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%kcapture ¥ capture is used to suppress the installation output.

# install the pandas library, if it is missing.
!pip install pandas e«
import pandas as pd

— R —
i'

-_r|I_1L|.|.1I| T-!L_J._'n.l -ﬂ.‘.'..l.n.u.JI l_ll_'lLl_l_” -I'-'|_‘r_-Li.n-!- a;l‘;,.n_‘ i:v.._l._1=




# 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

0 | grew up (b. 1965) watching and loving the Th...
1 When | put this movie in my DVD player, and sa...
2 Why do people who do not know what a particula...
3 Even though | 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 | watched this movie because we pl...
39998 When | first watched Flatliners, | was amazed....
39999 Why would this film be so good, but only gross...

40000 rows x 2 columns
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# extract the text from the 'text’ column for both training and testing.
X _train_text=imdb_train_reviews['text']
X test text=imdb_test reviews['text']

# extract the labels from the 'label’ column for both training and testing.

2 2ale Yo X jgo ) puisiins
Sl (e X shasd 4o gty eazr

audll ye Y g (il Als !

Y train=imdb train reviews['label']
Y test=imdb test reviews['label']
X_train_text #training data in text format

A8 sl

0
1
2
3
E

39995
39956
35957
39998
399599
Name:

I grew up (b. 1965) watching and loving the Th...

When I put this movie in my DVD player, and sa.

Why do people who do not know what a particula...

Even though I have great interest in Biblical

Im a die hard Dads Army fan and nothing will e.

. & @

"Western Union" is something of a forgotten cl...

This movie is an incredible piece of work. It

My wife and I watched this movie because we pl...

When I first watched Flatliners, I was amaZzed..

Why would this film be so gocd, but cnly gross...

text, Length: 40000, dtype: object

DataFrame bl dcgems v (X___train___ text) —.;uct Akal fpe 3550 :3.4 K5
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"| like oranges, do you like oranges?" )
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ilgailly IMDb sl elily degama Jieu CountVectorizer s\s| S Gl adaBll et

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 v1.fit(X train text) #fit the vectorizer on the training data.
# use the fitted vectorizer to vectorize the data.

X_train_ vl = vectorizer vl.transform(X_train_text)

X_train_vi

<40000x23392 sparse matrix of type '<class 'numpy.int64'>'
with 5301561 stored elements in Compressed Sparse Row format>



# expand the sparse data into a sparse matrix format, where each column represents a different word.

X train vl dense=pd.DataFrame(X train vl.toarray(),
columns=vectorizer vl.get feature names out())

X _train vl _dense

00 000 0O7 01 02 04 05 06 OF 0B .. zoo zoom ZoOming Zooms ZOMMO 2Zu zucco zZucker zulu iber

o0 0 o o ¢ 0 0 ¢« 0 0 0 0 0 0 0 0 0 0 0 0 0

1 0 0 o 0 0 0 0o 0o 0 O 0 0 0 0 0 0 o 0 0 ]

2 0 6 0 0 @ 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0

3 0 Q0 e 0 0 0 ¢ ¢ 0 O 0 0 0 0 0 0 0 0 0 0

4 0 0 a 0 0 0 € 0 09 0 0 0 0 0 a 0 0 0 0 0

39995 O 0 0 00l ok el R 0 0 0 0 0 0 0 0 0 0

39986 O 0 g 0 0 0 0o 0o O 0 . 0 0 0 0 0 D 0 0 0 0

3997 0 0 ©0 0 0O 0O O O 0O O . 0 0 0 0 0 0 0 0 0 0

39008 O 0 g 0 0 0 o 0 0O 0. 0 0 0 0 g 0 0 0 0 0

39998 O 2 g 0 40 9 ¢ 0 0 0 . 0 0 0 0 0 0 0 0 0 0
40000 rows x 23392 columns |
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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



1

-

dagiiall Jids Lais .colilzie 0.000048 | 1susds 555 8l 5,813 LI 3uclal) Aagacall Emn‘_—i"ﬂm'-““’*!ﬁ
eI @l 128 5803t Lgalin (ySian Ity (6 550 5 pe v () A8gaunll ol O LS wcabilonin 7 2231

# delete the dense matrix.
del X_train_vl1_dense
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Build a Prediction Pipeline
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OIS A0S0 (s {Multmumlal NB) zalad! jubs caiune Lg_....la.. AL zma pull wladll @l
n._+ll.€:-_d.|._r IMDDb oyl ._‘L,L.Jui.-_q_-.h_,u ‘.u_._.J! 3gad m;.m (Sklearn Library)

from sklearn.naive_bayes import MultinomialNB

model_v1=MultinomialNB( ) # o Naive Bayes Classifier

model_vi1.fit(X_train_vl, 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_v1 = make_pipeline(vectorizer_v1, model_v1)

@il Oy bWl @emill 1 @301 Lgd js il A5dime oma pull plail ‘J—mc—u:-u JE Jw e

Jgr P |

prediction_pipeline_vil.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' ])
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prediction pipeline vi1.predict proba([ 'One of the best movies of the year. Ex
cellent cast and very interesting plot.’',

'TI was very disappointed with his film.
I lost all interest after 30 minutes' ])

array([[0.08310769, 0.91689231],
[6.83173475, 0.16826525]])

] L { PO { Jo¥! mauail!

16.8% 8.3%

= L ™
Js¥! el (51 8.3% s uS 35l
ool 43191.6% Aty S5 Lol Ll
O 83.1% Ay 7 3gaill (S5 Sialli
16.8% duiculs S5 Ladas s LSS @izl
ol al T

S Suin —— &7

e,

N

83.1%

.

e O (low! O
BRI 1 W | ORI OO D Ly | AR e

.IMDb J]__E|5-1 tli'l_'ill__l.l a_ﬂ_}q:;d.unﬁfllil_nﬁs:d‘ Ca it 2 ]l ._.__._,Lt:ﬂ das 480 JLG::-‘ o2 gt 5glasll
Loy el :%E_Ubﬂ Silaeanll Caudoan Cj":’-‘ iq__lat_l-ﬂ:l- Jalls dagaina ga C:,:_.;J

# 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_vl
array([e, 0, 0, ..., 0, 0, 0], dtype=int64)

A1y ALY Jai3 cayiatll onlil daglas 2515 yoguaiy Julail culga¥1 cpa el Gafladl 341 yags
O obs Cusuluw 4.5€0 ye (Confusion Matrix) ad.d! a8 gawae Jiady o) ol 2554 (e @CCUracy_score( )
Flas jo uliag diwlisdly e qilly .;1;4:_:.&1} A 1 5 g 5] @i yunlie ulliag (Scikit-Plot)
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from sklearn.metrics import accuracy_score
accuracy score(Y test, predictions v1) # get the achieved accuracy.

0.8468
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%%capture

fpip install scikit-plot; #install the scikit-plot library, if it is missing.

import scikitplot; #import the 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_v1],

-dasgloll @]l cmap="Purples”, #colorpalette to use

( 5 title="Confusion Matrix", # title to use

) B

figsize=(5,5) # figure size
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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 vl = 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 vi1.predict proba([easy example]))

[[0.99874831 0.00125169]]

.F'-ll:ﬁr

s



dapud) JBU 108 25508 Ay 13530 Ll 545 50301 73900 ks «p35%e 3 LaS

# 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)]

r33ed B ;Lauq_}‘;q:jaﬂis_]ﬂ@m1 A 5l

A o itl e 33 36T S e yget e Jpmond] (S

# 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()

Prediction probabilities neg pos
F Text with highlighted words
neg [N 1.00 this movie was . the actors were [EERBIE and the
pos [0.00 | plot was very Hoting. 1
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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 1s
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 vl.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 vl.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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%%capture

'pip install nltk #install nitk

'pip install gensim #install gensim

import nltk #import nitk

nltk.download('punkt') #install nftk'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.

: (Tokenization ) sl
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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',
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sent.lower()) for sent in nltk.sent tokenize(doc)]
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tokenize_doc() Al aluziuly cudill le Yl obis]

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],
23, Melltalaslean!, “after", "the’, "Eirst', '2%, “hougs"])
3 )leadl 23500 LEAY (GENSIM ) @ien 2580 (g0 il Ll 303 = tokenize_doc( ) Ul pres oY S
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sentences=[] #list of all the tokenized sentences across all the docs in this dataset

for doc 1in X_train_text: #foreach 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,{,
cnnnectar_wnrds:ENGLISH_CDHNECTDRHWURDS,E’

scnring:'npmi',t’
threshﬂld:G.ESJ.Freeze()‘)
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imdb_phrase model[tokenized sentences[0]]

["the',

imdb_phrase_model[tokenized_sentences[1]]

['i', 'fell_asleep',

"movie’,

i L
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‘after’',

, "too_long']

‘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=[] # list of all the words and phrases found in the doc
for sentence in sentences: # for each sentence
# use the phrase model to get tokens and append them to the list.
tokens+=phrase_model[sentence]
'.join(tokens) #join all the tokens together to create a new annotated document.

return

# 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 im X_

test text]

148



149

# 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

1 took my children to see the movie hoping they would get_a_glimpse of what 1i_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 sapilens 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 1 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 1_would suggest_you trying to rent_it but if_you re
a die_hard asian_cinema fan 1_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 sklearn .naive_bayes import MultinomialNB

from sklearn.pipeline import make pipeline

from sklearn.feature_extraction.text import TfidfVectorizer

TfidfVectorizer

vectorizer = (min_df=10)

vectorizer.fit( x_tl'ﬂln_tEKt ) # fits the vectorizer on the training data

Transform (X_train_text)

X_train = vectorizer. # uses the fitted vectorizer to vectorize the dota
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from

lime.lime_text

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

import LimeTextExplainer

explain_instance

exp = explainer. (text_example.lower(),prediction_pipeline.

num_features

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

print(exp. _BSﬂ pyplotflfggure 0 # prints the words with the highest influence on the prediction

explain_instance
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BBC open dataset

https.; /www kaggle comdatasets,/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=[] # 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", 'vellow', 'brown’', ‘purple', ‘orange', 'pink’', "‘black'])

import matplotlib.pyplot as plt # used for general visualizations
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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.float6s4'>'
with 392379 stored elements in Compressed Sparse Row format>
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¥%capture
‘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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Ward Distance a,l g 42lue
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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)

aiiea JS2 (News Section) )l ¥ madt! fpe (5uaiell Aaa0 wulile ) ground-truth aea ol dasy
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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

Adjusted Rand score: 0.4630492696176891

daslgy e Liil e 1ag 1 31 cojal pi5al

Completeness score: 0.5430590192420555 3 .
ods e 18 taudlly agaliall fyu  Linil
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(3 awial| 435501 ulils ) ground-truth

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 slemal e o el pemall 35080 e
Fuga p255g @udll (e Laudsedl saadl
dilae e Jummii 38y 51 JLeX!
Completeness score: 0.6075627851312266 NN I Y P JORPR O PR PP

Adjusted Rand score: 0.45628412883628383 ¢
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Word Vectorization with Neural Networks
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import gensim.downloader as api
model wv = api.load('word2vec-google-news-300")

LS € das 5 - 3gedll 1a fox emb=model wv|['fox'] ?
dias 300 Gy tyeSin Cppiasai print(len(fox_emb))
300
\ J
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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)

car dalS o a5 ,Latl ,_glaf.;-a__u.gjtdi JLAL .E~_J53 ALE Aa s @ uEil cil WIS el el 5ol f..u.-_._m
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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 0.128368706

LIl gan Y ALl Aeal Solal€ e jghall I oea yull plail] al il (S

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 nltk library for nip.

import re #import the re library for reqular expressions.

import numpy as np # used for numeric computations

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

# download the 'stopwords’ tool from the nitk 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.
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def get sample(bbc_docs:list,

bbc_labels:list _ :
): (Og395s) are g (0sse) is o (1) the 5 (1) a » (Stopwords)

5taiuue ClolS pGat AT Aadlid! 4 juloui ¥ SLaIST yaas

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

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

# 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 im 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(56)]

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

word sample=list(word sample) # convert the setto 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

!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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tsne = TSNEVisualizer(colors=['blue', 'green','red', 'vellow', 'brown'])
tsne.fit(text_emb,bbc _labels)
tsne.show();

TSME Projection of 2225 Documenis
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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.

12

0 I

(SBERT) cu¥amell ye olai¥l A5LE LmLH_,.,_J,Lu.J_,..: | g pmidl g 1 13.24 K

168



it a gl o Lgia ity JS s ailio 8 1) pu 85 g pom 511 @ 1 5151 (518.3.24 JCEID o Boga ga LS
toaadtl| unslie Clous g uBliall Cileasd 753300 13a I oea pudl aladll o deio

AC_emb=AgglomerativeClustering(linkage="ward',n_clusters=4)
AC emb.fit(text_emb)
pred_emb=AC_emb.labels_

print('\nHomogeneity score:',6homogeneity 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

JSCAIL samdl yaus¥ sgaiatla, uBlic 5 tye pumeall suall aluiiols Lgaseadsle] @i us cbilull cils (3]
A g ill e Sl (5Sug ¢S A @aaiiian 03]

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:',6completeness_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 SentenceTransformer

yellowbrick.text SentenceTransformer
from import TSNEVisualizer model = ('all-MinilLM-

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

docs_emb - model. TSNEVisualizer (pocs) #embeds the docs

tsne = colors ( fit =[ 'blue', 'green', 'red’, 'yellow'])

e o e = a = = ma = re - = mza S — iz

tsne.

text_tfidf ( bbc_labels y labels

tsne.show();

G 2 AslS IS TaswY (Word2Vec) mw BTV P TP NE LR LAE TR | (PR PR [N 2V-11 S| o
g Lo 381 0985 (6o ls et

import gensim.downloader as apl
faport re =
model_wv = i . load ('word2vec-google-news-300")

old_sentence='My name 1s John and I like basketball.'
new_sentence=""'

for word in re. (r'\b\w\w+\b',old sentence.lower()):

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

new sentence+= replacement

sentence=new_sentence.strip()
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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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Paraphrase() Tm.-. fx

1aiSs AL 220K IS Pl Jj\m @5 . Jadl (pe Aegazma 1) 5558 (e ujs_u u.a_d'! Al ot 23 f.mm
2 iy gl (Word2Vec) A_-_-..dlulid.a.lﬂlc.\j.u Un il VI L a3 ﬁ_u._} LY agilsng g il
A galiin g ] 1S el 2 20 Jlaznl (Word2Vec) dail) 1 3alSH 73505 umgy . Goluadl sl
CE P | EPWE S 3 VLol oo Jhie ity (EL;.J) apples - (.u..Lu) apple Jloa ! @ J5e . Lg!
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def paraphrase(text:str, #textto be paraphrased
stop:set, #setofstopwords
model_wv ,# Word2Vec Model
lexical_sim_ubound:float, # upper bound on lexical similarity
semantic_sim_lbound: float # lower bound on semantic similarity

)3
words=word_tokenize(text) # tokenizes the text to words
new_words=[] # 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 a5 | a5 fuzz




# 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: #usethe candidate.
new_words.append(rword)

return ' '.join(new_words) # re-join the new words into a single string and return.
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=¥l o 11 25 paraphrase( ) Ul eead 2300 g8 € oy ¥ LS o ) pdaat) alien g
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woCcapture

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 nltk 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

ipip 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 1s terrific
and the tenderloin were delicious. I will certainly rejoin quickly, hugely
advised!'

gty @:r_nal‘ _1_31.5]'. (e ...1.._.}.“ EAJL@L.I E\“I:J.H L,:.....:.JL)S.A:, ;;T;Jl_jﬁ.ﬂ UJ!E.LEJ_miI ,__gw,_—‘-..::ﬂ «LL_:_:-.@.LU 2 LS
Alagead) Al o2 aluzeialy (0S5 aif o3hel LA eags ¢ 3 pag . eV 23,558 il g L gung JBYI 510
ALl Aadly yogeal aulg

176



LGS e Al dacdalt Olall) A o3 ot
Using Selection-Based NLG
NRES _,_:,:_.Ea__.,_q;ua;m.sjuijazﬁmdﬂglm?jgjgﬂm dumgio yo yaiedi @uadll 182
e y O A g HLaaY ul:t:,_._.li dapall LAl 0des Ll e
ALY dgslantl el 513_';1 SENES f.;_:.cmit (Word2Vec) a=it ol aalSTiFagan @
AL el (e Aalie g3l Andlaa o LasY dalsmall gl A8l (peis 5 gl Networkx 1a<a o
2022 &Ll Sl ASLgatl 31,1 e ._,)uf ol Al g Lasll s if..;.-.-.-_,.m‘iu sl Ljiﬁ.l u;m

# 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 '

A2 Lall il gt 2 2 Sl s’ el yuaailly re A€l asdanly il 3o Al 2

import re #used forregular 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.q. 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, #setofunigue words
model wv # Word2Vec model
):
# gets all possible pairs of words in the doc
pairs=combinations(vocab,2)

G=nx.Graph() # makes a new graph
for wl,w2 1in pairs: # forevery pair of words wl, 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, # theinputgraph
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



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: # for each 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: # foreach word in the sentence

word comm=word to community[word] # getthe community of this word
sentence_score+=community_ scores[word comm] # add the score of this
community to the sentence score.

scﬂred_sentences.append((5&ntence"scnre,raw_sent)) # stores this sentence and
its total score

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

return scored_sentences

scored sentences-evaluate sentences(text,word to_community,community
scores,model wv)
len(scored sentences)
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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 Mbappe hauled France up off the canvas towards the end of normal
time."')



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

(@, '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 1in?",
"Al1":[["Courses in Computer Programming","2"],
["Courses in Engineering","3"],
["Courses in Marketing","4"]],

"Q2":"What type of Programming Languages are you interested in?",
"A2":[["Java",None],["Python",6Nonel],

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

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

}

Chat() ans fx
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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_1lbound:float): #lower bound on the similarity between the user's response and the
closest candidate answer

qa_1d="1"' #theQAid
while True: #an infinite loop, will break in specific conditions

print('>>"',QA['Q'+qa_id]) # prints the question for this gqa _id
candidates=QA["A"+qa_id] # gets the candidate answers for this gqa_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 ga_id. Only embed x.



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()

qa_id=winner[1] # gets the gqa 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

paiiedly L yll Cagagy on ol paleLntl I S
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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.
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chat(QA,model_sbert, 0.5)

>> What type of courses are you 1nterested in?
cnnkln% classes

>> A 0

>> What type of courses are you interested in?

software courses

>> You have selected: Courses on Computer Programming

gies, I could not understand you. Please rephrase your response.

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

C++
>> You have selected: Java

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

339> gl LS La¥sdaassy (k! w953) Cooking Classes ;) a2, Cagg) eghs i S Jelaall s
ems (Ama ! 2250l el 5001 ) Software courses oyl @ gad 2SI jualls L83 509 .38, ucl3 2
g3t (cewlsdl a2 3 nyuall ol yaa0l) Courses on Computer Programming jLes da 5 )5 ol
et JHVEjCHP.\Euuii 3 03 83l gy iy imaiall ol (e gl b el (ya ¥
33 O 9L Gt 5 0yl 3t e L) 38T Lagily 9l ¢ySiany (hadlls (yLalass po Ama ol L3I O (o0 02,
Gam! CH+aa1 2 Ay ,uill ol yolls a_myu a_.glsjmu.uhtwm_wumuyﬂul &gyulf._.:.._“_._muu
393 301 o A5 L1 t_.:.,.1'}?'.:._11 A Laal oy a "2".1._3 <l pall oo sl sl f.l.a_-r_r_.-.u‘» ?AJ}@J| s 3 sdlal 351,101

ALY aen Alall el al st g

(231 9 (pad LT g WYY @lad Al

Using Machine Learning to Generate Realistic Text

d.aln.ﬁ-_l.i 4._1'|.n.|.|.1=.r.u u.a_}a.a_d'h _:._._]_3_.] ..Ju-':.i_'-t-_r.“ u'l_u.a.l j' i.l-ﬂ:‘lj_ﬂ.”-j ;Jlﬁgﬂf - EL:uL;..J' ‘a..L..ufﬂ .-'E'_a_ﬁ-_.u..ajli ”v.l:..“

(NLG) dacdall Slalll ot o5 2_delzidl Aty ‘nl._n_tl__qn.[&:l Eis alcdq}.t_r.u.u i.(ﬂ.l.u.ﬂ.” V.9

duacdall LAY U o3 2. Aediviud! Aedail| AN elad SLaEs :3.5 Jods

Lo gl | acait|

(Memory Cells) 3,51 L ya (LSTM) (60115 yusad AT glal 13 55 1031 3S05 1eS
e 5 e 15 AL I bl e Al Yoo ey amy U o
e JS1 75 5a aulgil 3 ,SIA0 LS 30 a0 &l oSy s b ialyatl s
Slall wd gi alge o nls (LSTM) Sl By 4 glal 13 ,S 1AM L S ous Lle
ca5aill Jia) BLadl wdls yeclaglal L lana ¥ e 155051 (NLG) Zuasdal
Aadall Sl na datlesy (Ll LIS 5 NI le

5 yusard AT glall 5 ,SIAM| AS L
Long Short-Term) gl
(Memory - LSTM

oA wiiody Laulgy Ly 2l lalll @gas Lt el o c¥satl le 3uill 3Ll
g 'y Lgi€as all (Self-Attention) o5tatsbas¥iauis I Lglee 2 23l
Jand! 2 2abl] clal€I o caladLall

farh  © N P P W § E}.Lq.'d'l
Transformer-Based)
(Models




2 — =
s ol iS e o
(DECODERS) < (ENCODERS )

OUTPUTN

MEIN - m—m

L 7
7311 © il © INPUT N mpu*r 2 INPUT 1
"today” "am o

Jeall 13,30 £ Sl 3003 Alglall 3,815 13,29 St

Transformers G% g
u._-:'}’_ga-_ll C.&j.q.-.i 5 lass 4J...ul...u.|l| ah.iliu'l_tu's M'Lw.nulc 'Lé.u..i.ai e all =lalll Joudas i:-].gl Aulia n..m‘f__g.‘:—.['s

S Guayall €A yie Jhaal 5500 @3 ﬂmdaasuﬂum.ul@mﬁﬂlﬁﬂlﬁulmk_,\_}uuﬁ
BEPUi | O XTVUILF PO i | j\__._._}'ﬂ'. &Ll f.'r.jmige.a.:'l_q.lﬂ oigl Al Il aSliasall dml.a)gd'sd.‘..&m.dl .-\-ij
saill g 2 5L ¥l g 3lai o yglal AN B 41301 ol o B Jualiaall [y 0 3560 51 31 e

ALY e Bla Wy ety AV e )3 U132 Loy Bundall il 13 alga (o il 33001 e

OpenAl GPT-2 Model —u JMngM}leﬂ¥m‘;‘ | )™ zhgad
Z3ga5 99 (GPT—Z) tatah IS ki i_;..;...‘l',...n J_.P.:.!t.-._g.uu.a AL oY anst ol Bgw ewdll 1082
dla il g ‘_j_a..m ol il I .,.u.._.m ol addgil (Openm] ! 51 Cr9l 4S5 5 45 bs £52 L_gj_d
(GeneratwePre-trammgTransfurmerz GPT-2) s st Gssa (s g3t J gl (e S Yl f..x.-.uu.u
Byl pogeaill o LS| e 30l 3uaiig cug Aomis s e el (e 38T @i il Ao gama e 5
rea Jgll le 2| (GPT-2) st Broaue (Sl 4331 J gkl (o N S W1 2T g ilad 3
(G A tlat 3oL gaily u__,j.rijﬁjauﬁl soradl udsis call 3us (Dependencies ) Sliadd! aas=i
aieal!) 52300 e P Asgls o guad gt 7 3gaill al il (Say o Al g paill (yaus Aas Ludl slalSIl S

RN PULS IR TR T L t-{ I

%kcapture

'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 Bt §otad 3301 Jgonl ! (o AN slotim ¥ ] iy bl Il il pis

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 1is
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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 i1t! 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 1s 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 1is 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
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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 1s 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 walit 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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Algatl e ,_}bj'h.JLd 45 :fh__q.a_-.._l .L,.l:ull

|tertunls

— rmm = w E amn - —

from import combinations # tool used to create combinations
import networkx as nx # python library for processing graphs
def build graph(vocab:set, # setof unigue words

model wv, # Word2Vec model

similarity threshold:float

):
. . W 2 . : .
pairs=combinations(vocab, @~ ) #gets all possible pairs of words in the vocabulary
G=nx Graph() # makes a new graph

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

sim=model_wv. similarity (wl, w2)# gets the similarity between the two words

if sim > similarity_threshold:

c.  add_edge  (wi,u2)

return G
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LUMM‘H)JUMCJ}MEEIE max Sim(}ﬁlﬂ1ﬁmw}~,}uiﬁ.ﬂﬂ1ml Lq.si e
L,Pia.utss_agjiy1hj.w1ﬁj my sentencemwmﬂmjw (SBERT] SY gl ‘pa ol Y
.my_sentence L1 ;ye e aslist yuualu-._numu.mm s L Jest) yo

from sentence_transformers import SentenceTransformer util

from ItertOOIS import combinations # tool used to create combinations

SentenceTransformer

model_sbert = ('all-MiniLM-L6-v2"')
def get max _sim(L1,my_sentence):
# embeds my_sentence
my_embedding = model_sbert, EHCOdE ([my_sentence], convert_to_tensor=True)
# embeds the sentences from L2
L_embeddings = model_sbert. E_nCO(_:IEE o (L, convert _to_tensor=True)
similarity scores = Uﬁl i .cos_sim( my embEdd'“B L emqudmg

winner_index=np.argmax(similarity scores[0])

return L1 [Wi n ner_ind ex]
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Dimensionality
Reduction

Document
Clustering

Natural Language
Generation

Natural Language
Processing

2 ¢
ol g8 il lail z3Led AldBniuly pait! Cadial <
- £
LA ot @laTlf z3Led Al ATwly yatll Jdod <
2
Aadal) S A8 ot TN elad 3Led pl il <

a_gui:i"l B otiall Slidie

lﬁi‘;.‘l_}.ﬂl&_g._ljj

L

- Aelas

Sl | s T

|;'r|.‘|..:|.u.|i|-t__|.4;‘-&
Asasdall ST 8 63

dcacdal Slall| Asdlas

o Alin )3 D99y dana <

Part of Speech
(POS) Tags

Sentiment

- Analysis

Supervised
Learning

Syntax Analysis

Tokenization

Transfer Learning

Unsupervised
Learning

Vectorization

AMST| ALudl 2 g g
reladl Jul>g

RPP ]
Jand! £l Julos
(uisssal] |
il
4o g1 put Lo

Aalon ¥ Ae yul!




