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%%capture # capture is used to suppress the installation output.

# install the pandas library, if it is missing.

'pip install pandas e———
import pandas as pd
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# load the train and testing data.
imdb_train_reviews=pd.read_csv('imdb_data/imdb_train.csv')
imdb_test_reviews=pd.read_csv('imdb_data/imdb_test.csv')

imdb_train_reviews

text label 09‘3.3 ]S ES ” '% . ..- LASj
0 | grew up (b. 1965) watching and loving the Th... 0 DataFrame ‘l'[—"LJ:' dcgan
1 When [ put this movie in my DVD player, and sa... 0 R ges le ga" -3
2 Why do people who do not know what a particula... 0 . ¢
el pad
3 Even though | have great interest in Biblical ... 0 ( s ‘) ‘
R Sl e
4 Im a die hard Dads Army fan and nothing will e... 1 )
39995 "Western Union" is something of a forgotten cl... 1 U"L*-J‘ (o )
39996 This movie is an incredible piece of work. It ... 1
39997 My wife and | watched this movie because we pl... 0 ( UJ.Lu (i )
39998 When | first watched Flatliners, | was amazed.... 1
39999 Why would this film be so good, but only gross... 1 z .
Lo Lo Ji3 0 el
r x | g s C e .
40000 rows x 2 columns Loolomal G a3 1 el Lo

Lpiall oyl bl Ao gama 3.3 U

A gamaS Ahall HLon Wy oyl Aial 2 Alius ol e A @y gl acel sl o 2l 35kl
:-b LS DataFrame «lily

# extract the text from the 'text' column for both training and testing.

X_train_text=imdb_train_reviews['text'] Ny
2 5ale Yo X 390,31 antsnind

X_test_text=imdb_test_reviews['text'] i ) J ;
QUL‘HJ‘QQ X).‘u._f_‘n 4@3’.‘(&.\431‘

# extract the labels from the 'label’ column for both training and testing. all (e Vg it als ot
Y_train=imdb_train_reviews[ 'label'] JAB gl
Y_test=imdb_test_reviews[ 'label']
X_train_text #training data in text format

0 I grew up (b. 1965) watching and loving the Th...
1 When I put this movie in my DVD player, and sa...
2 Why do people who do not know what a particula...
3 Even though I have great interest in Biblical ...
4 Im a die hard Dads Army fan and nothing will e...
39995 "Western Union" is something of a forgotten cl...
39996 This movie is an incredible piece of work. It ...
39997 My wife and I watched this movie because we pl...
39998 When I first watched Flatliners, I was amazed....
39999 Why would this film be so good, but only gross...

Name: text, Length: 40000, dtype: ocbject

DataFrame cbly fegams (e (X___train___text) co,ul atial (e 3550 :3.4 IS5
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from sklearn.feature_extraction.text import CountVectorizer

# the min_df parameter is used to ignore terms that appear in less than 10 reviews.
vectorizer vl = CountVectorizer(min_df=10)

vectorizer_vi.fit(X_train_text) #fit the vectorizer on the training data.
# use the fitted vectorizer to vectorize the data.

X_train_v1 = vectorizer_vil.transform(X_train_text)

X_train_vi

<40000x23392 sparse matrix of type '<class 'numpy.int64'>'
with 5301561 stored elements in Compressed Sparse Row format>
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# expand the sparse data into a sparse matrix format, where each column represents a different word.
X_train_vi1_dense=pd.DataFrame(X_train_vil.toarray(),

columns=vectorizer_vil.get_feature_names_out())
X_train_v1_dense

00 000 007 01 02 04 05 06 07 08 .. zoo zoom zooming zooms =zorro zu zucco zucker zulu iber

0 0 0 0 0 0 0 0 0 0 0 .. 0 1] ] 1] o o 1] 0 ] 1]

1 0 0 LR R R 1R B 1 0 1] 0 (1] 0 0 1] 0 ] o

2 0 6 o0 0 0 0 0 0 0 0. 0 1] 0 1] o 0 0 1] 0 1]

3 0 0 0 0 0 0 0 0 0 0. 0 ] 0 1] o 0 0 ] 0 1]

4 0 0 Lo B B R 1 [ 0 o 0 1] 0 0 0 0 1] o
399985 O 0 0 0 0 0 0 0 0 0. 0 0 0 1] o 0 0 0 0 1]
39996 O 0 o 0 0 0 0 O 0 0. 0 1] 0 o 0 0 0 0 1] o
39997 O 60 0 0 0 0 0 0 0 0. 0 1] 0 1] o 0 1] 0 1] 1]
39988 O 0 0 0 0 0 0 0 0 0. 0 a ] 1] [ 0 0 0 1]
39999 O 2 ot B S 0 o 0 ] 0 0 o 0 0 o

40000 rows = 23392 columns

G eyl @bl iﬁ_‘ﬂw‘ﬂjp_l.m.ﬂzl-o 000 (e Lagancll (DeNse) cadish il 12a yosy
C_‘ML‘,S (min_df ,autl Alaculgs 33ain) JBY L le culan o 102, gl 401 S ss0e e Againl
I;h]]ea&l‘%ﬁﬁmal‘d&dﬁ;uf.wﬂ)é.\%“%ﬁ%@ﬁ;‘é}# 23,392 ;UAU.LG_‘_‘:“U_&YL}
Do 8 -ble siall ol plaiin A31Sa] e @1 ey o aan 112 ] 3alS L yglis a0l 1l e
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from sys import getsizeof

print('\nMegaBytes of RAM memory used by the raw text format:',
getsizeof(X_train_text)/1000000)

print('\nMegaBytes of RAM memory used by the dense matrix format:',
getsizeof(X_train_v1_dense)/1000000)

print('\nMegaBytes of RAM memory used by the sparse format:',
getsizeof(X_train_v1)/1000000)

MegaBytes of RAM memory used by the raw text format: 54.864133
MegaBytes of RAM memory used by the dense matrix format: 7485.440144

MegaBytes of RAM memory used by the sparse format: 4.8e-05
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# delete the dense matrix.
del X_train_vi1_dense
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Build a Prediction Pipeline
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from sklearn.naive_bayes import MultinomialNB

model_vi=MultinomialNB() # a Naive Bayes Classifier

model_vi.fit(X_train_vi1, Y_train) #fit the classifier on the vectorized training data.

from sklearn.pipeline import make_pipeline

# create a prediction pipeline: first vectorize using vectorizer_v1, then use model_v1 to predict.
prediction_pipeline_vl = make_pipeline(vectorizer_v1, model_v1)

il Oy oloma¥) @il 1 @ 3,00 Lgid ey 3l Agiins oma pull pladll 1 g JUL Jarr e

g

prediction_pipeline_vi.predict(['One of the best movies of the year. Excellent

array([1, 0], dtype=int64)

cast and very interesting plot.'
"I was very disappointed with his film. I
lost all interest after 30 minutes' 1)
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e\m\u&m UJ‘}J‘UJLUJLJU‘J}Y‘M&;UMBMLM‘!‘ wbwdwu_uby‘da}m
wob‘jdﬁ@m&uwby‘b‘a}mw‘uym}”w.J_u.:;uspredlct prOba()&\_LmAl‘AJ‘_m

prediction_pipeline_vil.predict_proba(['One of the best movies of the year. Ex
cellent cast and very interesting plot.'
‘I was very disappointed with his film.
I lost all interest after 30 minutes' ])

array([[0.08310769, 0.91689231],
[0.83173475, 0.16826525]1])

P CL PO { J9¥ it
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inﬂ M._@j! us‘ 8.3% Al ..\S}zv Ch}aﬂ‘
bl 1 91.6% Fpauiy 1S5y Laiy ales
O 83.1% daus 350001 0S5 Jiallsy
16.8% Zpauis S50 Loy alaw L @)
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# use the pipeline to predict the labels of the testing data.
predictions_v1 = prediction_pipeline_vil.predict(X_test_text) # vectorize the text
data, then predict.

predictions_v1
array([o0, 0, 0, ..., 0, 0, 0], dtype=int64)
u}uws..uau..s.puﬂ(Confusmn Matrlx) .\Jlm,am‘).hmjufjs_umuﬁaccuracy score()

from sklearn.metrics import accuracy_score
accuracy_score(Y_test, predictions_v1) #get the achieved accuracy.

0.8468
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%%capture
'pip install scikit-plot; #install the scikit-plot library, if it is missing.
import scikitplot; #importthe library

class_names=["'neg', 'pos'] # pick intuitive names for the 0 and 1 labels.

# plot the confusion matrix.
scikitplot.metrics.plot_confusion_matrix(
[class_names[i] for i in Y_test],

[class_names[i] for i in predictions_vi],
s s title="Confusion Matrix", #title to use
~Aadgiall @uall cmap="Purples", # color palette to use

figsize=(5,5) #figure size
e
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Explaining Black-Box Predictors 3 w1 (3 gbiualt OLiiiie T
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Local Interpretable Model-Agnostic Explanations - LIME
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%%capture

'pip install lime #install the lime library, if it is missing
from lime.lime_text import LimeTextExplainer

# create a local explainer for explaining individual predictions
explainer_v1l = LimeTextExplainer(class_names=class_names)

# an example of an obviously negative review

easy_example='This movie was horrible. The actors were terrible and the plot
was very boring.'

# use the prediction pipeline to get the prediction probabilities for this example

print(prediction_pipeline_v1.predict_proba([easy_example]))

[[0.99874831 0.00125169]]


https://beadaya.com/

143

o) JBLI 138 25 508 2 50 13830 Lol 155 301 3505 iy goyie 5 LS

# explain the prediction for this example.

exp = explainer_vil.explain_instance(easy_example.lower(),
prediction_pipeline_vl.predict_proba,
num_features=10) —

# print the words with the strongest influence on the prediction.

exp.as_list()

[('terrible', -0.07046118794796816),
('horrible', -0.06841672591649835),
('boring', -0.05909016205135171),
('plot', -0.024063095577996376),
('was', -0.014436071624747861),
('movie', -0.011956911011210977),
('actors', -0.011682594571408675),
('this', -0.009712387273986628),
('very', 0.008956707731803237),
('were', |-0.008897098392433257))1]
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# visualize the impact of the most influential words.
fig = exp.as_pyplot_figure()

Local explanation for class pos
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exp.show_in_notebook()
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# an example of a positive review that is mis-classified as negative by prediction_pipeline_v1
mistake_example= X_test_text[4600]
mistake_example

"I personally thought the movie was pretty good, very good acting by
Tadanobu Asano of Ichi the Killer fame. I really can't say much about the
story, but there were parts that confused me a little too much, and overall
I thought the movie was just too lengthy. Other than that however, the
movie contained superb acting great fighting and a lot of the locations
were beautifully shot, great effects, and a lot of sword play. Another
solid effort by Tadanobu Asano in my opinion. Well I really can't say
anymore about the movie, but if you're only outlook on Asian cinema is
Crouching Tiger Hidden Dragon or House of Flying Daggers, I would suggest
you trying to rent it, but if you're a die-hard Asian cinema fan I would
say this has to be in your collection very good Japanese film."
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# get the correct labels of this example.
print('Correct Label:', class_names[Y_test[4600]])

# get the prediction probabilities for this example.
print('Prediction Probabilities for neg, pos:',
prediction_pipeline_vil.predict_proba([mistake_example]))

Correct Label: pos
Prediction Probabilities for neg, pos: [[0.8367931 0.1632069]]
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# explain the prediction for this example.
exp = explainer_vil.explain_instance(mistake_example, prediction_pipeline_
vl.predict_proba, num_features=10)

# visualize the explanation.
fig = exp.as_pyplot_figure()

Local explanation for class pos
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Improving Text Vectorization
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%%capture

'pip install nltk #install nltk

'pip install gensim #install gensim

import nltk #import nltk

nltk.download('punkt') #install nltk's tokenization tool, used to split a text into sentences.

import re . #importre

from gensim.models.phrases import Phrases, ENGLISH_CONNECTOR_WORDS # import tools

from the gensim library.
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# convert a given doc to a list of tokenized sentences.

def tokenize doc(doc:str):

return [re.findall(r'\b\w+\b',

pisfsent_tokenize() s
el e Sl I el

sent.lower()) for sent in nltk.sent_tokenize(doc)]

.JA;_H e AQ3l3 I Ll ‘uﬁ nltk 3o (e sent_tokenize () als

@)l S5 gy agdul re 4uSa ¢ findall () u‘:dl%@jBW&PL%JSLtSM‘M} A
oludl 122 . raw_text ;uie 2 saga gl denttl AL e Loy o \D\WH\D' ddac il el y il


https://beadaya.com/

hello123_world ieaill Alwldl 2 (I \W J5ay e ,3ST gl waly ope Gl ﬁ_eéuﬁ \w+ o

(@) worlds 123 5 (L ye) hello culalS e 3olatans \W+ dasill o (@Ilatl _123 Ui )

Sl laadl Bl Al Ll ol aylay 2 U800 \W 1 38 \W 5oy o (boundry) Jslatl Jias\b e
4lall)The cat is cute duadll Alldl 2 (adaall) cat 2SIl ps \bcat\b da ol 3ol (B s LA S
wlilgustl %) The category is pets duaitl alidll 2 (Alaall) cat delSdl ps Gollany oy 14 ST o (Aagla

(e
‘tokenize_doc() &l aluiiuly @il le Ylie ol
raw_text='The movie was too long. I fell asleep after the first 2 hours.'

tokenized_sentences=tokenize_doc(raw_text)
tokenized_sentences

[['the', 'movie', 'was', 'too', 'long'l],
['i', 'fell', 'asleep', 'after', 'the', 'first', '2', 'hours']]
3)Ladl 23905 £ La3Y (GENSIM) @i 308 (ya Ll N o= tokenize_doc() aluil gand oY1 (Sa
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sentences=[] #list of all the tokenized sentences across all the docs in this dataset

for doc in X_train_text: #for each doc in this dataset
sentences+=tokenize_doc(doc) #get the list of tokenized sentences in this doc

# build a phrase-model.on the given data

imdb_phrase_model = Phrases(sentences,e
connector_words=ENGLISH_CONNECTOR_WORDS,Q
scoring="npmi',
threshold=0.25).freeze() o
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imdb_phrase_model[tokenized_sentences[0]]
['the', 'movie', 'was', 'too_long'l]
imdb_phrase_model[tokenized_sentences[1]]
['i', 'fell_asleep', 'after', 'the', 'first', '2_hours']
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def annotate_phrases(doc:str, phrase_model):
sentences=tokenize_doc(doc)# split the document into tokenized sentences.

tokens=[1] #/list of all the words and phrases found in the doc

for sentence in sentences: # foreach sentence
# use the phrase model to get tokens and append them to the list.
tokens+=phrase_model[sentence]

return ' '.join(tokens) #join all the tokens together to create a new annotated document.

O oLy oyl culeds (e JS puwdit annotate_phrases( ) atls Ll ome pudl pladl) ansicy
’ MDb =Ly dc gazae

# annotate all the test and train reviews.
X_train_text_annotated=[annotate_phrases(doc,imdb_phrase_model) for doc in X_
train_text]
X_test_text_annotated=[annotate_phrases(text,imdb_phrase_model)for text in X_
test_text]
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# an example of an annotated document from the imdb training data

X_train_text_annotated[0]

'i_grew up b 1965 watching and loving the thunderbirds all my_mates at school watched
we played thunderbirds before school during lunch and after school we all wanted to
be virgil or scott no_one wanted to be alan counting down from 5 became an art_form

i took my children to see the movie hoping they would get_a_glimpse of what i_loved
as a child how bitterly disappointing the only high_point was the snappy theme_tune
not that it could compare with the original score of the thunderbirds thankfully
early saturday_mornings one television_channel still plays reruns of the series
gerry_anderson and his_wife created jonatha frakes should hand in his directors chair
his version was completely hopeless a waste of film utter_rubbish a cgi remake may_be
acceptable but replacing marionettes with homo_sapiens subsp sapiens was a huge error

of judgment'
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from sklearn.feature_extraction.text import TfidfVectorizer

# Train a TF-IDF model with the IMDb training dataset

vectorizer tf = TfidfVectorizer(min_df=10)
vectorizer_tf.fit(X_train_text_annotated)

X_train_tf = vectorizer_tf.transform(X_train_text_annotated)
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# train a new Naive Bayes Classifier on the newly vectorized data.
model_tf =MultinomialNB()
model _tf.fit(X_train_v2, Y_train)

# create a new prediction pipeline.
prediction_pipeline_tf = make_pipeline(vectorizer_tf, model_tf)

# get predictions using the new pipeline.
predictions_tf = prediction_pipeline_tf.predict(X_test_text_annotated)

# print the achieved accuracy.
accuracy_score(Y_test, predictions_tf)

0.8858
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# get the review example that confused the previous algorithm
mistake_example_annotated=X_test_text_annotated[4600]

print('\nReview:',mistake_example_annotated)

# get the correct labels of this example.
print('\nCorrect Label:', class_names[Y_test[4600]])

# get the prediction probabilities for this example.
print('\nPrediction Probabilities for neg, pos:',prediction_pipeline_
tf.predict_proba([mistake_example_annotated]))

Review: i_personally thought the movie was_pretty good very_good acting by tadanobu_
asano of ichi_the_killer fame i really can_t say much about the story but there_were
parts that confused me a little_too much and overall i_thought the movie was just too
lengthy other_than that however the movie contained superb_acting great fighting and
a lot of the locations were beautifully_shot great effects and a lot of sword play
another solid effort by tadanobu_asano in my_opinion well i really can_t say anymore
about the movie but if_you re only outlook on asian_cinema is crouching_tiger hidden_
dragon or house of flying_daggers i_would suggest_you trying to rent_it but if_you re
a die_hard asian_cinema fan i_would say this has to be in your_collection very_good
japanese film

Correct Label: pos

Prediction Probabilities for neg, pos: [[0.32116538 0.67883462]]
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# create an explainer.
explainer_tf = LimeTextExplainer(class_names=class_names)

# explain the prediction of the second pipeline for this example.
exp = explainer_tf.explain_instance(mistake_example_annotated, prediction_

pipeline_tf.predict_proba, num_features=10)

# visualize the results.
fig = exp.as_pyplot_figure()

Local explanation for class pos
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from .naive_bayes import MultinomialNB

from sklearn.pipeline import make_pipeline

from sklearn.feature_extraction.text import

vectorizer = (min_df=10)
vectorizer.fit( ) #fits the vectorizer on the training data
X_train = vectorizer. (X_train_text) #uses the fitted vectorizer to vectorize the data

model_MNB=MultinomialNB() # a Naive Bayes Classifier

model_MNB.fit(X_train, ) # fits the classifier on the vectorized training data

prediction_pipeline = make_pipeline( , )

om0y el JLAY) Aol bl | 23 900 | (g0 gusad s 5Ly Ay ity I (omm 5l pdail | S 9
oaid Jle o 50 i) il piiviulg (Babad oo i) 2 Ailug Cued (a0 3630 ool dast (LIME)
gy

from import LimeTextExplainer

text_example="I really enjoyed this movie, the actors were excellent"
class_names=["'neg', 'pos'] #creates a local explainer for explaining individual predictions

explainer = (class_names=class_names) # explains the prediction for this example
exp = explainer. (text_example.lower(),prediction_pipeline. ,

=10) # focuses the explainer on the 10 most influential features

print(exp. ) # prints the words with the highest influence on the prediction
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BBC open dataset

https.//www kaggle.com/datasets,shivamkushwaha,/bbc-full-text-document-classification

D. Greene and P. Cunningham. "Practical Solutions to the Problem of Diagonal Dominance in Kernel Document Clustering",Proc.
ICML 2006. All rights, including copyright, in the content of the original articles are owned by the BBC.

# used to list all the files.and subfolders in a given folder

from os import listdir

# used for generating random number
import random shuffling lists

bbc_docs=[1 # holds the text of the articles
bbc_labels=[] # holds the news section for each article

for folder in listdir('bbc'): # for each news-section folder
for file in listdir('bbc/'+folder): #foreach text file in this folder

# open the text file, use encoding="utf8' because articles may include non-ascii characters
with open('bbc/'+folder+'/'+file,encoding="'utf8"',errors="ignore') as f:
bbc_docs.append(f.read()) #read the text of the article and append to the docs list

# use the name of the folder (news section) as a label for this doc
bbc_labels.append(folder)

# shuffle the docs and labels lists in parallel

merged = list(zip(bbc_docs, bbc_labels)) #link the two lists

random.shuffle(merged) # shuffle them in parallel (with the same random order)

bbc_docs, bbc_labels =

zip(+~merged) # separate them again into individual lists.
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# used for tfi-df vectorization, as seen in the previous unit
from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.cluster import AgglomerativeClustering # used for agglomerative clustering

# used to visualize and support hierarchical clustering tasks
import scipy.cluster.hierarchy as hierarchy

# set the color palette to be used by the 'hierarchy' tool.

hierarchy.set_link_color_palette

(['blue','green','red', 'yellow', 'brown', 'purple', 'orange', 'pink', 'black'])

import matplotlib.pyplot as plt #used for general visualizations

Text Vectorization (o guaidl 4B LY done y-d1
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vectorizer = TfidfVectorizer(min_df=10) # apply tf-idf vectorization, ignore words that

appear in more than 10 docs.

text_tfidf=vectorizer.fit_transform(bbc_docs) #fit and transform in one line

text_tfidf

<2225x5867 sparse matrix of type

'<class 'numpy.float64'>"

with 392379 stored elements in Compressed Sparse Row format>
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%»%capture
I'pip install yellowbrick

from yellowbrick.text import TSNEVisualizer
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print('Number of unique words in the BBC documents vectors:'
len(vectorizer.get_feature_names_out()))

Number of unique words in the BBC documents vectors: 5867
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tsne = TSNEVisualizer(colors=['blue','green','red', 'yellow', 'brown'])
tsne.fit(text_tfidf,bbc_labels)
tsne.show();

TSNE Projection of 2225 Documents
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plt.figure() #create a new empty figure
# iteratively merge points and clusters until all points belong to a single cluster
# return the linkage of the produced tree

linkage_tfidf=hierarchy.linkage(text_tfidf.toarray(),method="ward")

# visualize the linkage
hierarchy.dendrogram(linkage_tfidf)

# show the figure
plt.show()
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AC_tfidf=AgglomerativeClustering(linkage="ward',n_clusters=7) #prepare the tool,
set the number of clusters.

AC_tfidf.fit(text_tfidf.toarray()) #apply the tool to the vectorized BBC data.
pred_tfidf=AC_tfidf.labels_ # get the cluster labels.

pred_tfidf

array([6, 2, 4, ..., 6, 3, 5], dtype=int64)
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from sklearn.metrics import homogeneity_score,adjusted_rand_
score,completeness_score

print('\nHomogeneity score:',homogeneity_score(bbc_labels,pred_tfidf))
print('\nAdjusted Rand score:',adjusted_rand_score(bbc_labels,pred_tfidf))
print('\nCompleteness score:',completeness_score(bbc_labels,pred_tfidf))

Homogeneity score: 0.6224333236569846 aqycpﬂoigie|JA31UJLeUBi)J}d‘
Buslgded Il il dgatall B (ogall!

Adjusted Rand score: 0.4630492696176891

Completeness score: 0.5430590192420555 Lol oLl i laay 1 N o3l 535
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AC_tfidf=AgglomerativeClustering(linkage="'ward',n_clusters=5)
AC_tfidf.fit(text_tfidf.toarray())
pred_tfidf=AC_tfidf.labels_

print('\nHomogeneity score:',homogeneity_score(bbc_labels,pred_tfidf))
print('\nAdjusted Rand score:',adjusted_rand_score(bbc_labels,pred_tfidf))
print('\nCompleteness score:',completeness_score(bbc_labels,pred_tfidf))

Homogeneity score: 0.528836079209762 sl e e gl ezl 3508 |yl
e 3939 @uall (o GAia=]l saad
Adee o Junmia (335 ST LS|
Completeness score: 0.6075627851312266 bl i G (o Jundl gua

Adjusted Rand score: 0.45628412883628383
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:(Google News)

import gensim.downloader as api

model_wv = api.load('word2vec-google-news-300")
fox_emb=model_wv['fox']

print(len(fox_emb))

300
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il Aminge (udad) FOX BalS (53 0tall yancaill 3691 5 pall sLas¥!

fox_emb[:10]

array([—0.08203125, -0.01379395, -0.3125 , -0.04125977, 0.05493164,
-0.12988281, -0.10107422, -0.00164795, 0.15917969, 0.12402344],
dtype=float32)

cara_‘..\SQHa_})Lz.L\J_@!ﬁc,__o.‘:,n:J\ JL‘A!;BTJEA colaal An 5 epait ol eliess #3504 ﬁ_\:.-_‘_u_.
150 o Lags g oLl @d oL Lle 2 Laall 0 (mdlis I (ye Bl 2o 53 6 Y1 clelSIly (35ledl)

pairs = [
('car', 'minivan'),
('car', 'bicycle'),
('car', 'airplane'),
('car', 'street'),

('car', 'apple'),
]
for wl, w2 in pairs:
print(wl, w2, model_wv.similarity(wl, w2))

car minivan 0.69070363
car bicycle 0.5364484
car airplane 0.42435578
car street 0.33141237
car apple 0.12830706

Ll oY gLl el LalSUl e ygtall I e yull pdadll alaiiod (o

print(model_wv.most_similar(positive=['apple'], topn=5))

[('apples', 0.720359742641449), ('pear', 0.6450697183609009),
('fruit', 0.6410146355628967), ('berry', 0.6302295327186584), ('pears',
0.613396167755127)]
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%%capture

import nltk #import the nitk library for nip.

import re #import the re library for regular expressions.

import numpy as np # used for numeric computations

from collections import Counter # used to count the frequency of elements in a given list
from sklearn.manifold import TSNE # Tool used for Dimensionality Reduction.

# download the 'stopwords' tool from the nltk library. It includes very common words for different
languages
nltk.download('stopwords')

from nltk.corpus import stopwords #import the 'stopwords'tool.

stop=set(stopwords.words('english')) #load the set of english stopwords.

3o ey ) e | Y1 Lia bl Re gara (oo Attt cuLalSHl (o B ke spntt L W 2391 01l e
Aol 33 L) Al AL Y1 Al (ye ol g e 13155 58 crnaid | lalSI zma 5l ol
o Gl el s ALl LR EN) {FC NNy (Stopwords) B | SLatSI ¢ Lt = uLh.buj\

T u)m (Word2Vec) axit ] W‘CA}QJ&M

def get_sample(bbc_docs:list,
bbc_labels:list : 3
): A(0g9950) are 9 (0sse) is 9 (J1) the o (1) a ,» (Stopwords)

Buaciue OLalS a1 AaSLAT) G s M1 GLalSH ylany

word_sample=set() #asample of words from the BBC dataset

# for each BBC news section
for label in ['business', 'entertainment', 'politics', 'sport', 'tech'l]:

# get all the words in this news section, ignore stopwords.
# for each BBC doc and for each word in the BBC doc
# if the word belongs to the label and is not a stopword and is included in the Word2Vec model
label_words=[word for i in range(len(bbc_docs))
for word in re.findall(r'\b\w\w+\b',bbc_docs[i].lower())
if bbc_labels[i]==1abel and
word not in stop and
word in model_wv]

cnt=Counter(label_words) # count the frequency of each word in this news section.
# get the top 50 most frequent words in this section.
top50=[word for word,freq in cnt.most_common(50)]

# add the top50 words to the word sample.
word_sample.update(top50)

word_sample=1list(word_sample) # convert the set to a list.
return word_sample

word_sample=get_sample(bbc_docs,bbc_labels)
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Sentence Vectorization with Deep Learning
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Bidirectional Encoder Representations from Transformers (BERT)
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%%capture

I'pip install sentence_transformers
from sentence_transformers import SentenceTransformer

model = SentenceTransformer('all-MinilM-L6-v2') #load the pre-trained model.

text_emb = model.encode(bbc_docs) #embed the BBC documents.
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O ola ¥ adls d.a?..”):uﬂ)-t OMLed Al g 4&4.4\ et Lgalazeial (¥ Sy . (TF-IDF) Sl
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tsne = TSNEVisualizer(colors=['blue', 'green','red',  'yellow', 'brown'])
tsne.fit(text_emb,bbc_labels)
tsne.show();

TSNE Projection of 2225 Documents

R business

N entertainment

. poiitics
sport
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»

ligett (T-SNE) T S e g0l Slgdiall 5slonkl cpas dalind :3.23 J<a
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plt.figure() #create a new figure.
# iteratively merge points and clusters until all points belong to a single cluster. Return the the linkage of
the produced tree.

linkage_emb=hierarchy.linkage(text_emb, method="'ward')

hierarchy.dendrogram(linkage_emb) # visualize the linkage.
plt.show() #show the figure.
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AC_emb=AgglomerativeClustering(linkage="'ward',n_clusters=4)
AC_emb.fit(text_emb)
pred_emb=AC_emb.labels_

print('\nHomogeneity score:',homogeneity score(bbc_labels,pred_emb))
print('\nAdjusted Rand score:',adjusted_rand_score(bbc_labels,pred_emb))
print('\nCompleteness score:',completeness_score(bbc_labels,pred_emb))

Homogeneity score: 0.6741395570357063
Adjusted Rand score: 0.6919474005627763

Completeness score: 0.7965514907905805

ISl sl 2Vl ss3ialla cadlic 5 (e el suall alaiialy Lossesd salel @ ud eliladl cols (3]
A g ill e Sl ()5S cn Bl ) @undiin o3l

AC_emb=AgglomerativeClustering(linkage="ward',n_clusters=5)
AC_emb.fit(text_emb)
pred_emb=AC_emb.labels_

print('\nHomogeneity score:',homogeneity score(bbc_labels,pred_emb))
print('\nAdjusted Rand score:',adjusted_rand_score(bbc_labels,pred_emb))
print('\nCompleteness score:',completeness_score(bbc_labels,pred_emb))

Homogeneity score: 0.7865655030556284
Adjusted Rand score: 0.8197670431956582

Completeness score: 0.7887580797775077
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from sentence_transformers import

from import TSNEVisualizer model = ('all-MinilLM-

L6-v2') #loads the pre-trained model.

docs_emb = model. (Docs) #embeds the docs
tsne = o (777 =['blue', 'green','red', 'yellow'])
tsne. ( , )

tsne.show();
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import gensim.downloader as
import re
model_wv = . ('word2vec-google-news-300")
old_sentence="'My name is John and I like basketball.'
new_sentence=""
for word in re. (r'\b\w\w+\b',old_sentence.lower()):

replacement=model_wv. (positive=['apple'], =1)[0]

new_sentence+=

sentence=new_sentence.strip()

74
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%%capture

!'pip install wonderwords
# used to generate template-based randomized sentences
from wonderwords.random_sentence import RandomSentence

# make a new generator with specific words
generator=RandomSentence(
# specify some nouns
nouns=["lion", "rabbit", "horse","table"],

verbs=["eat","run", "laugh"], # specify some verbs.
adjectives=['angry', 'small']) # specify some adjectives.

# generates a sentence with the following template: [subject (noun)] [predicate (verb)]
generator.bare_bone_sentence()

'The table runs.'

# generates a sentence with the following template:
# the [(adjective)] [subject (noun)] [predicate (verb)] [direct object (noun)]
generator.sentence()

'The small lion runs rabbit.'
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def paraphrase(text:str, #textto be paraphrased
stop:set, #setof stopwords
model_wv ,# Word2Vec Model
lexical_sim_ubound:float, #upper bound on lexical similarity
semantic_sim_lbound:float #lower bound on semantic similarity

):
words=word_tokenize(text) # tokenizes the text to words
new_words=[1 # new words that will replace the old ones.
for word in words: #forevery word in the text
word_l=word.lower() #lower-case the word.

# if the word is a stopword or is not included in the Word2Vec model, do not try to replace it.
if word_1 in stop or word_1 not in model_wv:
new_words.append(word) # append the original word

else: #otherwise

# get the 10 most similar words, as per the Word2Vec model.
# returned words are sorted from most to least similar to the original.
# semantic similarity is always between 0 and 1.
replacement_words=model_wv.most_similar(positive=[word_1],
topn=10)
# for each candidate replacement word
for rword, sem_sim in replacement_words:
# get the lexical similarity between the candidate and the original word.
# the partial_ratio function returns values between 0 and 100.
# it compares the shorter of the two words with all equal-sized substrings
# of the original word.
— ° lex_sim=fuzz.partial_ratio(word_1,rword)

# if the lexical sim is less than the bound, stop and use this candidate.
if lex_sim<lexical_sim_ubound:
break

( fuzzywuzzy ao8e I i fuzz )
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# quality check: if the chosen candidate is not semantically similar enough to
# the original, then just use the original word.
if sem_sim<semantic_sim_lbound:
new_words.append(word)
else: #use the candidate.
new_words.append(rword)

return '.join(new_words) # re-join the new words into a single string and return.
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%%capture

import gensim.downloader as api # used to download and load a pre-trained Word2Vec model
model_wv = api.load('word2vec-google-news-300")

import nltk

# used to split a piece of text into words. Maintains punctuations as separate tokens
from nltk import word_tokenize

nltk.download('stopwords') # downloads the stopwords tool of the nitk library
# used to get list of very. common words.in different languages

from nltk.corpus import stopwords
stop=set(stopwords.words('english')) #gets the list of english stopwords

'pip install fuzzywuzzy[speedup]
from fuzzywuzzy import fuzz

text="'We had dinner at this restaurant yesterday. It is very close to my
house. All my friends were there, we had a great time. The location is
excellent and the steaks were delicious. I will definitely return soon, highly
recommended! '

# parameters: target text, stopwords, Word2Vec model, upper bound on lexical similarity, lower bound
on semantic similarity

paraphrase(text, stop, model_wv, 80, 0.5)

'We had brunch at this eatery Monday. It is very close to my bungalow. All
my acquaintances were there, we had a terrific day. The locale is terrific
and the tenderloin were delicious. I will certainly rejoin quickly, hugely
advised!'
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# reads the input document that we want to summarize
with open('article.txt',encoding="utf8',errors="'ignore') as f: text=f.read()

text[:100] #shows the first 100 characters of the article

'It was a consecration, the spiritual overtones entirely appropriate.
Lionel Messi not only emulated '

iy L) bt gl 2 Sl s el sty 1@ 3Se alaimianly il 3850 Al 2.

import re #used for regular expressions

# tokenize the document, ignore stopwords, focus only on words included in the Word2Vec model.
tokenized _doc=[word for word in re.findall(r'\b\w\w+\b',text.lower()) if word
not in stop and word in model_wv]

# get the vocabulary (set of unique words).
vocab=set(tokenized_doc)
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# tool used to create combinations (e.g. pairs, triplets) of the elements in a list
from itertools import combinations
import networkx as nx # python library for processing graphs

def build_graph(vocab:set, #setof unique words
model_wv # Word2Vec model
DE
# gets all possible pairs of words in the doc
pairs=combinations(vocab,2)

G=nx.Graph() #makes a new graph

for wl,w2 in pairs: #forevery pairof words wi, w2
sim=model_wv.similarity(wl, w2) # gets the similarity between the two words
G.add_edge(wl,w2,weight=sim)

return G

# creates a graph for the vocabulary of the World Cup document
G=build_graph(vocab,model_wv)

# prints the weight of the edge (semantic similarity) between the two words
G[ 'referee'][ 'goalkeeper']

{'weight': 0.40646762}
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from networkx.algorithms.community import louvain_communities
from collections import Counter # used to count the frequency of elements in a list

def get_communities( G, #the inputgraph
tokenized_doc:list): #the list of words in a tokenized document

# gets the communities in the graph
communities=louvain_communities(G, weight='weight')
word_cnt=Counter(tokenized_doc)# counts the frequency of each word in the doc
word_to_community={}# maps each word to its community
community_scores={}# maps each community to a frequency score
for comm in communities: # for each community
# convert it from a set to a tuple so that it can be used as a dictionary key.
comm=tuple(comm)
score=0 #initialize the community score to 0.
for word in comm: # for each word in the community
word_to_community[word]=comm # map the word to the community
score+=word_cnt[word] #add the frequency of the word to the community's score.

community_scores[comm]=score # map the community to the score.

return word_to_community, community_scores
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word_to_community, community_scores = get_communities(G,tokenized_doc)
word_to_community['player'][:10] # prints 10 words from the community of the word 'team’

('champion',
'stretch’',
'finished',
"fifth',
‘playing’,
'scoring’,
'scorer',
‘opening’,
"team',
'win')
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from nltk import sent_tokenize # used to split a document into sentences

def evaluate_sentences(doc:str, #original document
word_to_community:dict,# maps each word to its community
community_scores:dict, #mapseach community to a score
model_wv): # Word2Vec model

# splits the text into sentences
sentences=sent_tokenize(doc)
scored_sentences=[ ]# stores (sentence, score) tuples

for raw_sent in sentences: #foreach sentence

# get all the words in the sentence, ignore stopwords and focus only on words that are in the
Word2Vec model.
sentence_words=[word
for word in re.findall(r'\b\w\w+\b',raw_sent.lower()) # tokenizes
if word not in stop and #ignores stopwords
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word in model_wv] #ignores words that are not in the Word2Vec model
sentence_score=0 # the score of the sentence
for word in sentence_words: # for each word in the sentence

word_comm=word_to_community[word] # get the community of this word
sentence_score+=community_scores[word_comm] # add the score of this
community to the sentence score.

scored_sentences.append((sentence_score,raw_sent)) # stores this sentence and
its total score

# scores the sentences by their score, in descending order
scored_sentences=sorted(scored_sentences,key=1lambda x:x[0],reverse=True)

return scored_sentences

scored_sentences=evaluate_sentences(text,word_to_community,community_
scores,model_wv)
len(scored_sentences)

61
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for i in range(3):
print(scored_sentences[i], '\n")

(3368, 'Lionel Messi not only emulated the deity of Argentinian football,
Diego Maradona, by leading the nation to World Cup glory; he finally
plugged the burning gap on his CV, winning the one title that has eluded
him — at the fifth time of asking, surely the last time.')

(2880, 'He scored twice in 97 seconds to force extra-time; the first a
penalty, the second a sublime side-on volley and there was a point towards
the end of regulation time when he appeared hell-bent on making sure that
the additional period would not be needed.')

(2528, 'It will go down as surely the finest World Cup final of all time,
the most pulsating, one of the greatest games in history because of how
Kylian Mbappé hauled France up off the canvas towards the end of normal
time.")
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print(scored_sentences[-1]) #prints the last sentence with the lowest score
print()
print(scored_sentences[30]) #prints a sentence at the middle of the scoring scale

(0, 'By then it was 2-0.")

(882, 'Di Maria won the opening penalty, exploding away from Ousmane
Dembélé before being caught and Messi did the rest.')
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%%capture
from sentence_transformers import SentenceTransformer, util
model_sbert = SentenceTransformer('all-MinilLM-L6-v2")
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QA={
"Q1":"What type of courses are you interested in?",
"A1":[["Courses in Computer Programming","2"],

["Courses in Engineering","3"],
["Courses in Marketing","4"1],

"Q2":"What type of Programming Languages are you interested in?",
"A2":[["Java",None],["Python",None]],

"Q3":"What type of Engineering are you interested in?",
"A3":[["Mechanical Engineering",None],["Electrical Engineering",None]],

"Q4":"What type of Marketing are you interested in?",
"A4":[["Social Media Marketing",None],["Search Engine
Optimization",None]]

}
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import numpy as np #used for processing numeric data

def chat(QA:dict, #the Question-Answer script of the chatbot

model_sbert, #a pre-trained SBERT model

sim_lbound:float): #lower bound on the similarity between the user's response and the
closest candidate answer

ga_id="1"' #theQAid
while True: #an infinite loop, will break in specific conditions

print('>>"',QA['Q'+qa_id]) # prints the question for this ga_id
candidates=QA["A"+qa_id] # gets the candidate answers for this qa_id

print(flush=True) # used only for formatting purposes
response=input() #reads the user's response

# embed the response

response_embeddings = model_sbert.encode([response], convert_to_
tensor=True)

# embed each candidate answer. x is the text, y is the qa_id. Only embed x.
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candidate_embeddings = model_sbert.encode([x for x,y in candidates],
convert_to_tensor=True)

# gets the similarity score for each candidate
similarity_scores = util.cos_sim(response_embeddings, candidate_
embeddings)

# finds the index of the closest answer.
# np.argmax(L) finds the index of the highest number in a list L
winner_index=np.argmax(similarity_scores[0])

# if the score of the winner is less than the bound, ask again.
if similarity_scores[0][winner_index]<sim_lbound:
print('>> Apologies, I could not understand you. Please rephrase
your response.')
continue

# gets the winner (best candidate answer)
winner=candidates[winner_index]

# prints the winner's text
print('\n>> You have selected:',winner[0])
print()

ga_id=winner[1] # gets the qa_id for this winner

if ga_id==None: # no more questions to ask, exit the loop
print('>> Thank you, I just emailed you a list of courses.')
break
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chat(QA,model_sbert, 0.5)

>> What type of courses are you interested in?
marketing courses

>> You have selected: Courses on Marketing

>> What type of Marketing are you interested in?
seo

>> You have selected: Search Engine Optimization

>> Thank you, I just emailed you a list of courses.

gy NSy L Gag el 2 Ao G el g (e G ‘a.:\_fiu.ui‘ L;\ Laayul Cigagy @ga ‘djig‘ Jelatle
Search Engine Optimization xllaias Lit¥s 4y SEO sllauall o) gad 2AS01 juatly §3 2kl
gl 233l L 1 635 Les (ol alS yome crasnd)


https://beadaya.com/

chat(QA,model_sbert, 0.5)

>> What type of courses are you interested in?

cooking classes

>> Apologies, I could not understand you. Please rephrase your response.
>> What type of courses are you interested in?

software courses

>> You have selected: Courses on Computer Programming

>> What type of Programming Languages are you interested in?

C++

>> You have selected: Java

>> Thank you, I just emailed you a list of courses.
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%%capture

I'pip install transformers

'pip install torch

import torch #an open-source machine learning library for neural networks, required for GPT2.
from transformers import GPT2LMHeadModel, GPT2Tokenizer

# initialize a tokenizer and a generator based on a pre-trained GPT2 model.
# used to:

# -encode the text provided by the user into tokens

# -translate (decode) the output of the generator back to text

tokenizer = GPT2Tokenizer.from_pretrained('gpt2"')

# used to generate new tokens based on the inputted text
generator = GPT2LMHeadModel.from_pretrained('gpt2')

(GPT-2) oyl s o 9381 Jgomtl Sy o3l | slito ¥ ] st yulaalS LI il s
o s (G g1 J gt (o Fiadl oolulS Sl yadll

text="'We had dinner at this restaurant yesterday. It is very close to my
house. A1l my friends were there, we had a great time. The location is
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excellent and the steaks were delicious. I will definitely return soon, highly
recommended! '

# encodes the given text into tokens
encoded_text = tokenizer.encode(text, return_tensors='pt')

# use the generator to generate more tokens.
# do_sample=True prevents GPT-2 from just predicting the most likely word at every step.
generated_tokens = generator.generate(encoded_text,

max_length=200) # max number of new tokens to
generate
#decode the generates tokens to convert them to words
# skip_special_tokens=True is used to avoid special tokens such as '>' or '-' characters.
print(tokenizer.decode(generated_tokens[0], skip_special_tokens=True))

We had dinner at this restaurant yesterday. It is very close to my house.
All my friends were there, we had a great time. The location is excellent
and the steaks were delicious.I will definitely return soon, highly
recommended!

I've been coming here for a while now and I've been coming here for a while
now and I've been coming here for a while now and I've been coming here for
a while now and I've been coming here for a while now and I've been coming
here for a while now and I've been coming here for a while now and I've
been coming here for a while now and I've been coming here for a while now
and I've been coming here for a while now and I've been coming here for a
while now and I've been coming here for a while now and I've been coming
here for a while now and I've been coming here for a while now and I've
been coming here for a while now and

# use the generator to generate more tokens.
# do_sample=True prevents GPT-2 from just predicting the most likely word at every step.
generated_tokens = generator.generate(encoded_text,

max_length=200, # max number of new tokens to
generate

do_sample=True)

print(tokenizer.decode(generated_tokens[0],skip_special_tokens=True))

We had dinner at this restaurant yesterday. It is very close to my house.
All my friends were there, we had a great time. The location is excellent
and the steaks were delicious.I will definitely return soon, highly
recommended!

If you just found this place helpful. If you like to watch videos or

go to the pool while you're there, go for it! Good service - I'm from
Colorado and love to get in and out of this place. The food was amazing!
Also, we were happy to see the waitstaff with their great hands - I went
for dinner. I ordered a small side salad (with garlic on top), and had a
slice of tuna instead. When I was eating, I was able to get up and eat my
salad while waiting for my friend to pick up the plate, so I had a great
time too. Staff was welcoming and accommodating. Parking is cheap in this
neighborhood, and it is in the neighborhood that it needs to
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# Generate tokens with higher diversity
generated_tokens = generator.generate(
encoded_text, max_length=200, do_sample=True, temperature=2.0)

print(tokenizer.decode(generated_tokens[0], skip_special_tokens=True))

We had dinner at this restaurant yesterday. It is very close to my house.
ALl my friends were there, we had a great time. The location is excellent
and the steaks were delicious.I will definitely return soon, highly
recommended!

Worth a 5 I thought a steak at a large butcher was the end story!! We were
lucky. The price was cheap!! That night though as soon as dinner was on

my turn that price cut completely out. At the tail area they only have
french fries or kiwifet - no gravy - they get a hard egg the other day too
they call kawif at 3 PM it will be better this summer if I stay more late
with friends. When asked it takes 2 or 3 weeks so far to cook that in this
house. Once I found a place it was great. Everything I am waiting is just
perfect as usual....great prices especially at one where a single bite
would suffice or make more as this only runs on the regular hours

d:n.\l‘ij.@]a.» u-'-” WL“.Y‘ g_.bupll Jaleiw CA}Q.A.” uL‘o (Ll das ye o)b:-..” dsya cals 130 el &9
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# Too high temperature leads to divergence in the meaning of the tokens
generated_tokens = generator.generate(
encoded_text, max_length=200, do_sample=True, temperature=4.0)

print(tokenizer.decode(generated_tokens[0], skip_special_tokens=True))

We had dinner at this restaurant yesterday. It is very close to my house.
All my friends were there, we had a great time. The location is excellent
and the steaks were delicious.I will definitely return soon, highly
recommended! It has the nicest ambagas of '98 that I like; most Mexican.
And really nice steak house; amazing Mexican atmosphere to this very
particular piece of house I just fell away before its due date, no surprise
my 5yo one fell in right last July so it took forever at any number on

it being 6 (with it taking two or sometimes 3 month), I really have found
comfort/affability on many more restaurants when ordering.If you try at

it they tell ya all about 2 and three places will NOT come out before they
close them/curry. Also at home i would leave everything until 1 hour but
sometimes wait two nights waiting for 2+ then when 2 times you leave you
wait in until 6 in such that it works to
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from import combinations # tool used to create combinations
import networkx as nx # python library for processing graphs
def build_graph(vocab:set, #setof unique words

model_wv, # Word2Vec model

similarity_threshold:float

pairs=combinations(vocab, ) #gets all possible pairs of words in the vocabulary

G=nXx. # makes a new graph

for wl,w2 in pairs: #forevery pair of words wi,w2

sim=model_wv - (wl, w2)#gets the similarity between the two words
if
G. (wl,w2)
return G
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from sentence_transformers import , util
from import combinations # tool used to create combinations
model_sbert = ('all-MinilLM-L6-v2"')

def get_max_sim(L1,my_sentence):

# embeds my_sentence

my_embedding = model_sbert, 7([my_sentence], convert_to_tensor=True)

# embeds the sentences from L2

L_embeddings = model_sbert. (L, convert_to_tensor=True)

similarity_scores = .cos_sim( ) )

winner_index=np.argmax(similarity_scores[0])

return
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Black-Box
predictors

Chatbot
Cluster
Dendrogram

Dimensionality
Reduction

Document
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Natural Language
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Natural Language
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Part of Speech
(POS) Tags

Sentiment
Analysis

Supervised
Learning

Syntax Analysis
Tokenization
Transfer Learning

Unsupervised
Learning

Vectorization
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