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● Introduction to NLP

● Tasks in NLP
○ Sentiment Classification
○ Language Modeling
○ Image Captioning
○ Named-Entity Recognition
○ Machine Translation
○ Text Summarization
○ Paraphrasing
○ Question-Answering
○ Chatbots

.
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● Deep Learning based NLP Models
○ RNN, GRU, LSTM
○ Attention + RNNs, GRUs, LSTMs
○ Transformer, BERT
○ GPT, GPT2, GPT3



Natural Language Processing  1.

Introduction to NLP :
○ give computers the ability to read, understand and interpret human language. 
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line was too slow.” 

“Wow. This movie is great. Awesome acting by DiCaprio. The 
screenplay is just perfect.” 
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Natural Language Processing 1.

Tasks in NLP :
● Named-Entity Recognition

“I am Max. I work on Machine Learning at Apple. I’m interested on Generative 
Modeling; experienced on Computer Vision, Time Series Analysis and NLP.”  

“I am Max. I work on Machine Learning at Apple. I’m interested on Generative 
Modeling; experienced on Computer Vision, Time Series Analysis and NLP.”  

person names, 
organizations, 
locations, 
professions, ….
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Tasks in NLP :
● Machine Translation



Natural Language Processing 1.

Tasks in NLP :
● Image Captioning

“A person holding a flower.” [1]  “Green limes isolated on white 
background” [2]  

“A dog running in the green 
grass.” [3]  

[1]https://unsplash.com/photos/ChPcC7satSU
[2]https://www.publicdomainpictures.net/en/view-image.php?image=3420&picture=green-limes
[3]https://www.publicdomainpictures.net/en/view-image.php?image=33633&picture=labrador-dog

https://unsplash.com/photos/ChPcC7satSU
https://www.publicdomainpictures.net/en/view-image.php?image=3420&picture=green-limes
https://www.publicdomainpictures.net/en/view-image.php?image=33633&picture=labrador-dog
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Tasks in NLP :
● Text Summarization
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Tasks in NLP :
● Contextual AI assistants or Chatbots

https://rasa.com/

https://rasa.com/


Natural Language Processing 1.

Tasks in NLP :
● Question-Answering
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Deep Learning based NLP models :

● RNN, GRU, LSTM
● Attention based RNNs

● Transformer, BERT
● GPT, GPT2, GPT3

Imagenet moment for NLP

http://jalammar.github.io/illustrated-word2vec/

http://jalammar.github.io/illustrated-word2vec/
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1. One Hot Encoding

2. Featurized Representation

3. Word2Vec
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Word Representation 2.

Vocabulary: [a, …, adversely, …, affected, …,corona, …, has, …, the, …, world, ...]

One-Hot Encoding
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0              120                363           4346       7232    23213   27316



Word Representation 2.

0 ... 0 ... 1 ... 0 ... 0 ... 0

0 ... 0 ... 0 ... 1 ... 0 ... 0

0 ... 1 ... 0 ... 0 ... 0 ... 0

0 ... 0 ... 0 ... 0 ... 1 ... 0

0 ... 0 ... 0 ... 0 ... 0 ... 1

1 ... 0 ... 0 ... 0 ... 0 ... 0

Vocabulary: [a, …, adversely, …, affected, …,corona, …, has, …, the, …, world, ...]

Corona 

has 

affected 

the 

world 

adversely

0              120                363           4346       7232    23213   27316

 120         363        4346      7232      23213      27316

One-Hot Encoding



Word Representation 2.

0 ... 0 ... 1 ... 0 ... 0 ... 0

0 ... 0 ... 0 ... 1 ... 0 ... 0

0 ... 1 ... 0 ... 0 ... 0 ... 0

0 ... 0 ... 0 ... 0 ... 1 ... 0

0 ... 0 ... 0 ... 0 ... 0 ... 1

1 ... 0 ... 0 ... 0 ... 0 ... 0

Vocabulary: [a, …, adversely, …, affected, …,corona, …, has, …, the, …, world, ...]

Corona 

has 

affected 

the 

world 

adversely

0              120                363           4346       7232    23213   27316

 120         363        4346      7232      23213      27316

One-Hot Encoding

0

0

 :

1

 :

0

0

0

eCorona =

4346

29,999



Word Representation 2.

0 ... 0 ... 1 ... 0 ... 0 ... 0

0 ... 0 ... 0 ... 1 ... 0 ... 0

0 ... 1 ... 0 ... 0 ... 0 ... 0

0 ... 0 ... 0 ... 0 ... 1 ... 0

0 ... 0 ... 0 ... 0 ... 0 ... 1

1 ... 0 ... 0 ... 0 ... 0 ... 0

Vocabulary: [a, …, adversely, …, affected, …,corona, …, has, …, the, …, world, ...]

Corona 

has 

affected 

the 

world 

adversely

0              120                363           4346       7232    23213   27316

 120         363        4346      7232      23213      27316

One-Hot Encoding

0

0

 :

1

 :

0

0

0

ehas =

7232

29,999



Word Representation 2.

One-Hot Encoding

0

0

 :

1

 :

0

0

0

7232

29,999

ehas =

0

0

 :

1

 :

0

0

0

eCorona =

4346

29,999

Pitfalls:
● Orthogonal Representation
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Sequence Models 3.

Z-1

RNN

https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks

https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
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RNN

http://karpathy.github.io/2015/05/21
/rnn-effectiveness/

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
http://karpathy.github.io/2015/05/21/rnn-effectiveness/


 

Thank you!


