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« Word Embedding

— Libraries: gensim, fastText
— Embedding alignment (with two languages)

« Text/Language Processing
— POS Tagging with NLTK/koNLPy
— Text similarity (jellyfish)



Gensim

« Open-source vector space modeling and topic
modeling toolkit implemented in Python

— designed to handle large text collections, using data streaming
and efficient incremental algorithms

— Usually used to make word vector from corpus

e Tutorial is available here:
— https://github.com/RaRe-Technologies/gensim/blob/develop/tutorials.md#tutorials

— https://rare-technologies.com/word2vec-tutorial/

 |nstall
— pip install gensim


https://github.com/RaRe-Technologies/gensim/blob/develop/tutorials.md#tutorials
https://rare-technologies.com/word2vec-tutorial/

Gensim for Word Embedding

* Logging
I import logging
2 logging.basicConfig(format='%(asctime)s : %(levelname)s @ %(message)s', level=logging. INFO)

* Input Data: list of word’s list
— Example: | have a car, | like the cat

— [["I]", "have", "a", "car"], ["I", "like", "the", "cat"]]
— For list of the sentences, you can make this by:

>>> sents = ["I have a car", "I like the cat"]
>>> sents_lw = [v.split(" ") for v in sents]
>>> print(sents_1lw)

[['TI', 'have', 'a', 'car'l, ['I', 'like', 'the', 'cat']]



Gensim for Word Embedding

 If your data is already preprocessed...
— One sentence per line, separated by whitespace
— LineSentence (just load the file)

class gensin. models. wordsvec. LineSent ence(source, max_sentence_length=10000, iimit=None)
Bases: ohject
Simple format: one sentence = one line; words already preprocessed and separated by whitespace.
source can be either a string or a file object. Clip the file to the first /imit lines (or not clipped if limit is None, the default).
Example:
sentences = LineSentence('myfile.txt")
Or for compressed files:

zentences
sentences

LineSentence( ' compressed_text.txt.bz2")
LineSentence( ' compressed _text.txt.gz')

— Try with this:
« http://an.yonsei.ac.kr/corpus/example corpus.txt

From https://radimrehurek.com/gensim/models/word2vec.html


http://an.yonsei.ac.kr/corpus/example_corpus.txt

Gensim for Word Embedding

 If the input is in multiple files or file size is large:
— Use custom iterator and yield

class MySentences(object):
def __init__ (self, dirname):
self.dirname = dirname

def __iter_ (self):
for fname in os.listdir(self.dirname):
for line in open(os.path.join(self.dirname, fname)):
yield line.split()

sentences = MySentences('/some/directory') # a memory-friendly iterator
model = gensim.models.Word2Vec(sentences)

From https://rare-technologies.com/word2vec-tutorial/



Gensim for Word Embedding

e gensim.models.Word2Vec Parameters

class gensim. model s, word2vec Word2Vec(sentences=None, size=100, aljpha=0.025, window=>5, min_couni=5, max_vocab_size=None,
sample=0.001, seed=1, workers=3, min_alpha=0.0001, sg=0, hs=0, negative=5, chow_mean=1, hashixn=<buil-in function hash=, iter=>5,
nuwll_word=0, tim_rule=None, sorfed vocab=1, batch_words=10000, compule loss=False, callbacks=(])

— min_count: ignore if word appears <=N times in the corpus
— window: size of window (2n+1) leblens ‘wmng WG banking crises
— size: dimension of vector
— iter: how many iteration for training
— sg: CBOW(0) or Skip-gram(1)
« CBOW is fast, Skip-gram usually give better result in many tasks

Full parameter list:
https://radimrehurek.com/gensim/models/word2vec.html#tgensim.models.word2vec.Word2Vec



https://radimrehurek.com/gensim/models/word2vec.html#gensim.models.word2vec.Word2Vec

Gensim for Word Embedding

e Save as trained model
— model.save(filename)

word2vec_test.model
word2vec_test.model.synlneg.npy
word2vec_test.model.wv.synO.npy

e Load trained model
— model = Word2Vec.load(filename)
— You can re-train this model (example: adding data)



Gensim for Word Embedding

e Save as vector file (not model)

— word_vectors = model.wv
word _vectors.save(filename)

— Vector is saved as KeyedVector format

word2vec test.vector
word2vec_ test.vector.syn0O.npy

e Load vector file
— word_vectors = KeyedVectors.load(fname)
— Note: this embedding cannot be re-trained!



Practice with Python

Gensim for Word Embedding

e Save as (readable) text format

word _vectors.save word2vec format(fname=filename)

1|g52m5 150 | # of words, dimension of vector

2 . 0.516648 0.687496 -1.237006 1.066626 0.362559 -0.608413 5.050340 1.255755 1.4893
82 1.206372 1.130537 -2.700337 0.643328 -1.141331 -0.051469 -1.906821 0.619856 -2.
1.171760 1.035450 3.101179 -1.478003 0.957970 0.935613 1.769591 -3.924809 2.420725
3 2.137557 2.018615 -1.068125 2.494286 1.570803 0.780557 1.008443 -0.715443 0.3561
25 -1.185320 -1.433047 1.631851 -2.264135 -0.283224 0.711403 2.483921 1.350167 4.8
2.141216 3.073809 -0.473251 -1.451827 -1.655692 -0.860397 0.168624 -0.306036 -1.16
205954 -0.233533 -3.188938 -2.754726 -3.693871 -0.495636 -1.393157 -0.899494 -2.15
95227 -0.538314 -1.932268 1.600755 -0.598139 2.595804 -1.622842 2.254374 -1.612787

2.407951 2.500426 -0.772812 0.727460 0.003763 -0.198852 -0.808186 -0.366254 -3.00
653020 2.072955 2.400848 -1.272325 3.111864 -0.422612 -2.696854 -1.681894 -0.98204
512 1.702116 -1.107163 -1.380732 -1.276758 0.545223 1.280401 2.593850 1.952863 0.1
-2.527110 0.312380

3 0] -0.603443 0.666823 0.634283 -0.270815 -1.076220 1.049922 5.356484 3.686774 0.48
214908 1.640601 2.940129 -0.124329 1.011352 0.693242 -4.617343 -1.485568 2.903840
2 -0.994733 -1.023390 4.007199 -0.564114 5.584338 -1.735686 5.433420 1.210321 4.04
58906 2.375745 4.616917 1.013108 -2.337668 -2.082066 1.783525 2.435639 0.226523 0.
.547274 -1.781837 -0.106326 1.374207 3.387413 -4.889619 -1.505852 0.338230 -2.8901
039 1.281639 -1.920905 5.578635 1.092317 -1.694160 -0.853831 -0.192298 -3.007503 2
.646364 1.850241 -0.371422 1.335344 -1.995383 -0.808729 0.352333 3.593874 -1.27349
3 -3.643722 0.690935 5.189842 3.566983 2.753287 -4.388271 0.617726 2.565259 1.3784
227 -2.069160 0.660754 3.038895 -0.749613 -0.784138 3.539360 0.445532 -2.331978 1.
1.668694 1.606663 -2.598107 0.890294 -0.994091 2.887277 -4.815674 -0.073630 1.1580
68548 2.118084 3.885089 -0.846701 2.503504 4.909210 4.988792 0.475735 2.786619 -2.
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Gensim for Word Embedding

e Load from existing word embedding
— Including pre-trained GloVe vector

» https://nlp.stanford.edu/projects/glove/

1 from gensim.models import KeyedVectors

2 word_vectors = KeyedVectors.load_word2vec_format(filename, binary=False)

— binary=True if the file contains binary-format vectors

1

2 .

2521005 150
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https://nlp.stanford.edu/projects/glove/

Practice with Python

FastText

« By Facebook Research
— https://github.com/facebookresearch/fastText

— Wil be used for obtaining vectors from pre-trained model
* You may check github repo for training model

 |nstallation
— git clone https://github.com/facebookresearch/fastText.git
« or download from - Download ZIP

— Move to fastText folder
— pip install .


https://github.com/facebookresearch/fastText

Practice with Python

FastText Pre-trained Embeddings

 Download pre-trained vector here:

— https://github.com/facebookresearch/fastText/blob/master/pretrained-vectors.md

— 300 Dimension

Models

The models can be downloaded from:

Abkhazian: bin+text, text Acehnese: bin+text, text
Afar: bin+text, text Afrikkaans: bin+text, fext
Albanian: bin+text, text Alemannic: bin+text, text
Anglo_Saxon: bin+text, text Arabic: bin+text, text
Aramaic: bin+text, text Armenian: bin+text, text
Assamese: bin+fext, text Asturian: bin+text, text
Aymara: bin+text, text Azerbaijani: bin+text, text
Banjar: bin+text, text Banyumasan: bin+text, text
o [ I (T T TR TR [ o I S N S SR TR SR o

Adyghe: bin+text, text
Akan: bin+text, text
Ambharic: bin+text, text
Aragonese: bin+text, text
Aromanian: bin+text, text
Avar: bin+text, text
Bambara: bin+text, text

Bashkir: bin+text, text

[ P [P [ T T TR SR I o


https://github.com/facebookresearch/fastText/blob/master/pretrained-vectors.md

Practice with Python

FastText Pre-trained Embeddings

 If you just want to use existing embedding:

— Only download text and use it with gensim

 If you want to get embedding for arbitrary words
(most cases, because it is the reason to use FastText)

— You must download bin+text!
— This file contains all parameters for the model



Practice with Python

FastText Pre-trained Embeddings

« How to get vector?

— Load pre-trained model

e from fastText import load model
model = load model("wiki.en.bin")

— Get vector for the word
* model.get_word_vector("hello")

e Returns numpy array

Python 3.6.3 (default, May 2 2018, 15:28:01)

[GCC 5.4.0 20160609] on linux

Type "help", "copyright", "“credits" or "license" for more information.
>>> from fastText import load_model

>>> model = load _model("wiki.en.bin")

>>> vector = model.get _word vector("hello")

>>> print(type(vector), vector.shape)

<class 'numpy.ndarray'> (300,)



Practice with Python

Measurement?

e Cosine-similarity
— Implement yourself (with numpy)

» https://stackoverflow.com/questions/18424228/cosine-similarity-
between-2-number-lists

— scikit-learn (machine learning package)
e pip install scikit-learn
e from sklearn.metrics.pairwise import cosine_similarity
sim = cosine _similarity([A], [B])
« Useful if you needs to compare more than two vectors
— sim = cosine_similarity([X], [a, b, c, d])


https://stackoverflow.com/questions/18424228/cosine-similarity-between-2-number-lists

Practice with Python

Embedding Alignment

e Pre-trained matrix & converter (for fastText)
— https://github.com/Babylonpartners/fastText multilingual

* You can also check this code (if you want to
implement for your own embedding)

— https://qgist.github.com/quadrismegistus/09a93e219a6ffc4f216f
b85235535faf

 Bilingual dictionaries (provided by facebook)
— https://s3.amazonaws.com/arrival/dictionaries/ko-en.txt
— https://s3.amazonaws.com/arrival/dictionaries/en-ko.txt



https://github.com/Babylonpartners/fastText_multilingual
https://gist.github.com/quadrismegistus/09a93e219a6ffc4f216fb85235535faf
https://s3.amazonaws.com/arrival/dictionaries/ko-en.txt
https://s3.amazonaws.com/arrival/dictionaries/en-ko.txt

Practice with Python

NLTK (Natural Language Toolkit)

 Platform for building Python programs to work with
human language data

— Provides easy-to-use interfaces to over 50 corpora and lexical
resources (WordNet, stopwords, reuters, etc)

— Tokenize, Tagging, NER, Parse tree, ...

e Install: pip install nltk



Practice with Python 19

NLTK (Natural Language Toolkit)

 Download corpus (write this at console/IDLE)

— import nltk
nltk.download()

— Follow the instructions
* Installing popular is sufficient for many cases

* You may install other packages in you needs
— Example: wordnet

# NLTK Downloader — m] *
File View Sort Help

Collections f Corpora M All Packages

>>> impo rt nltk Identifier Name Size Status [
all All packages n/a out of date
>>> nlt k - download ( ) all-corpora All the corpora n/a out of date
NLTK Downloader all-nltk All packages available on nltk_data gh-pages branch n/a out of date
book Everything used in the NLTK Book n/a out of date

———————————————————————————————————————————————————————————————————————— [ popuiar ] Fopular packages

- - - tests Packages for running tests n/a not installed
d) Download 1) LlSt u) Update C) Conflg h) HEIp CI) QUlt third-party Third-party data packages n/a not installed

Downloader> d

Download which package (1=1ist; x=cancel)?
Identifier> popularf]

]

Download Refresh

Server Index: https://raw.githubusercontent.com/nltk/nltk _data/gh—
Download Directory: C: \Users\Gyeong Bok Lee\AppData\Roaming\nltk_data
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POS Tagging

o Tokenize
— nltk.word tokenize(sentence)

« POS Tagging
— nltk.pos_tag(tokens)

— The full list of the tags (Penn Treebank)
http://www.ling.upenn.edu/courses/Fall 2003/ling001/penn treebank pos.html

>>> import nltk

>>> sentence = """At eight o'clock on Thursday morning

... Arthur didn't feel very good."""

>>> tokens = nltk.word_tokenize(sentence)

>>> tokens

['At', 'eight', "o'clock", 'on', 'Thursday', 'morning', 'Arthur', ‘'did', "n't", 'feel',
'very', 'good', '.']

>>> tagged = nltk.pos_tag(tokens)

>>> tagged[0:6]

[(‘At', "IN'), ('eight', 'CD'), ("o'clock", 'NN'), ('on', '"IN'), ('Thursday', 'NNP'), ('
morning', 'NN')]


http://www.ling.upenn.edu/courses/Fall_2003/ling001/penn_treebank_pos.html

Practice with Python

POS Tagging

» Korean: koNLPy
— http://konlpy-ko.readthedocs.io/ko/v0.4.3/

>»> from konlpy.tag import Twitter
»»> twitter = Twitter()

»»> print(twitter.morphs(u' S EECE ST E2 3F 7))

T, rgE, 2ok, =, tgEe, e, 350, 2]

>>> print(twitter.nouns{u T 2atH =2 A H ML JH= U0 U= KAI="))
["m&at, 2220, "HA, S, "HWg, 2=]

»»> print(twitter.phrases(u’'E7IE2= 24t HzZ 2= FH2=z2))

=1 =4 dEd . cdEd . =al dldy e plEd- o g sle mlE . s el

>»> print(twitter.pos(u'0lZ1E LILIZ ==
[(*Ol", 'Determiner'), (21, "Noun'), ("', 'Josa’), ("ElLIZ", 'Noun'), ('3 3",
>»> print(twitter.pos(u'0l21= L= =37, norm=True))

[(*O]l', 'Determiner'), ('Z1', 'Noun'), ('SZ', 'Josa'), ('Zl', 'Verb'), ('Ltz"', 'Eom
>>> print(twitter.pos(u'0|Z1S E|/LIE 33", norm=True, stem=True))

[('0O]", 'Determiner'), ('Z1", "Noun'), ('S, 'Josa"), ('EZlCt', 'Verb'), ("33, 'Kt


http://konlpy-ko.readthedocs.io/ko/v0.4.3/

Practice with Python

POS Tagging

« Contains 5 packages
— Hannanum, Kkma, Komoran, Mecab, Twitter
— Recommend to use Twitter tagger...

 Web API is also available for Twitter tagger
— https://github.com/open-korean-text/open-korean-text

Web API Service

open-korean-text-api
0| API AMH| 2= Heroku A H 0| A &S Z|H(Domain: https://open-korean-text.herokuapp.com/) © A HZHnormalization),
E Z=l(tokenization), O] 2&Hstemmin), {7 =& (phrase extract) MH|AE HS2L|CL

ZF MH| 22 M2 EE S0 2 LCE

normalize , tokenize, stem, extractPhrases 7} Zf AH|£09| Action O] |0 Query parameter = text 2 L|LCk

AfH[ 2 ArgH
otz https://open-korean-text.herokuapp.com/normalizettext=2 EF 2| I HAE
EZF https://open-korean-text.herokuapp.com/tokenize?text=2 = 2| HEHAE

==t https://open-korean-textherokuapp.com/stem?text=2 Z 3| A E

Ol ==  https://open-korean-text.herokuapp.com/extractPhrasesttext=2 Z3 2|2HH A E
p P PP


https://github.com/open-korean-text/open-korean-text

Practice with Python

Text Similarity

« Not semantic similarity
— Use word embedding for this case

« Useful for dealing with typo

— Ex: similarity vs simliarity

e Metrics for measuring similarity
— Edit distance (levenshtein distance)

- Ja ro d IStance The Jaro Similarity sim; of two given strings s1 and s is
{0 ifm=20
sim; = lt& m Eﬁ) i
5 (% + o + = otherwise

Where:

o |s;| is the length of the string s;;
e m is the number of matching characters (see below);

e t is half the number of transpositions (see below).



Practice with Python

Text Similarity

* You can use jellyfish package

— https://github.com/jamesturk/jellyfish
— pip install jellyfish

Included Algorithms

String comparison:

e | Levenshtein Distance
¢ | Damerau-Levenshtein Distance

e |Jaro Distance

¢ | Jaro-Winkler Distance

e Match Rating Approach Comparison

e Hamming Distance


https://github.com/jamesturk/jellyfish

Practice with Python

Text Similarity

e Edit Distance (Levenshtein Distance)
— # of character changes needed
— Small number means similar text

e Jaro Distance {o ifm =0

sim; = _ .
I % (i 4+ 4 M) otherwise

51 |52 m

— Defined by right formula:
e https://en.wikipedia.org/wiki/Jaro%E2%80%93Winkler distance

— Large value means similar text

>>> import jellyfish

>>> ld = jellyfish.levenshtein_distance
>>> jd = jellyfish.jaro_distance

>>> ld("jellyfish", "swordfish")

5

>>> jd("jellyfish", "swordfish")
0.6296296296296297

>>> ld("history", "ancient")
7
>>> jd("history", "ancient")

0.42857142857142855


https://en.wikipedia.org/wiki/Jaro%E2%80%93Winkler_distance
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