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Word Embeddings
In Python

Available in Gensim
* You can train them, or you can load pretrained embeddings
 Can be used to infer relations between words

e Can be used to train machine learning classifiers

Keras/TensorFlow, or pretrained models in HuggingFace
e Jo train neural networks

e Different models (word2vec, GloVE, but also alternative
embeddings such as BERT)



Gensim example

from gensim.models import Word2Vec

# define training data

sentences = [[ 'this', 'is', 'the', 'first', 'sentence', 'for', 'word2vec'],
[ 'this', 'is', 'the', 'second', 'sentence'],
[ 'yet', 'another', 'sentence'],
[ 'one', 'more', 'sentence'],

[ 'and', 'the', 'final', 'sentence']]

# train model
model = Word2Vec(sentences, min count=1l,vector size=50)

word="another"
print("another:",model.wv[word])
print("Model lenghth:",len(model.wv))

print("Most similar words:",model.wv.most similar(positive=word,topn=3))

# save model
model.save( model.bin')

# load model
new model = Word2Vec.load( 'model.bin')
print (new model)
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Discussion - |

The Word2Vec constructor creates a word embedding
model from the sentences

By using model.wv|word] we can access the vector of a
word

model.wv.most_similar(positive=word,topn=3) returns the
closest words if “another” is considered as a positive
example

Once you have created a model, you can store it with the
save method, and then load it again with Word2Vec.load



Discussion - |l

 That set of sentences was clearly not enough to train a
model

* The training requires a careful calibration of the Word2vec
parameters (e.g., the window size, the vector size, etc.)

* In the following, we will mainly use pre-trained models



Using pretrained models

import gensim.downloader
print(list(gensim.downloader.info()[ 'models'].keys()))

* Result:
['fasttext-wiki-news-subwords-300', ‘conceptnet-
numberbatch-17-06-300', 'word2vec-ruscorpora-300', 'word2vec-
google-news-300', 'glove-wiki-gigaword-50', 'glove-wiki-
gigaword-100', 'glove-wiki-gigaword-200', 'glove-wiki-gigaword-300’,
'glove-twitter-25', 'glove-twitter-50', 'glove-twitter-100', 'glove-
twitter-200', ' testing_word2vec-matrix-synopsis']



Using pretrained models -
discussion

 We have models from different training data, and with
vectors having different lengths

* A longer vector normally gives more accurate results, but
also means a more expensive computation



Let’s use one...

import gensim.downloader
glove vectors = gensim.downloader.load( 'glove-wiki-gigaword-50")

print(len(glove vectors[0]))
print(glove vectors[ ' 'twitter'])
print (glove vectors.most similar( ' twitter'))

print (glove vectors.most similar(positive=[ 'doctor', 'woman'],negative='man'))



Discussion

e gensim.downloader.load downloads a pretrained model

e glove_vectors|‘twitter'] lets you access to the vector for
the word ‘twitter’ (note the structure is slightly different
from Word2Vec where you should access model.wv
instead)

e most_similar returns the most similar words. Positive
words contribute positively towards the similarity,
negative words negatively.
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You now see what Al
bias means!!!!



