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A review of the most important Word
Embedding Techniques in Natural
Language Processing

Abstract

Natural language processing is important because it helps solve
ambiguities in the language and adds a useful numerical structure
to data for many end-to-end applications.

Many machine learning algorithms and nearly all deep learning
architectures are unable to process strings or plain text in their
initial form. It requires numbers as input to perform any kind of
job, such as classification, regression, etc. in general terms. With
the vast amount of data contained in text format, it is imperative
to extract knowledge from it and build applications.

In this research, we explain the stages of text processing down to
methods of text embedding that represents a modern way of
representing words as digital vectors to be processed by machine
learning algorithms, as it introduces the field and a quick
overview of deep learning structures such as Embeddings from
Language Models (ELMO) Model.

Key words: Deep Learning Algorithm-Natural Language
Processing - Word Embedding.
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noise_ list = ["is", "a", "this", "..."]
def remove noise(input_text):
words = input text.split()

noise_free_words = [word for word in words if word not in
noise_list]

noise_ free_ text = .join(noise_free_words)
return noise_free_ text

_remove_noise("this is a sample text")

>>> "sample text"

el plaall aladiuly gaill e gsaall @lly ARY @Al Ak aag

regular expressions

# Sample code to remove a regex pattern

import re

def _remove_regex(input_text, regex_ pattern):
urls = re.finditer(regex_pattern, input_text)
for i in urls:

input_text = re.sub(i.group().strip(), , input_text)

return input_text
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regex_pattern = "#[\w]*"

_remove_regex("remove this  #hashtag from analytics
regex_pattern)

>>> "remove this from analytics "
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from nltk.stem.wordnet import WordNetLemmatizer
lem = WordNetLemmatizer()
from nltk.stem.porter import PorterStemmer

stem = PorterStemmer()
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word = "multiplying"
lem.lemmatize(word, "v")
>> "multiply”
stem.stem(word)

>> "multipli™
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lookup_dict = {'rt':'Retweet', 'dm':'direct message', "awsm"
"awesome", "luv" :"love", "..."}

def _lookup words(input_text):
words = input_text.split()
new_words = []
for word in words:
if word.lower() in lookup dict:
word = lookup dict[word.lower()]
new_words.append(word) new_text = " ".join(new_words)
return new_text
_lookup_words("RT this is a retweeted tweet by John Doe")

>> "Retweet this is a retweeted tweet by John Doe "
:(Text to Features ) 4ualll el lo cfjuall dusia =5
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from nltk import word_tokenize, pos_tag

text = "I am learning Natural Language Processing

tokens = word_tokenize(text)
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print pos_tag(tokens)

>>>  [('I', 'PRP'), ('am', 'VBP'), ('learning', 'VBG'),
("Natural', 'NNP'),('Language', 'NNP'),

('Processing', 'NNP']
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pip install gensim

115



Lagdal) 45l Aadlaa A ClalS) Gpada il aaY (al il

# Create CBOW model
modell = gensim.models.Word2Vec({data, min_count = 1,
size = 188, window = 5)

# Print results
print("Cosine similarity between 'alice’ -
"and 'wonderland' - CBOW : ",
modell.similarity('alice", "wonderland')})

print{"Cosine similarity between '"alice’ +
"and 'machines' - CBOW : ",
modell.similarity('alice’, "machines'))

# Create Skip Gram model
model? = gensim.models.Word2Vec{data, min_count = 1, size =
window = 5, sg

# Print results
print{"Cosine similarity between 'alice"
"and 'wonderland' - Skip Gram : ",
model?.similarity('alice’, "wonderland")})

no

print("Cosine similarity between 'alice' " +

"and "machines' - Skip Gram : ",
model2.similarity( 'alice", "machines'})

Qutput :

Cosine similarity between 'alice' and 'wonderland' - CBOW : ©.999249298413
Cosine similarity between 'alice' and 'machines' - CBOW : 8.974911918445

Cosine similarity between 'alice' and 'wonderland' - Skip Gram : 0.885471373184
Cosine similarity between 'alice' and 'machines' - Skip Gram : @.856892599521

sall Jglas LY elly, Skip—gram e 48y Jef CBOW (f il ek
LB e jim lee (dama)l Gl Gladl Gl e ol ddlal 21
iy CBOW zigai o Jlaidly ol cdamall pe 4lSH gl Gl alay) e
) Skip—gram uSe e ag ol 453K AalS lgie dia Al 4K
o) Gl e dag @l e Haadd Gl Gl gl Jylas
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:(Embeddings from Language Models) ELMO 7 35.i 2-6
& ¢ [6] (Embeddings) cuaail) 5 cilgaie€ Lol Jiiail sapaa dipha a
@Alls olat¥) U5 LSTM ) cdlanS Gal) ssie o shaall eyl 22
&l ( Embeddings) i e e ALK g5uum e Embeddings iy
ALl Gilgaidl culluds 'Bag of Words' Jie dasi culluly zalie Lgaan
s ¢ Glaall Taa ulua EIMO Gaemi ols ¢ GloVe 5 Word2Vec (i
) Adide Alee L oSl Dagil) i & Glpdn Al Gl ddhias COUS
Cal et amy A& sl ey oY) e 5 ot Jie (laalal
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) S (1) [716] ol ISy Clang & 0 ELMO (<5
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. Embeddings ;i)
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. Input: Characters

I play the guitar represented by

their embeddings
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Cilaslaall G oaied Jlls elgal) dasial) Jsa3)) desane (o Clipall (ouilid

118



s Ll agan Jugr - el o a0 2021 ale 21 aad) 43 Alaal)  Gad) daaly Alya

pge dgealey AlSally dnlajlls |, Bl Jals &Sl ) S5 220 Jush Al A8lan)
b Gl (e Alaall agd e Jexs ELMO (Y, ZaSH 83 aunge ddjes «
LS e RS ey clgd RS JS Cpan gt J LeleSh Alaal) ) ks
GGl e lealse sl Ll iy daie e ST L 06K oDle Liaag
Sle sl Bl agd o Jass ELMO (f 1S3 LS elld 8 canulls 4 Cela
LS ¢ lgmase OIS Lage AalSl 4niia o L) Sjae Gl ¢ W3y anay SLS))
A8 LSTM clasa ) #haY! s opad oy &5 ¢ word2vee aw Jl) ga
&y LSTM daulsy deall o bl 3 sagasall Cagall Gaanai 22y 2oladY]

.CNNz3sai ) Llls)

LSTM (s2al) &y gha olady) 4l 3 S)Al) diks )90 v/

G cdaadl Ja cleglead) o Lilas cajpsa 3 LSTM o sl (s
GBlaall 83 (6 Gun Juduil) Aadai algal 13n e aleay 138 . Jrdlly Lgials
o 533k agdl T laa¥) L] LSTM cuilS cale <4 s el 3ol
gl ull L alall (e lagleall laeY!

copyhall SIS e EBlAa ) slady) Al LSTM  lan (g)al dali g
Dl e dlly Ll g€ . adsi Joad Jiiaddl (g0 AY)s oaaledl (g Laaaal
Siay AVl ditiall Y ol e Siay Laaaal (LSTM (e il 3 il
ey (LSTMS S (o dital) c¥lall Jayy P& (g . oald) ) Jiiasal) (ga
cidy gl b alesh Judull Jsa il glaay LaliiaY)

s Calally sl LSTM aallais Lo el (JEall danas e ¢

Forward LSTM: She went to play ...
Backward LSTM: ... with her bat and ball.
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result_embed A = elmo_embeddings(["How are you my friend"])

result_embed_B = elmo_embeddings(["This reference is good"])

[y

[ ] 1 result_embed C = elmo_embeddings(["how is your work"])
[1] 1 result_embed D = elmo_embeddings(["good reference"])
[ ] 1 result_embed F = elmo_embeddings(["These books are helpful™])
[ 1] 1 simsA_B = cosine_similarity(result_embed A, result_embed B)
2 simsA_C = cosine_similarity(result_embed A, result_embed_C)
3 simsB_C = cosine_similarity(result_embed B, result_embed C)
4 simsB_D = cosine_similarity(result_embed B, result_embed_D)
5 simsB_F = cosine_similarity(result_embed B, result_embed F)

° 1 print(["How are you my friend","vs" ,"This reference is good "] ,simsA B)
2 print(["How are you my friend","vs" ,"how is your work "1 ,simsA_C)
3 print(["This reference is good","vs" ,"how is your work "] ,simsB_C)
4 print(["This reference is good","vs" ,"good reference "] ,simsB_D)

5 print(["This reference is good","vs" ,"These books are helpful"] ,simsB_F)

["How are you my friend', ‘vs', 'This reference is good '] [[@.4756319]]
['How are you my friend', 'vs', 'how is your work '] [[@.7792548]]
['This reference is good', 'vs', 'how is your work '] [[0.50702286]]
['This reference is good', 'vs', 'good reference '] [[©.64696056] ]
['This reference is good', 'vs', 'These books are helpful'] [[@.6244303]]

Word2vec (s dblull zilall e aliss ELMO (o cbjliall A (e 2a
Jdilld (Jeall 401 Aallaal) ol LSl any Cada aagiud calS
Al cld @ldKlly cag all JS ELMO

ELMO (i aaly mall (K148 ide GlalS dgag ae a2 45jlaa JAT (8 Jasdls
5 'How are you my friend' (jileall 25lie X, 0.62 4l dayo Cilacl
& ELMO dajla gy ellbg <0.77 4liall 4550 <l 'how is your work!
) Al ) Blad) R ae ) Jeadl g Jall

ISy G (f ELMO 1 (84 .[6] ELMO 73503 558 dpgyatl) gilial) ek
Aalll Aallee KL (o 3l Ja 8 aalisy L) (e dilide g 15l ae S

(pandl lpary e Al zila sl b JS5 3 ELMO el (NLP syl
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