention induced by the fraud pursuani o the provision
of the preceding two paragraphs may not be asserfed against a third
party without knowledge.

Question A special provision that releases warranty can be made, but in that
situation, when there are rights that the seller establishes on histher own
for a third party, the seller is not released of warranty.

Related ( Special Agreement Disclaiming Warranty)Article 572

Article Even if the seller makes a special agreement to the effect that the seller
will not provide the warranties set forth from Article 560 through to the
preceding Article, the seller may not be released from that responsibility
with respect to any fact that the seller knew but did not disclose, and with
respect to any right that the seller himselffherself created for or assigned
to a thard party.

Label Yes
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2.1 Task1

Our goal 1s to explore and evaluate legal document retrnieval technologies that are both effective and
rehable. The Task investigates the performance of systems that search a static set of civil law articles
using previously unseen quenes, and return relevant articles. We say an article 1s “*Relevant™ to a query
if and only 1f the query sentence can be entailed from the meaning of the article. If combining the
meanings of more than one arhicle (e.g., “A.” “B.” and “C") can answer a query sentence, then all the
articles (“A.” “B.”, and “C") are considered “Relevant.” It a query can be answered by an article *D."
and 1t can be also answered by another article “E” independently, we also say that both “D™ and “E™
are “Relevant.” This Task requires the retnieval of alf the articles that are relevant to answering a query.

Japanese civil law articles (and English translation) have been provided, and traming data consists
of query and relevant article pairs. The process of executing the queries over the articles and generating
the expenmental runs should be entirely automatic. Test data includes only quenes but no relevant

articles.
1D Approaches
HUKEB article structure analysis, phrase matching, rank 5VM with 15 similanty scores and alignment
scores, ensemble
1L1s7-1 TF-1DF, LSM, LDA, Word2Vec, L5A
JAISTNLP | TF-IDF
JNLFP ranking related n-gram collections, term order probabilities, relevance disambiguation.
MNOR LDA
UA TF-1DF, language model |I

Latent Dirichlet allocation (LDA)


https://sites.google.com/site/ntcir11riteval/
https://sites.google.com/site/ntcir11riteval/

https://sites.google.com/site/ntcir1 Triteval/ Overview_of COLIEE_2017.pdf International Conference on Artificial Intelligence and Law (ICAIL)

2.2 Task?2

The goal of Phase 2 1s to jconstruct Yes/No question answering systems for lesal guenes, by
entaillment from the relevant articles. The Task investigates the performance of systems that answer Y™
or “N" to previously unseen quenes by somehow companng the intersection of meanings between
queries and relevant articles. Training data consists of tniples: a query, relevant articles and a correct
answer “Y" or “N." For the competition evaluation, the process of finding relevant articles, executing
the quenes over the relevant articles and generating the experimental runs should be entirely automatic.
Test data includes only quenes and corresponding “Y/N™ labels for each query.

1D Approaches

1L1s9 TF-IDF, negation detection

TAISINLY rankimng, encoding-based and attention neural network

KIS case-role based Imgumstic analysis, predicate-argument structures

NAIST Word2vec, attention neural network

NOR CNN, LSTM

LA Korean dependency parser, Excite Japanese/Korean machme translation, semantic

dictwonary, k-means clustenng
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Run Prec. | Recall | F L. | Run Prec. | Recall | F | ¥
HUKB-1 0.658 | 0.472 | 0550 | 1 | INLPI-T | 0,500 | 0354 | 0414 | E
HUKB-2 0.586 | 0.490 | 0534 | 1 [ KIDI7 0.703 | 0.518 | 0.596 EI]
HUKB-3 0.551 | 0.536 | 0543 | T | grsapem | 0263 | 0272 | 0.267 | ]

iLis7-1 | 0.734 | 0554 | 0.632 | E | KISIE-NM | 0.346 | 0245 | 0.287 [ ]

iLis7-2 0.654 | 0.500 | 0567 | E [ NORI7 0462 | 0500 | 0.480 | E
JAISTNLP2-la-norerank | 0.628 | 0.445 | 0521 | E | UA-LM 0.602 | 0427 | 0500 | E
JAISTNLP2-Ib-rerank | 0615 | 0436 | 0510 | E || UA-TFIDF | 0.666 | 0.472 | 0.553 | E
INLPI-R 0.686 | 0.536 | 0.602 | E | VNPT 0430 | 0281 | 0340 | E
INLPI-RT 0.680 | 0.545 | 0.609 | E

IR results (Task 1) on the formal run data.

Run Accuracy | Language | Run Accuracy | Language
iLis7 0.564 English | KIS-YN-CM [ 0.538 Japanese

iLis9-1 0.576 English | KIS-YN-CS | 0.589 Japanese

iLis9-2 0.53% Japanese | KIS-YN-M | 0.576 Japanese

JAISTNLP2-2a-la-norerank | 0.512 English | KIS-YN-3 | 0.653 Japanese

JAISTNLP2-2a-Ibrerank | 0.474 Enghsh | NAISTI | 0615 | Japanese |
JAISTNLP2-2b-1a-norerank | 0.487 English | NAIST2 0.653 Japanese

JAISTNLP2-2b-1b-rerank | 0.500 English | NAIST3 0.474 Japanese

INLPI-R 0.435 English | NORI? 0.53% English

INLPI-RT 0.487 English | UA-LM 0.717 Japanese

KIS-YN-A 0.53% Japanese | UA-TFIDF | 0.692 Japanese

Entailment results (Task 2) on the formal run data
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conda search python

conda create -n py35 python=3.5.3 anaconda
activate py35

deactivate py35

Python 3.6 version

Anaconda Cloud Documentation Blog Contact Q

What is Anaconda? Products Support Community About Resources Download

Anaconda 4.4.0 For Windows Installer

Python 2.7 version ”

64-Bit Graphical Installer (430 MB) @

& Download

Download 32-Bit {354 MB)

Behind a firewall?
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How to Install ANACONDA
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http://radimrehurek.com/gensim/install.html

Download
. <

latest version from the Python Package index |

- - Direct install with:
Gopic modelling for humans ! easy_install -U gensim
Home Tutorials Install Support API About

from gensim import corpora, models, similarities

# Load corpus iterator from a Matrix Market file on disk.
corpus = corpora.MmCorpus(’'/path/to/corpus.mm’)

# Initialize Latent Semantic Indexing with 260 dimensions.
1si = models.LsiModel(corpus, num_topics=220)

# Convert another corpus to the Latent space and index 1it.
index = similarities.MatrixSimilarity(lsi[another_corpus])

# Compute similarity of a query vs. indexed documents
sims = index[query]

Features

Hover your mouse over each feature for more info.

~ rd —
@ Scalability %// Platform independent v Robust

286

Efficient implementations V Converters & I/O formats

Gensim is a FREE Python library

° Scalable statistical semantics

o Analyze plain-text documents for semantic structure

° Retrieve semantically similar documents

(NE/Z/d Open source

$
Similarity queries E i Support

N
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http://konlpy-

HE 71 - from konlpy.tag import Twitter , EO-reaitheldOCS-iO/kO/V0'4-3/m0rph/

|-A SHEHAE M _ SHEJAH CltAH ttp://konlpy-

morphs & (2 JHiAES - FHAER tesl) ko.readthedocs.io/ko/v0.4.3/api/konlpy.tag/

tokens_ko
['xl%l-_g_?_%tbll-“, IO|_|?|_| |7HX—|| =z E', |O|.| |(| |I—|O|2|_| |O|O_I| II:H__H__I lI:||-o|| nt loll IOI.II ILI’ l—'—l |9890l l|:||-
—o—|, 'E%OEI', 1 12010| [ l11l [ |12| 1 ||:||-| loll IXI_I 11 II-|O|2|_I 1o |O||:|:|Al 1 ll I7I%%I |O|A|_I-|| l.l 1
(]:IAOI--HJ,' 1 |OI_I._H|_|:|H| lgl.O:'X-h

=gk 4 el ek, 02!, -, 1788, -, 14649, ), 'tanzania@assembly.go.kr', 1), -, 1117, -]

https://m.blog.naver.com/2feelus/220384206922




HE JHECE - import nltk
ko = nltk.Text ()

http://konlpy-
ko.readthedocs.io/ko/v0.4.3/morph/
http://konlpy-
ko.readthedocs.io/ko/v0.4.3/api/konlpy.tag/

tokens_ko

'Xl%l-_g—_?_% I:|LI', I(DE|_I?I_II |7on-||’ 'H|=|-I§', IOI_I.II I(I’ IIO-|9|§|_II lOlO_Il 'EH_'H'_ tlegl I)II |9 ll 1
O|_I-', ||:|I_.||I |§|’ '9890', 'I:él-—qll, 'g_?é-loell, 120101 |11| 12 III I|:||-l |9_| X|-l, I:II 1
Sola ., 0| HA, L AS S, Ol AR, 1 0labT, oy e
=AMk, 2 e ek, e, 02!, -, 788, - 14649, ), 'tanzania@assembly.go.kr,
|)|, |_|I |11|, |_|]

(ko.tokens))
(ko.tokens)))

https://m.blog.naver.com/2feelus/220384206922
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pylab.show =

ko.dispersio

HEENF2 1)

- import nltk
ko = nltk.Text ()

)

: pylab.savefig(
n_plot ([

http://konlpy-
ko.readthedocs.io/ko/v0.4.3/morph/
http://konlpy-
ko.readthedocs.io/ko/v0.4.3/api/konlpy.tag/
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- import nltk
ko = nltk.Text ()

ko .concordance(

http://konlpy-
ko.readthedocs.io/ko/v0.4.3/morph/
http://konlpy-
ko.readthedocs.io/ko/v0.4.3/api/konlpy.tag/
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konlpy.tag Twitter;
t = Twitter()
tags_ko = t.pos(

(tags_ko)
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H= / 7E>°._ - from gensim import corpora
dictionary_ko = corpora.Dictionary(texts_ko)
dictionary_ko.save('ko.dict’) # save dictionary to file for future use

gensim corpora

( )

dictionary_ko = corpora.Dictionary(texts_ko)
dictionary_ko.save( )
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XA A0 X 2| (Natural Language Processing)
-E—E7I-*"(Distributional Hypothesis), H1E{ 3 7t 2 & (Vector Space Models)
AO{stY ZHO|M Harris (1954), Firth (1957)2] 2% 7t (Distributional Hypothesis)2 &8¢t o|0] RFAIEE &Y
OtO|C|Of : "BI='E 'o|0|'2 Haltgl 4= QUL
2N YB(LESX)0 H5Hs 2420 HSS MEBIO| MER EHE 4 UCH
* CHO] B = HE AR 22| ot 2 24
BIE S2HHl BiEHE 8= A= AF0I2 HelJF JFZCHE 210|101 | AFSHCE,
distributional hypothesis : Hl=8t &t S&d= HHE=2 |FASH 20|12 XILl= ZE&0| UL
statistical semantics hypothe8|s A AFE22 SHX IHE2 AI2I=0] 2/0|6+= HIE Oldliot= Ol AL 2= QUCH.
bag of words hypothesis : HH Z A0 E&st HtH=2 BT = M2 A2 2HHE LIEtHLH= 20| UL
HE SAIF Hel 242 %Mé Big et 1 20| = dHl=olLC}t.
Latent relation hypothesis : Hl=<ct IE 22 SAl0l S&ct= SGHA2 FASH Q0|& 2HE XILl= ZE0| UL

Ci

=
I:|-o.| I=II:IH'6<'§
ii}| of - o £1 38 & (Pair-Pattern Matrlx)
Word2Vec, Glove, Fasttext &

: THO-E A "(Term Document Matrix),
3(Word-Context Matrix),




Word Embedding : TH0f
‘one-hot encoding &4 :

S1. "l am a boy"
S2. "l am a girl"

s}
ClElA H==E St (Bag of Words)

["I": 0, "am™: 1, "a": 2, "boy": 3, "girl": 4]

S1 OHE : [11110]
S2 OHE : [11101]

B A

= 1y

-> LSA® ool

SVD(Eo|zt&sl, Singular Value Decomposition), PCAFdEEAN,

Principal Component Analysis)

Latent Sematic Analysis)= > NNLM, WOI’dZVEC, Glove, Fasttext %

- Word Embedding
= oE0| CHojZto| A E
St BH=0{ K|
o= HHXHR O BB 2 A
(Feature)@t k| = Tt
OlLf=A. THO17} ZEX[ 2%
HZto| A= Sof CHEE

L= O

o ZA S T=O{LA =t

Deerwester et ak.(1990)2t Landauer and Dumais(1997)2 O| 7|¥H&
meaning)2 RAHOZ EES 4= QA &f ZNHOZ BN

Rapp(2003)= 2

A
T d

A

~

=
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embedding ==

=z B e =2

Ol ZZ|statof| M, ol Z (25, SO embedding) == £71= 1 20| HolHut 2

Definition of embedding in English Dictionary

FAF (Noun) pEMembeddings [EE-ing
1. (mathematics) A map which maps a subspace (smaller structure) to the
whole space (larger structure).
= A (Verb)

1. present participle of embed.

—

Ol OJE{Q| ' O|= H|A, Vozalis and Margaritis(2003

2t A=

S|

OF

I Cto|QF 28 Zto| LYXY = QI o|O|(latent/hidden

J
1% oo

d & REo 45 ¢ =2
)2 LHL|O|E 2| sparsityE =0|= &t

https://ratsgo.github.io/from%20frequency%20to%20semantics/2017/04/06/pcasvdlsa/




Word Embedding 2 &

2003 2013 2014 2016
Neural Network Language Word2Vec GloVe Fasttext
Model(NNLM, Bengio) (Google Mikolov) (AEHEZ E CHsh (mlojlAa8)
CBOW Skip-Gram | http://nlp.stanford.edu/projects/glove/

https://research.fb.com/projects/fasttext/

A. Neural Network Language Model(NNLM), Bengio(2003)

P(ZICHP(ZFCHE, 8l 20l M e)) e, 8l=, O], M 2l)
. exp(y
P(w|w,_1,..., W pn1) = W
ZUHRES Z U6l Yo oty
MK S n—17 OS2 nBM HOE == N-gram 220| 1 2&

He| ) T THOj2 ZhFE BrEfs o

. /
0|83l 210 S TS = A EOAM LIS

"A Neural Probabilistic Language Model", Bengio, et al. 2003
http://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf

https://datascienceschool.net/view-notebook/6927b0906f884a67b0da9310d3a581ee/


https://www.google.co.kr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwjk5ZKJzPvSAhUDTLwKHaVcA9cQFggjMAA&url=http://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf&usg=AFQjCNG4K_79pujqq4HocNfhEKturlhy0w&sig2=BwQDTn_J429PA8Bt9K9FOw&bvm=bv.151325232,d.dGc
https://www.google.co.kr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwjk5ZKJzPvSAhUDTLwKHaVcA9cQFggjMAA&url=http://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf&usg=AFQjCNG4K_79pujqq4HocNfhEKturlhy0w&sig2=BwQDTn_J429PA8Bt9K9FOw&bvm=bv.151325232,d.dGc
http://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf
https://research.fb.com/projects/fasttext/
https://research.fb.com/projects/fasttext/

https://ratsgo.github.io/from%20frequency%20to%20semantics/2017/03/30/word2vec/

Word Embedding

B. Word2Vec Et?
Distributional Hypothesis 0] 27{¢t WHE

"Efficient Estimation of Word Representations in Vector Space", Mikolov, et al. 2013
https://arxiv.org/pdf/1301.3781v3.pdf

"word2vec Parameter Learning Explained”, Xin Rong,
http://www-personal.umich.edu/~ronxin/pdf/w2vexp.pdf

2003 2013
Neural Network Language » Word2Vec
Model(NNLM, Bengio) (Google Mikolov)

CBOW Skip-Gram

Neural Network Language Model(NNLM)2 ASSIHME g £E2f 452 HYHe = S0 =8

CBOW(Continuous Bag of Words)2} Skip-Gram & 7IX| 24l0] QIS
- MXtsE FHO| s EHOEE 71X S0 /= THOlE StFe HAL oA L= g H=rt
- 2AE A0 A= T2 FH O E o S5t W Ol Al : N

LS X|(ZI A, Corpus or Corpora) : L= &= HE=C0t L= DHAHE HRAULCEH L= 2fHS HE=C0t



https://arxiv.org/pdf/1301.3781v3.pdf
http://www-personal.umich.edu/~ronxin/pdf/w2vexp.pdf
http://www-personal.umich.edu/~ronxin/pdf/w2vexp.pdf
http://www-personal.umich.edu/~ronxin/pdf/w2vexp.pdf
http://www-personal.umich.edu/~ronxin/pdf/w2vexp.pdf

https://ratsgo.github.io/from%20frequency%20to%20semantics/2017/03/30/word2vec/

Word Embedding
B. Word2Vec Z?

H|==ot QX0 S&6tE T2 1 o0|= FAF Z10|2t= M|
Word2Vec(Skip-Gram)= CtS A2 X[2t6t= 2 SEE &

exp(usv.)

W ;
Z 1 E‘TP{ “";{.:'U{' ]
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01 (context word)

o0l
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X|(window)E Hdl|FH, Word2Vec2 ZSX|
C
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Neural Word Embedding as Implicit Matrix Factorization, Omer and Yoav(2014)
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https://ratsgo.github.io/from frequency to semantics/2017/03/10/frequency/
https://ratsgo.github.io/from frequency to semantics/2017/03/10/frequency/
https://ratsgo.github.io/from frequency to semantics/2017/03/10/frequency/
https://papers.nips.cc/paper/5477-neural-word-embedding-as-implicit-matrix-factorization.pdf
https://papers.nips.cc/paper/5477-neural-word-embedding-as-implicit-matrix-factorization.pdf
https://papers.nips.cc/paper/5477-neural-word-embedding-as-implicit-matrix-factorization.pdf

Word Embedding

B. Word2Vec - word2vec Parameter Learning Explained, Xin Rong

Word Embedding
Explained and Visualized

Xin Rong

a2-dlearn - Ann Arbor, Michigan

Nov 7, 2015
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Skip-gram
word2vec model architecture Skip-gram

https://ronxin.github.io/wevi/
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B. Word2Vec - word2vec Parameter Learning Explained, Xin Rong

https://ronxin.github.io/wevi/



Word Embedding

B. Word2Vec - word2vec Parameter Learning Explained, Xin Rong

&-> A

https://ronxin.github.io/wevi/



Word Embedding
B. Word2Vec Z?

wevi: word embedding visual inspector

Ewverything yvou need fo know about this tool - Source code

Control Panel Heurons

Config:

Chidden_size™:3,"random_state":1,"learming_rate":0
ey

Training data {contextjtarget):

appleldrink*juice, oramge|eat*apple. rice|drink*juice . j
wice |drink®*milk, milk|drink*rice water|drink*milk_juice
orange*apple juice|apple®drink  milk|rice"drink_drink
milk*“water drinklwater*juice drinkljuice*water -

Presets: | Fruit and juice (Skip-gram) ¥ |

Update and Restart Update Leaming Rate

Meaxt 20 100 S00 PCA

Weight Matrices

Input VWector

ol | | [ | [ ][
«n~ [ I HHEEE
eat

orange

Output Vector

HEN EEEN
HENEEEEEN t <

water 5
i EEEEEN ’ - -

apple (xy
arink (="
cat O
juice (e ‘-)
milke (e

rice (¢ - -
water (¥

Vectors

blue dots are input vectors
orange dots are output vectors.

https://ronxin.github.io/wevi/



Word Embedding
B. Word2Vec Z?

{"hidden_size":8,"random_state":1,
"learning_rate":.0.2}

Training data (context|target):

appleldrink”juice,
orangeleat”apple,
rice|drinkjuice,
juice|drink~Amilk,
milk|drink~rice,
water|drink A milk,
juice|lorange”apple,
juice|apple”drink,
milk|rice~drink,
drink|milk~water,
drink|water”juice,
drink|juicewater

https://ronxin.github.io/wevi/, https://github.com/ronxin/wevi

apple :
drink C\ -
eat Qe —~ 75 eat

juice () = : = () juice

orange (¢ . ;
rice (4 () rice
water () O water
apple (O
drink (="
eat( )
juice (e :;jf:-‘

() orange

water ()

apple (O

drink Q

eat @@

juice ()«

milk ()
orange (¥
rice Q&%

water ()



Word Embedding

B. Word2Vec E.I_|-7 king|kindom,que¢n|kindom,k.ing|paIace,queen|palace,king|royal,queen|royal,king|George,q
ueen|Mary,man|rice, woman|rice,man|farmer,woman|farmer,man|house,woman|house,man|G

eorge,woman|Mary

https://ronxin.github.io/wevi/

you can see the infamous analogy: "king - queen = man - woman

ueen
g I

https://www.youtube.com/watch?v=D-ekE-WIlcds&feature=youtu.be
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https://code.google.com/archive/p/word2vec/

Google Code Archive Search i sie —m—

Projects Search About

Project ?.j ’ word2vec

Source
Issues Tool for computing continuous distributed representations of words. . .
Project Information
Wikis .
Introduction The project was created on Jul 30,
Downloads 2013

This tool provides an efficient implementation of the continuous
s License: Apache License 2.0

« 945 stars
* svn-based source control

bag-of-words and skip-gram architectures for computing vector
representations of words. These representations can be
subsequently used in many natural language processing
applications and for further research. Labels:

hcuraietvork | Machinel saring.
Quick start

* Download the code: svn checkout
hitp:/lword2vec.googlecode. com/svnitrunk/

+ Run 'make’ to compile word2vec tool

+ Run the demo scripts: ./demo-word.sh and ./demo-
phrases.sh

+ For questions about the toolkit, see
hitp://groups.google com/group/word2vec-toolkit
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Word Embedding - Exercise 1 — Kaggle Movie Review Data

[Search kaggle Q Competitions Dataseis Kermnels Discussion Jobs “

o Dataset

Word2Vec tutorial - Suite
Training the model -

last updated 3 months ago

Data Kernels Discussion  Activity Download (54 MB)

Data Set

The labeled data set consists of 50,000 IMDEB movie reviews] specially selected for sentiment analysis. The sentiment of reviews is
binary, meaning thg IMDE rating = 5 results in a sentiment score of 0, and rating ==7 have a sentiment score of 1.|No individual movie
has more than 30 reviews. The 25,000 review labeled training set does not include any of the same movies as the 25,000 review test
set. In addition, there are another 50,000 IMDE reviews provided without any rating labels.

File descriptions

labeledTrainData - The labeled training set. The file is tab-delimited and has a header row followed by 25,000 rows containing an id,

sentiment, and text for each review.

testData - The test set. The tab-delimited file has a header row followed by 25,000 rows containing an id and text for each review. Your
task is to predict the sentiment for each one. unlabeledTrainData - An extra training set with no labels. The tab-delimited file has a
header row followed by 50,000 rows containing an id and text for each review. sampleSubmission - A comma-delimited sample
submission file in the correct format. Data fields

id - Unique 1D of each review sentiment - Sentiment of the review; 1 for positive reviews and 0 for negative reviews review - Text of the

review https://www.kaggle.com/belayati/word2vec-tutorial-suite
https://ratsgo.github.io/natural%20language%20processing/2017/03/08/word2vec/



Word Embedding - Exercise 1

JE ) +H3 LR 23 7]
(¥] labeledTrainData tsv 2017-06-23 2= TSV I 32,770KH
A | B | C D E F G H | J K L M N o'
1 |id sentiment review [
2 |5814 8 1 With all this stuff going down at the moment with M) i've started listening to his music, watching the odd documentary here and ther
3 23819 1 #The Classic War of the Worldsw" by Timothy Hines is a very entertaining film that obviously goes to great effort and lengths to faitht
4 77593 0 The film starts with a manager (Nicholas Bell) giving welcome investors (Robert Carradine) to Primal Park . A secret project mutating a
5 36304 0 It must be assumed that those who praised this film (#the greatest filmed opera ever#" didn't | read somewhere?) either don't care fo
6 94958 1 Superbly trashy and wondrously unpretentious 80's exploitation, hooray! The pre-credits opening sequences somewhat give the false ir
7 81968 1 1 dont know why people think this is such a bad movie. Its got a pretty good plot, some good action, and the change of location for +
8 |7166_2 0 This movie could have been very good, but comes up way short. Cheesy special effects and so-so acting. | could have looked past that
9 |10633_1 0 | watched this video at a friend's house. I'm glad | did not waste money buying this one. The video cover has a scene from the 1975 m
10 13191 0 A friend of mine bought this film for &1, and even then it was grossly overpriced. Despite featuring big names such as Adam Sandler,
11 871310 1 <br /><br />This movie is full of references. Like #WiMad Max I, W The wild oneW" and many others. The ladybug™s face it®s a cle
12 124863 0 What happens when an army of wetbacks, towelheads, and Godless Eastern European commies gather their forces south of the border
13 6811_10 1 Although | generally do not like remakes believing that remakes are waste of time; this film is an exception. | didn't actually know so f
14 111744 9 1 #Mr. Harvey Lights a Candle¥" is anchored by a brilliant performance by Timothy Spall.<br /= <br />While we can predict that his titu
15 7369_1 0| had a feeling that after WSubmergedw", this one wouldn't be any better... | was right. He must be looking for champagne money, anc
16 120811 0 note to George Litman, and others: the Mystery Science Theater 3000 riff is Wl don't think so, *breeder*#".<br /> <br />my favorite riff
17 35614 0 Stephen King adaptation (scripted by King himself) in which a young family, newcomers to rural Maine, find out about the pet cemete
18 4489 _1 0 The Matrix' was an exciting summer blockbuster that was visually fantastic but also curiously thought provoking in its Twilight Zone'-
19 139512 0 Ulli Lommel's 1980 film ‘The Boogey Man' is no classic, but it's an above average low budget chiller that's worth a look. The sequel, 19
20 |3304_10 1 This movie is one among the very few Indian movies, that would never fade away with the passage of time, nor would its spell bindinc
21 /9352_10 1 Most people, especially young people, may not understand this film. It looks like a story of loss, when it is actually a story about being
22 133747 1 #Soylent Green'" is one of the best and most disturbing science fiction movies of the 70's and still very persuasive even by today's stz
23 |10782_7 1 Michael Stearns plays Mike, a sexually frustrated individual with an interesting moral attitude towards sexuality. He has no problem og
24 15414 10 1 This happy-go-luck 1939 military swashbuckler, based rather loosely on Rudyard Kipling's memorable poem as well as his novel #Soldi
25 104921 0 1 would love to have that two hours of my life back. It seemed to be several clips from Steve's Animal Planet series that was spliced int
26 133503 0 The script for this movie was probably found in a hair-ball recently coughed up by a really old dog. Mostly an amateur film with lame
27 |6581_7 1 Looking for Quo Vadis at my local video store, | found this 1985 version that locked interesting. Wow! It was amazing! Very much a Ke
28 22033 0 Note to all mad scientists everywhere: if you're going to tum your son into a genetically mutated monster, you need to give him a scar
an lcon - TR T | PRy My PSS - M P-PRRSUNPR SR Y| NPRR S (PR U S PSS RPR S e e Sy £ £ Fes =l [ | LFY A namae ma
W« » M| labeledTrainData %2 Il T [



Word Embedding - Exercise 1

e

(¥] labeledTrainData.tsv
(L] sampleSubmission.csv
|1_T.| testData tsv

||._T| unlabeledTrainData.tsv

_1_1_1_._._l_l_l_‘_‘
I N I = E e i R S e

M| R | | P | P | P | o
=@ N = o

28

e T
(LI |

A B =
id review =
99990  Watching Time Chasers, it obvious that it was made by a bunch of friends. Maybe they were sitting around one day in film school and said, #He
45057_0 | saw this film about 20 years ago and remember it as being particularly nasty. | believe it is based on a true incident: a young man breaks into a
15561_0 Minor Spoilers<br /> <br />In New York, Joan Barnard (Elvire Audrey) is informed that her husband, the archeologist Arthur Barnard (John Saxon
7161_0 | went to see this film with a great deal of excitement as | was at school with the director, he was even a good friend of mine for a while. But sor
439710 VYes, | agree with everyone on this site this movie is VERY VERY bad. To even call this a movie is an insult to all movies ever made. It's 40 minutes
36495 0 Jennifer Ehle was sparkling in WPride and Prejudice#” Jeremy Mortham was simply wonderful in ¥ The Winslow Boy#" With actors of this calibe
49472 0 Amy Poehler is a terrific comedian on Saturday Might Live, but her role in this movie doesn't give her anything to work with. Her character, a puk
36693 0 A plane carrying employees of a large biotech firm--including the CEQ's daughter--goes down in thick forest in the Pacific Northwest. When the
3160 A well made, gritty science fiction movie, it could be lost among hundreds of other similar movies, but it has several strong points to keep it neal
32454 0 Incredibly dumb and utterly predictable story of a rich teen girl who, not given love by her parents, starts a girl gang. They rob gas stations, rape
371280 After reading the comments for this movie, | am not sure whether | should be angry, sad or sickened. Seeing comments typical of people who a)l
19439 0 It's hard to describe Elfen Lied to someone who hasn't heard of it; the closest | can think of is a strange mix of extreme violence, romance and dr
10760_0 Of all the bile-inducing vomitoriums to squeeze out of Tinseltown's bloody sphincter over the past 50 years, this is indisputably the worst of the |
15073_0 This is quite an underrated Hitchcock movie. While its not one of his best movies, this is actually quite good. The plot is very World War 2-inspire
331190 Being a huge Gary Oldman fan, | had high hopes for this film. And the #Deleverence/Straw Dogs#"-esquire story about an English couple vacati
387350 For the most part the acting was poorly done (especially on part of the Park Ranger), and the stories were anything but scary. Predictable and ral
12041_0 Ram Gopal Varma does it again yet another movie which draws you into the reality of Underworld and introduces you to the machinery of Mum
41565_0 | gave it 2 for some attempt at historical detail.. To echo another reviewer, all the actors behave as in the 20th/21st centuries, not the Victorian 1
486120 | wanted to watch this one sense | am a fan of films such as #WlLast House on the Lefti#” and #"Maniaci#”". This film follows in this same gener on
17525_0 Che is a good film for chronicling the events leading to the Cuban Revolution and certainly has a mystic potency surrounding Che and his politi
32062_0 This film is very disturbing. It reminded me of the love and affection and materialistic things that we all want for ourselves. It's a movie about ho
48625 0 Let me put it this way. | love bad movies. | pretty much grew up with MST3K since | was about 10. | often rent cheesy horror and action films for
48176 _0 From the combined ministries of Jack and Rexella Van Impe and John Hagee comes Revelation, the second in a trilogy of films about somebody’
16232_0 Ghost World is one of the better teen or comming of age movie i have seen in a while. The story was very sweet, and it gives people who are ho
12528 0 OQutstanding film dealing with a 16 year old who tries to bring stability to a totally dysfunctional family.<br /> <br />There is a truly outstanding
39976 0 This movie did play like a dream or maybe even like an autobiography - it was disjointed. It was basically a bunch of mostly random scenes throi
25857_0 This film is supposedly based on the true account of a prisoner who escaped from Devil's Island in French Guiana. However, the book by Henri Cv
ANCCT M L T [ e e B L o T P bommmn a i e S e M 3 A P L s LT L PP ey
» v | unlabeledTrainData -~ #3

=H| |

T4 - > [1]
i< 99995 |[EE|OIE 100% (=) L} (1)
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el w il

02 +HT 2R 8% 27|

(¥] labeledTrainData.tsv 2017-06-23 2% TSV I+L 32, 770K

(L] sampleSubmission.csv 2017-10-02 2% Microsoft Excel ... 277KB
@ testData.tsv 2017-06-23 X TSV It 31,958KE

[¥] unlabeledTrainData.tsv 2017-06-23 2% TSV I+Y B3, 705KEB

A B C D E F G H | J K L M N O

1 id review

2 |12311_10 Maturally in a film who's main themes are of mortality, nostalgia, and loss of innocence it is perhaps not surprising that it is rated more highly by
3 83482  This movie is a disaster within a disaster film. It is full of great action scenes, which are only meaningful if you throw away all sense of reality. Let
4 58284  Allin all, this is a movie for kids. We saw it tonight and my child loved it. At one point my kid's excitement was so great that sitting was impossik
5 |7186_2  Afraid of the Dark left me with the impression that several different screenplays were written, all too short for a feature length film, then spliced -
6 (12128_7 A very accurate depiction of small time mob life filmed in Mew Jersey. The story, characters and script are believable but the acting drops the ball
7 29138 ..as valuable as King Tut's tomb! (OK, maybe not THAT valuable, but worth hunting down if you can). | notice no one has commented on this me
8 43961 This has to be one of the biggest misfires ever..the script was nice and could have ended a lot betterthe actors should have played better and m
9 3952 This is one of those movies | watched, and wondered, why did | watch it? What did | find so interesting about it? Being a truck driver myself, | di
10 10616_1 The worst movie i've seen in years {and i've seen a lot of movies). Acting is terrible, there is no plot whatsoever, there is no point whatsoever, i fel
11 190749  Five medical students (Kevin Bacon, David Labraccio; William Baldwin, Dr. Joe Hurley; Cliver Platt, Randy Steckle; Julia Roberts, Dr. Rachel Mannu:e
12 19252_3  The Mill on the Floss' was one of the lesser novels by Mary Ann Evans, who wrote under the male pseudonym George Eliot. | tried to read this d
13 19896_9 | just saw this film at the phoenix film festival today and loved it. The synopsis was listed in our program as Wan old Shakespearean actor invites
14 |574 4 WThe Love Letter” is one of those movies that could have been really clever, but they wasted it. Focusing on a letter wreaking havoc in a small *
15 111182_8 Another fantastic offering from the Monkey Island team and though it was a long time coming and had to survive the departure of Ron Gilbert
16 11656_4 This was included on the disk #Shorts: Volume 2#"--a rather dull collection of short films. Shorts are among my favorite style of films but someh
17 123224 I'm not really much of an Abbott & Costello fan (although | do enjoy WWho's On First#™) and, to be honest, there wasn't much in this movie tha
18 8703_1  This movie was dreadful. Biblically very inaccurate. Moses was 80 years old when he led the people out of Egypt, the movie has him about forty.
19 | 7483_1 I don't think I've ever gave something a 1/10 rating, but this one easily gets the denomination. | find it hard just to sit through one of his jokes. |
20 |6007_10 Excellent story-telling and cinematography. Poignant, biting social commentary.<br /= <br />Superb effects. Well-filmed and acted.<br /> <br />
21 12424 4 | completely forgot that I'd seen this within a couple of days, which is pretty revealing in itself. The umpteenth version of Gaston 'Phantom of the
22 46721 | like action movies. | have a softspot for WB#" flicks with bad dialogue and wooden acting. So, I've been wracking my brain to come up with on
23 10841_3 This is one of the worst Sandra Bullock movie since Speed 2 But not quite that bad. | really lost it with those out of the blue not so #special effe
24 89547  Watched this flick on Saturday afternoon cable. Man, did it drag. | got the metaphors, symbolism, and all that stuff. Mo, | didn't care one way or :
25 |7392_1 I went to see WTKIAW" with high expectations, which might have influence on my opinion on it. | have seen all of the Dogme films, and this TKI£
26 [10288_8 All credit to writer/director Gilles Mimouni who fashioned this winding, twisting tale of deceit and betrayal. While keeping the utmost control, he
27 53434  As a writing teacher, there are two ending | never allow my students to use: WThen | woke upW" and ¥"Then | Got Run QOver by a Truck#" | am r
28 4950_1 I don't know why this has gotten any decent reviews as it could be the weakest horror comedy I've ever seen. Englund is just in it for a cameo an
SN AacT A Thaic Filon ssroo colancad fo the 1IW odae tho onono Mlood Didos 1+ aiine bhooemad acatcicalas o 5% FES 0N | H £ 1 [ £ r [ £ r Ao Tho ul
H 4 v M| testData ¥ [ I | 1]




Word Embedding - Exercise 1

Read 25000 labeled train reviews, 25000 labeled test reviews, and 50000 unlabeled reviews

2017-10-02 22:24:42,461 : INFO : collecting all words and their counts

2017-10-02 22:24:45,961 : INFO : collected 123504 word types from a corpus of 17798082 raw words and 795538
sentences

2017-10-02 22:24:46,110 : INFO : estimated required memory for 16490 words and 300 dimensions: 47821000 bytes
2017-10-02 22:24:46,390 : INFO : training model with 6 workers on 16490 vocabulary and 300 features, using sg=0
hs=0 sample=1e-05 negative=5 window=10

2017-10-02 22:25:43,623 : INFO : saved 300features 40minwords_10context

s

UE FET 2n 2 37

data 2000-11-22 2¢O 24
| | 300features_40minwords_10context 2000-11-22 @# . oy 59,280KE
E| run_log.txt 2000-11-22 F.. H2EF 25KB
| | sentences.pickle 2000-11-22 2¥..  PICKLE ItZ 246,172KB
| | wav_sample.py 2000-11-23 28, PY LtE SKB

model = word2vec.Word2Vec. |oad(

.doesnt_match(
.doesnt_match(

.doesnt_match(

.most_similar(

.most_similar(

.most_similar(



Word Embedding - Exercise 1

[ Eat]

Q1. doesnt_match [man woman child kitchen]
Kitchen

Q2. doesnt_match [france england germany berlin]
Berlin

Q3. doesnt_match [paris berlin london china]
China

Q4. most_similar [man]

[(‘'murderer’, 0.9646390676498413), (‘'seeks', 0.9643397927284241), ('priest’, 0.9583220481872559),
(‘'obsessed’, 0.9529876708984375), (‘patient’, 0.9518172144889832), (‘accused’, 0.9511740207672119),
(‘prostitute’, 0.9504649043083191), (‘'determined’, 0.9503258466720581), (‘lonely’, 0.94843989610672),
('learns', 0.9481915235519409)]

Q5. most_similar [queen]

[(‘preston’, 0.9884580373764038), (‘duke’, 0.9870703220367432), ('belle', 0.9855383634567261),
(‘princess’, 0.9838896989822388), ('sally’, 0.9837985038757324), ('karl', 0.9834704399108887),
(‘marshall’, 0.9831289649009705), (‘cole’, 0.9830288887023926), ('virginia', 0.9829562306404114),
('veronica', 0.9828841686248779)]

Q6. most_similar [terrible]

[(‘horrible’, 0.9897130131721497), (‘awful’, 0.976392924785614), ('lame’, 0.9656811952590942), (*horrid’,
0.9629285335540771), (‘alright’, 0.9597908854484558), ('boring’, 0.9586129188537598), (‘mess’,
0.9550553560256958), (‘cringe’, 0.9532005786895752), (‘badly’, 0.9410943388938904), (‘horrendous’,
0.9403845071792603)]



https://ratsgo.github.io/natural%20language%20processing/2017/03/08/word2vec/

Word Embedding - Exercise 1

mode| .wv.save_word2vec_format (

A1649 M Fe | disingenuous 0.065291 -0.011626 0.104388 -0.013313 0.065584 -0.053475 -0.047935 0.052099 -0.03%

16469 inhumanity 0.062615 0.000141 0.118493 -0.016572 0.060124 -0.042580 -0.061475 0.043932 -0.047785 0.041030 -0.033785 -0.033839 0.
16470 objection 0.082133 0.006591 0.126224 -0.001112 0.056210 -0.071137 -0.049406 0.057289 -0.064228 0.040781 -0.034007 -0.028995 0.03'
16471 uncensored 0.059816 -0.007009 0.111052 -0.010294 0.034936 -0.037102 -0.048609 0.084554 -0.046209 0.021842 -0.034450 -0.016625 0
16472 lookout 0.065192 -0.001321 0.104255 -0.009723 0.036137 -0.041666 -0.039423 0.075729 -0.068599 0.023492 -0.029275 -0.014758 0.038
16473 uncovering 0.082729 0.033476 0.117745 0.009669 0.031754 -0.056303 -0.046046 0.051891 -0.098918 0.014284 -0.023918 -0.022070 0.0,
16474 colorless 0.051449 -0.008189 0.075467 -0.012868 0.060212 -0.028053 -0.040537 0.037834 -0.050642 0.025742 -0.016234 -0.036306 0.04.
16475 dominatrix 0.079583 0.027954 0.090587 0.034038 0.032119 -0.046981 -0.035562 0.058485 -0.102870 0.001484 -0.016309 -0.026510 0.07
16476 dong 0.072526 0.003858 0.099715 -0.005476 0.041275 -0.037135 -0.042155 0.064802 -0.076078 0.027900 -0.024414 -0.027716 0.04220¢
16477 grable 0.045424 -0.010232 0.068509 -0.010923 0.035688 -0.019364 -0.024808 0.054730 -0.059797 0.012360 -0.011559 -0.022958 0.0402
16478 pandora 0.054560 -0.001376 0.095983 -0.012359 0.042158 -0.019393 -0.050921 0.068880 -0.058302 0.016643 -0.028182 -0.026255 (.03
16479 insatiable 0.076519 0.014951 0.099842 0.013946 0.046610 -0.047857 -0.047781 0.052447 -0.081810 0.018840 -0.022099 -0.033795 0.057
16480 farts 0.098136 0.020354 0.109245 0.036706 0.046962 -0.073489 -0.045725 0.075917 -0.082278 0.016028 -0.032291 -0.024917 0.052259 C
16481 captions 0.060328 -0.015657 0.112117 -0.017126 0.055934 -0.031616 -0.063998 0.069225 -0.030888 0.032269 -0.037303 -0.027586 0.014
16482 snore 0.075110 -0.009759 0.098363 0.011266 0.058267 -0.045813 -0.052961 0.075294 -0.041588 0.025364 -0.030925 -0.027624 0.01736:
16483 emilio 0.042342 -0.008230 0.063953 -0.013089 0.037293 0.000343 -0.033365 0.061751 -0.061577 0.012001 -0.013618 -0.029022 0.03888
16484 rewritten 0.050912 -0.029217 0.104865 -0.036348 0.063454 -0.024686 -0.059097 0.062118 -0.005092 0.037802 -0.033321 -0.030523 -0.0
16485 barman 0.062423 -0.014140 0.087392 -0.008390 0.063597 -0.030009 -0.044421 0.064284 -0.035645 0.030124 -0.027477 -0.030743 0.024
16486 briggs 0.051813 -0.008025 0.064855 -0.000556 0.023652 -0.019824 -0.022766 0.076636 -0.079579 0.012051 -0.014689 -0.016837 0.0378.
16487 faris 0.068148 -0.010047 0.075907 -0.000659 0.049653 -0.044018 -0.021908 0.065353 -0.064937 0.023574 -0.016363 -0.028781 0.028573
| 16488 patchy 0.036621 -0.036722 0.068435 -0.026754 0.077924 -0.005753 -0.059377 0.043017 0.006042 0.038097 -0.025821 -0.042218 0.0030:
16489 wasps 0.069448 0.029793 0.093991 0.015921 0.028818 -0.026912 -0.054661 0.067657 -0.088521 0.000179 -0.027535 -0.018127 0.077593
16490 backlash 0.055496 -0.007321 0.111126 -0.025181 0.047458 -0.033871 -0.059793 0.066283 -0.049800 0.041193 -0.038003 -0.023593 0.03
16491 |d'|'5'|ngenu0u5 0.065291 -0.011626 0104388 -0.013313 0.065584 -0.053475 -0.047935 0.052099 -0.039893 0.045941 -0.031212 -0.035681

16490 x 300




Word Embedding - Exercise 2

¥ Featured Dataset

NIPS 2015 Papers

Explore and analyze this year's NIPS papers

o Ben Hamner - last updated 5 months ago

Papers.csv

This file contains one row for each of the 403 NIPS papers from this year's conference. It includes the
following fields

» Id - unique identifier for the paper (equivalent to the one in NIPS's system)

« Title - title of the paper

+ EventType - whether it's a poster, oral. or spotlight presentation

« PdfName - filename for the PDF document

« Abstract - text for the abstract (scraped from the NIPS website)

» PaperText - raw text from the PDF document (created using the tool pdftotext)

Authors.csv PaperAuthors.csv

This file contains id's and names for each of the authors on this year's NIPS papers. This file links papers to their corresponding authors.
« ld - unique identifier for the author (equivalent to the one in NIPS's system) « Id - unique identifier

« Name - author's name - Paperld - id for the paper

« Authorld - id for the author

https://www.kaggle.com/cherishzhang/clustering-on-papers
https://github.com/benhamner/nips-2015-papers/blob/master/src/download _papers.py
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papers_datal | = papers_datal ] .apply( x:clean_text(x))
papers_datal | = papers_datal ] .apply( x:clean_text(x))
papers_datal | = papers_datal ] .apply( x: clean_text(x))

abstract2kw = extract_tfidf_keywords(papers_datal
text2kw = extract_tfidf_keywords(papers_datal

abstract2kw)
text2kw)

(TFIDF) 4037H2| £A{-> abstract, papertext-> Zf 207l, 10071l & 7|9 E F&=

[

['possibl’, 'onli', 'data’, 'qualiti’, 'involv', 'reduct’, 'multipl’, 'label', 'popular’, 'address’,
‘lower’, 'fast’, 'challeng’, 'form', 'machin learn, 'low', 'obtain’, 'rate’, 'natur’, 'make’],
['loss’, 'convex', 'robust’, 'classif', 'strong’, 'solut’, 'prove’, 'ani', 'paper propos', 'result’,
'label’, 'nois’, 'limit’, 'standard’, 'make’, 'random’, 'howeV', 'class’, 'experi’, 'linear'],

https://www.kaggle.com/cherishzhang/clustering-on-papers
https://github.com/benhamner/nips-2015-papers/blob/master/src/download _papers.py
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docdvecs = []
| rangeil, len{abstractZkw)):
ko in rangel 100}]
rangeil, len{abstractkw[i])):
abstractZkw] ][] worddvec_mode|
vec += worddvec_mode | [abstractzkw[ i][i]]

rangeill, leni{textkw[i]l):
textekw[i][i] worddvec_mode| :
vec += worddvec_mode | [ textZlawl i][i]]

docvecs Jappend( vec )

Similariti squaref ormipdi st {docvecs

https://www.kaggle.com/cherishzhang/clustering-on-papers
https://github.com/benhamner/nips-2015-papers/blob/master/src/download _papers.py
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num_clusters =

km = KMeans( =num_clusters)
km. fit(doc2vecs)

clusters = km. labels_.tolist()

A B C W]
1 |Id Title EventType Cluster
2 5802 Planar Ultrametrics for Image Segmentation Poster 7
3 5677 Double or Mothing: Multiplicative Incentive Mechanisms for Crowdsourcing Poster o
4 6019 Algorithmic Stability and Uniform Generalization Poster 2
5 5814 Parallel Correlation Clustering on Big Graphs Poster =
2] 5776 Expressing an lmage Stream with a Sequence of Matural Sentences Poster a8
7 5776 Expressing an lmage Stream with a Sequence of Matural Sentences FPoster 8
8 5714 Robust Portfolio Optimization Poster 5
9 5776 Expressing an lmage Stream with a Sequence of Matural Sentences Poster a8
10 6019 Algorithmic Stability and Uniform Generalization Poster 2
171 5802 Planar Ultrametrics for Image Segmentation FPoster 7
12 6019 Algorithmic Stability and Uniform Generalization Poster 2
13 5937 Logarithmic Time Online Multiclass prediction Spotlight s
14 5941 Learning with Symmetric Label Moise: The Importance of Being Unhinged Spotlight 1
15 5802 Planar Ultrametrics for Image Segmentation Poster 7
16 5776 Expressing an lmage Stream with a Sequence of Matural Sentences Poster a8
17 5937 Logarithmic Time Online Multiclass prediction Spotlight &
18 5941 Learning with Symmetric Label Moise: The Importance of Being Unhinged Spotlight 1
19 5941 Learning with Symmetric Label Moise: The Importance of Being Unhinged Spotlight 1
20 5802 Planar Ultrametrics for Image Segmentation Poster 7
21 5714 Robust Portfolio Optimization Poster 5
22 5941 Learning with Symmetric Label Moise: The Importance of Being Unhinged Spotlight 1
23 6019 Algorithmic Stability and Uniform Generalization Poster 2
24 5937 Logarithmic Time Online Multiclass prediction Spotlight 6
25 5677 Double or Mothing: Multiplicative Incentive Mechanisms for Crowdsourcing Poster o]
26 5714 Robust Portfolio Optimization FPoster 5
27 5714 Robust Portfolio Optimization Poster 5
28 5937 Logarithmic Time Online Multiclass prediction Spotlight 3
29 5937 Logarithmic Time Online Multiclass prediction Spotlight 6
30 5776 Expressing an lmage Stream with a Sequence of Matural Sentences Poster 8
31 5776 Expressing an lmage Stream with a Sequence of Matural Sentences Poster a8
32 5776 Expressing an Image Stream with a Sequence of Matural Sentences Poster 8
https://www.kaggle.com/cherishzhang/clustering=or=papers

https://github.com/benhamner/nips-2015-papers/blob/master/src/download _papers.py
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(<=&) WEB Page -> HTML FILES

Project » 20170918_AI_LAW » Sourcecode » fsc_Crawling » output_crawling » fsc_lawreg_html_crawling v 0 fac_lawreg_html
R B H LR 2% 37|
2] 280.html 2000-11-08 2F . HTML T+ AKB
2] 281.html 2000-11-08 @F.. HIML I+ 3KB
2] 282.html 5000-11-08 @F . HTML THY 3KE
2] 283.html 2000-11-08 .. HIML Y 2KB
2] 284 html 2000-11-08 .. HIML LY SKB
2] 285.html 2000-11-08 @F.. HIML IY 3KB
2] 286.htm 2000-11-08 28 .. HTML T+ AKB
2] 292.html 2000-11-08 8 HTML It 3KB
(2] 294.html 2000-11-08 @F..  HTML Iy 70KB
2] 296.html 2000-11-08 @F.. HIML I+ 3KB
2] 297.html 5000-11-08 @F . HTML THY 3KE
2] 298.html 2000-11-08 .. HIML Y 3KB
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2] 300.html 2000-11-08 2. HTML Iy SKE
2] 301.html 2000-11-08 @F..  HTML It 4KB
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(2] 304.html 2000-11-08 @7F..  HTML T 10KB
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2] 313.html 2000-11-08 .. HIML LY 4KB
2] 314.html 2000-11-08 28 . HTML I+ AKB
2] 315.html 2000-11-08 @F..  HTML It 4KB
2] 316.html 2000-11-08 7 HTML It AKB
2] 317.html 2000-11-08 Q.. HIML IY 3KB
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(DATA) CSV FILE MM (M| 223871 ZHo|/EH 00| H)

1 |NO
2 280
281
2
4 282
5 282
284
&
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EN
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9
10 284
M 4 F M

B
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(DATA ANALYSIS) 2AE25% - 7|9 E =&

step one: extract keywords from Document

step two: keywords are used to build the word2vec mode/
step three.: Document Clustering (K-Means, 20)

S Moun’, "M Moun’, ")/Punctuation’], ['= 8 Moun', "B Moun', T/Euffix’, "2l desa’, ‘=& Moun’, THUMoun', It Moun’, BHF Moun’, T
AMoun’, 2 Moun’, "o AKoreanParticle’, =& /Moun’, EEMoun’, M Moun', “HMNoun', HIZ Moun, T2 Moun, Ml Adosa’, CErERNerh', "H
EMoun', " SForeian’, "Dl Moun’, “HellMoun', "2 /dosa’, "EEMoun’, S Auftin, S/esa’, "EE Mo, G0/ dosa’, "ZH Moon, "2 Moun’,
‘Sflosa’, 2@stENerb', diMoun’, 'E/Josa’, S Moun’, 22/ Josa’, “FSNerb’, "M MNoun’, "S/Jasa’, CHIZO Merb', "EMNoun’, I/ Moun,
', /Punctuation’, ‘Ol Moun’, "2r/Josa’, '&0|/Josa’, "Z2UMNoun’, "Ml Jasa’, "(hEtMoun', "B Moun', "B /Buftiz", "2l /dosa’, "EL Moun’,

A MNoun’, AR Moun’, P2 /Josa’, HITH Moun”, e Moun', "0/Josa’, "OFS /hdjective’, "21/MNoun’, "0I2t0/Josa’, "Ata/Moun', 'Z|Verb',
'Lt/Eomi’, ', /Punctuation’, "ZAlMoun’, ‘2tz Josa’, 'OlgfEt/Adjective’, i A Moun', "Ut=/losa’, ZEMoun’, ‘=& Moun’, S Moun’,

‘0l Adosa’, "OHH & /Adjective’, "MIM Moun', "2 /Josa’, "tR&fMoun', "O1/Josa’, "EMNerb’, "=ZMoun’, Sl=/ddiective’, "Al/Eoni’,

‘o MKoreanParticle’, "= Moun’, "HZMoun", "SMoun’, "2Z/Josa’, "Hell Moun', "R Moun', "= R Moun', "E Moun', "It/ Josa’, HI Moun’,
EMerh', " EFMoun', 2E Moun’, EIAHHDUH, =/osa’, "Hl Moun', AN Suffixt, Dt Josat, HIEEtNerb', :’*—hfhlnun, "i}%,-’hlnun',
RrEMoun’, E/Josa’, CEatH Merb’, E':"':'UHDun, 'O MNoun”, " 2/Josa’, ZOIE D MNerb', 22 Moun’, Ml Moun EHJDsa “GHH Merb ',
OF/Bomi ", "B MNerb', 'LIEHEnml \ ;’F'unctuatlnnJ "o KoreanParticle', ‘=& Moun', "2 MNoun', "HH Moun', 'EJHHnun, ID'anun,

‘S Mount, M /Josa’, EEU'n“erI:l HE Moun', Hl Moun', SMumber’, "E=Moun', "Ml AJosa’, 'II}EHH“erI:l', 'E%fﬂnun', E'.MHHEILIH, ‘=losa,
Hell Moun®, “AEE] Moun”, AT Moun®, B9 Moun®, Ml AJosa’, COBHH Merb’, "2 8 Moun’,  Hel Moun’, 'S /Josa’, "Bt Nerb', "OF/Eoni’,
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M Moun™, "El Nerb', QEHNDUH, ‘Siosa’, S0IENerb', "LICHEami ", {/Punctuation’, S Moun’, CAIE Moun', " Moun, HlMoun’,

'3/Number ', 'Er’Nnun, ). /Punctuation’, "o /KoreanParticle', “A/hlpha’, "Ml /Moun’, "=/dosa’, "EUMoun’, "2l dosa’, 2R MNoun”, "B Moun”,
Z/osa’, ‘ZEMoun’, AL MNoun', S/losa’, 2w MNoun’, T Aerb', S /Bonit, S Moun', “EhNerh’, "HAMoun’, "Eilosa’, Ef2MNoun’, '3
2| Moun”, 'EHJnsa ?‘f"HNnun, ‘W2Moun, SMoun', 2 Moun’, AMMoun', =/Josa’, ERMoun’, 2t Josa’, HEAMoun', CE/hdjective’,
&L CHEmI, fl:'unctuatlnn, CHZF/Noun”, , /Punctuation’, "SfMMoun', "=/MNerb’', "HiMoun', "2t/Josa’, "0/ Josa’, "1999MNumber”, "H/MNoun’,
CHEt2 =2 MMawn', =8 Moun®, "0]/Josa’, IfEHHnun, DifJnaa', CAMA MNount, B MNerb', CWIABomit, W2t erb', "MZEMNount, (0] Josa’,
LHfDetermlner, ‘= Maun’, ':'|f8uff|><, IHIH,-’JDsa 22U Moun', 22 Josa’, HAMoun', =l Nerb', HhMNoun', ‘=/Josa’, WS hdjective’,
Lt/Eomi ", JPunctuatinn', FMoun’, "2 MNoun RhA Moun', "2 /Josat, A MNoun, (M Aosa’, R Aoun”, 2] Josal, S MNoun”,
Itidosat, 0Fd fhdjective’, "B Moun, %E!'ﬂanun, Ol fdosat, BE Moun', "=fosa’, ERMoun’, ', Punctuation’, '-?.-IIEIE"JerI:l ;'Eclml ,
E,JOHAdJectlue, ‘B2 /Emi’, ‘=& Moun’, 'Q%INDUH, kA Moun®, "B Moun', Ul /dosa’, "FBHMoun', TT[ANerh', 'IIEHEnmi', L,_,_,-”hz:rl:l "

Moun', "OZ/Josa’, TS Moun', “EMNerb', "LICHEmi’, ©, Punctuation’, "o AKoreanParticle’, ‘=& Moun', 2B Moun', AN Moun’, 2 oun”,
HIZ Moun', "2 Moun’, "M/ Josa’, DhEtMerh', HE Moun’, Hl Maun’, “3/Mumber”, "3 Moun’, “{/Punctuation’, ‘=& /Moun’, &3 MNoun’,

“Hill Moun”, ) /Punctuation], ["2ESMoun’, "EMoun', E/fdosa’, FEtNerb', ‘ZEMoun’, AU MNoun', TEE Maun, THIE Moun,

%r = Moun', TS Moun', "2 Moun®, CE Moun’', o KoreanParticle’, T2EZ Moun, 22| Moun', Ol Adosa’, EEAerh', "HEMNoun’,

{l Moun”, "33 Mumber ', "EEMoun', 2Mumber’, ‘Ol AJosa’, " HMoun', 2&Moun', HEMoun', E/Josa’, 'HI-E—,-’Hnun' St erh', S/Eomit,
2 Moun’, 91 /hdiective’, "X /Eoni’, "o KorsanParticle’, "2E2MNown', "2 /Jasa’, ‘=M Moun', E/Moun’, TIZHl Moun', " fdosa,



(DATA ANALYSIS) =AM 25 (K-Means)

step one: extract keyworads from Document

step two: keywords are used to build the word2vec mode/
step three: Document Clustering (K-Means, 20)

A B C

1 NO -~ | DATA « | Cluster [+
2 280 HENE|A|AE HSAD ALRE A1) ARFES0 93 HEANE|AAH| HLAD0 AR HERAQ} 2] 27122 ()
3 281 H|UHZ QlaEtAln ACS(Auto Call System)E S3F H| Uz Qladetalo] MA2 LS HM33E(0|8A H|S| =%y
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(DATA ANALYSIS) =AM 25 (K-Means)

step one: extract keywords from Document

step two: keywords are used to build the word2vec mode/
step three.: Document Clustering (K-Means, 20)

[STEPZ]

AO17-10-17 00:14:02,038 - INFO - collected 9769 word tvpes from a corpus of 705967 raw words and 2238 sentences

AMT-10-17 00:14:02,033 - INFO : Loading & fresh vocabulary

A017-10-17 00:14:02,066 : INFO : min_count=5 retains 4658 unique words (47% of oriaginal 9769, drops B111)

A017-10-17 00:14:02,066 : INFO : min_count=5 leaves TB6478 word corpus (98% of oriaginal 775967, drops 9489)

AMT-10-17 00:14:02,073 © IMFO @ deleting the raw counts dictionary of 9769 items

A017-10-17 00:14:02,073 - INFO : sanple=0.001 downsamples 72 most-common words

A017-10-17 00:14:02,079 : INFO : downsampling leaves estimated 594246 ward corpus (779.5% of prior TEGE47E)

A017-10-17 00:14:02,079 - INFO : estimated required memory for 4658 words and 100 dinensions: BOER400 bytes

A017-10-17 00:14:02,090 - INFO : resetting laver weights

ED1§—1D§1T 00:14:02,141 - IMFO - training model with 4 warkers on 4658 vocabulary and 100 features, using 59=0 hs=0 sample=0.001 negative=h
i i ndow=

A017-10-17 00:14:03,145 : INFO : PROGRESS: at 68.11% examples, 2049520 words/s, in_gsize 7, out_gsize

AN T-10-17 00:14:03,547 - INFO - worker thread finished; awaiting finish of 3 nore threads

A017-10-17 00:14:03,549 - [NFO : worker thread finished; awaiting finish of & more threads

?E}Eﬁ%?_]T 00:14:03,550 - INFO - worker thread finished; awaiting finish of 1 more threads

A017-10-17 00:14:03,565 - [NFO : worker thread finished; awaiting finish of O more threads

2017-10-17 00:14:03,555 = INFO = training on 3879835 raw words (2970389 effective words) took 1.4s, 2105504 effective words/s

clusters]

8, 7,8, 7. 17, 7,16, 9, B, 2, 2, 16, 16, 18, 4, 16, 1, 7. 7, 11,5 11, 11,5 7% 11,5, 16, 2, 2,1, 0, % 9, 8 16, 7. 7. 16, 16, 16, 5, 1B,
LT, % T, 16, 8, 2, 2,6, 7,6, 8,7, 7.9, % 8, 704,17 16, 2, 2, % 2,16, 16, 2, 0, 1, 0, 7,8, 0,4, 1, 7.8, 12, &, 4, 6, 16, 0, 17, 16,
1, 1%, 18, 16, 12, 7. 19, &2, 0, 16, 1%, 0, 10, O, 6, 16, 4, 6, 16, 0, 7, 16, 0, 16, 16, 2, 4, 7, &, 8, 7, 4, 2, 6. &, 6. &, 6, 5, B, 8, 8, 7. 17,
1, &, %.04,19, 79, Y.01%, 11, 2, 6, 0,4, 7, 6,9, 2, & 2 17,0, 14, 1%, 7, %,19,19, 0, 9, 7, 2,8, 7, 8,8, 8,2, 2 7, 6,4, 8,17, 16, 15,
-, 5. 0, 6, 14, 4, 16, 7, 1%, 16, 18, 6, 2, 7, %, 0, 16, 7, 7, 16, 1, 2, 6, 7, 8, 16, 9, 8, 0, 18, 2, 6, 6, 7, 8, 0, 16, 8, 19, 2, 17, 16, 4, 0, 0O,
&6, 2, 9, 16, 16, 2, 7, 7. 8, 1,14, 7, B, 7, B, 7,7 16, 1,4, 8,1, 2,6 9, 2,1, 8, 16, 17, 7, 16, 4, 4, &, 2, & & &, 17, 7, 8, 13, 18,
5, 17, 6, %, 8,17, 18,9, % 9, 6, & 16, &, 1%, 7, 6,18, 7, 16, 9, 8, 6, 0, 7, 7, &, 9, 9, 16, 16, 16, &, 7, &, 8, 7, % & 16, 9, &, 9, 2, 7,
'\, 8, 16, 16, 0, 4, &, 1, %, 0, 7,17, 4, 8, 8, 0, 6, 16, 15, 19, 16, 9, 6, 1, 9, 7, 111, 16, 7, 16, 1, 16, 7, 8,18, &, 2, 8, 7, 6, 7, 7, 18, 8, 7.
L1, g9, &, 0O, _5, 18,_ n, 6 4, 2,8, 2, 5 16, 0, 8 0, 0, 0, 16 5,‘1‘1, EI,‘lE,‘]E, 7,9, 11, B, 5,_ 2, B; EIL'? EI: BHE 1, 1, 7, 8, 15: 17, 2,4, 7,
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