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Overview

1. Text Preprocessing
2. Sentiment Analysis with TensorFlow
3. Word Embeddings
4. Extracting Word Embeddings
5. Visualizing Word Embeddings
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TensorFlow

• Open-source Machine Learning platform by Google.
• Provides tools to easily build ML models.
• Also provides other tools for NLP, such as tokenizers, datasets and 

pre-trained models.
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Text Preprocessing

• First Step: Tokenizing 
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• num_words: size of the 
vocabulary

• Bigger vocabulary -> 
more precision
• ! More memory
• ! More training time



Text Preprocessing

• First Step: Tokenizing 
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• Creates a dictionary for 
the tokens (word : index)

• Like the ones we have 
used on previous 
exercises.



Text Preprocessing

• First Step: Tokenizing 
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Output: 
{ 

'love': 1, 
'nlp': 2, 
‘you': 3, 
'i': 4, 
'and': 5, 
'do’: 6

}



Text Preprocessing

• Second Step: Sequence 
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• We should tokenize new 
texts with the same 
vocabulary our model was 
trained with (why?).

• Ideally all inputs shall have 
the same size (for that 
example).

• The tokenizer learns words 
from the input data.



Text Preprocessing

• Second Step: Sequence 
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• The tokenizer learns words 
from the input data.

• It will fill a dictionary with 
all the words it finds 
(tokens).

• Will keep the num_words
more frequent ones.



Text Preprocessing

• Second Step: Sequence 
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Vocabulary:
{ 

'love': 1, 
'nlp': 2, 
‘you': 3, 
'i': 4, 
'and': 5, 
'do’: 6

}

Output: 
[[4,1,2],[5,3,6,3,1,2],[3,1,2]]



Text Preprocessing

• First Step: Tokenizing 
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Vocabulary:
{ 

'love': 1, 
'nlp': 2, 
‘you': 3, 
'i': 4, 
'and': 5, 
'do’: 6

}

Output: 
[[4,1,2],[5,3,6,3,1,2],[3,1,2]]

The vocabulary is defined 
at the fit function. The 
tokenizer will NOT learn 
words that don’t appear in 
the dataset. 



Text Preprocessing

• Second Step: Sequence 
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Vocabulary:
{ 

'love': 1, 
'nlp': 2, 
‘you': 3, 
'i': 4, 
'and': 5, 
'do’: 6

}

Output: 
[[4,1,2],[5,3,6,3,1,2],[3,1,2]]
[[4,1,5]]



Text Preprocessing

• Second Step: Sequence 
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Vocabulary:
{ 

'love': 1, 
'nlp': 2, 
‘you': 3, 
'i': 4, 
'and': 5, 
'do’: 6

}

Output: 
[[4,1,2],[5,3,6,3,1,2],[3,1,2]]
[[4,1,5]]

OOV words are ignored!



Text Preprocessing

• Second Step: Sequence, OOV
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Vocabulary:
{ 

'<OOV>': 1, 
'love': 2, 
'nlp': 3, 
'you': 4,
'i': 5, 
'and': 6, 
'do’: 7

}

Output: 
[[5,2,3],[6,4,7,4,2,3],[4,2,3]]
[[5,1,2,1,1,1,1,1,1,6,1,1],[1,3]]

We can define an OOV 
token to handle that.



Text Preprocessing

• Second Step: Sequence, OOV and padding
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Vocabulary:
{ 

'<OOV>': 1, 
'love': 2, 
'nlp': 3, 
'you': 4,
'i': 5, 
'and': 6, 
'do’: 7

}

Output: 
Sequences:[[5, 2, 3], [6, 4, 7, 4, 2, 3], 
[4, 2, 3]]
Padded sequences:[[0 0 5 2 3]
[4 7 4 2 3]
[0 0 4 2 3]]
New sequences:[[5, 1, 2, 1, 1, 1, 1, 1, 
1, 6, 1, 1], [1, 3]]
Padded new sequences:[[1 1 6 1 1]
[0 0 0 1 3]]



Sentiment Analysis: Sarcasm Detection

• https://www.kaggle.com/rmisra/news-headlines-dataset-for-sarcasm-
detection
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https://www.kaggle.com/rmisra/news-headlines-dataset-for-sarcasm-detection
https://www.kaggle.com/rmisra/news-headlines-dataset-for-sarcasm-detection


Sentiment Analysis: Sarcasm Detection

• https://www.kaggle.com/rmisra/news-headlines-dataset-for-sarcasm-
detection
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https://www.kaggle.com/rmisra/news-headlines-dataset-for-sarcasm-detection
https://www.kaggle.com/rmisra/news-headlines-dataset-for-sarcasm-detection


Sentiment Analysis: Sarcasm Detection
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• Not setting the number 
of words in the 
vocabulary.

• The tokenizer will take as 
much as it needs (from 
the input data).



Sentiment Analysis: Sarcasm Detection
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• padding=’post’ pads to 
the end of the strings 
(add/remove).

• Printing an example of 
padded sentence and 
the shape of the whole 
data.



Sentiment Analysis: Sarcasm Detection
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• padding=’post’ pads to 
the end of the strings 
(add/remove).

• Printing an example of 
padded sentence and 
the shape of the whole 
data.

• 28619 texts.
• 152 words on each of them.

• Padded to the size of the biggest text on 
the database.



Sentiment Analysis: Sarcasm Detection
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• Stopwords don’t add a lot to the meaning of the text.
• They shall be removed



Sentiment Analysis: Sarcasm Detection
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• Stopwords don’t add a lot to the meaning of the text.
• They shall be removed



Sentiment Analysis: Sarcasm Detection
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Embeddings in TensorFlow/Keras

• Jump to Jupyter Notebook
• Sarcasm_example.ipynb

23



Embeddings in TensorFlow/Keras

• Remember Embeddings? Let’s see them in practice.
• Let us use embeddings to classify texts.
• Keras provides example datasets.
• https://www.tensorflow.org/datasets/catalog/overview
• In this example, let’s use a simple one: the IMDb dataset for movie 

reviews.
• Binary: each example is labeled as positive or negative.
• 25000 examples for training.
• 25000 examples for testing.
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https://www.tensorflow.org/datasets/catalog/overview


Embeddings in TensorFlow/Keras

• Jump to Jupyter Notebook
• IMDb_example.ipynb
• Visualization at https://projector.tensorflow.org
• https://www.tensorflow.org/tensorboard/tensorboard_projector_plu

gin
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https://projector.tensorflow.org/
https://www.tensorflow.org/tensorboard/tensorboard_projector_plugin
https://www.tensorflow.org/tensorboard/tensorboard_projector_plugin


Exercise

• Try a harder sentiment analysis: goemotions.
• 58000 Reddit comments .
• 43410 for training.
• 5427 for testing.
• 5427 for validation.
• 27 emotions categories or neutral.
• https://www.tensorflow.org/datasets/catalog/goemotions

• Plot the embeddings and the learning curves. Explain them.
• Can you improve the sarcasm sentiment extraction? With a different 

model or more preprocessing? Visualize the word vectors (tip: 
sphereize and see what happens).
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Exercise

• The way we are extracting the embeddings here is a little different 
from CBOW…
• CBOW tried to predict a word. 
• Here, we are predicting a sentiment.
• The embeddings will be related to that sentiment.

• Can you implement the original CBOW with TensorFlow now?

27



Remember

• Bring up your questions!
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Thank you!
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