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Word Embeddings

• Common preprocessing step in NLP


• Maps discrete words to continuous embeddings space


• Word2Vec word embedding presented by Google in 2013


• Captures semantic similarities between linguistic items
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Introduction to Word2Vec
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Introduction to Word2Vec
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Figure 1: Architectures presented by Mikolov et al. [1]
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Introduction to Word2Vec
• Word2Vec designed for “huge datasets” - (billions of words in 

dataset, millions of words in vocabulary) 


• Objective function forces words that occur in similar contexts to 
produce similar embeddings


• Relationships between words can be investigated with simple 
algebraic operations in vector space
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⃗e (Berlin) + ⃗e (Germany) = ⃗e (Uruguay) + ⃗e (X)

⃗e (X) = ⃗e (Berlin) + ⃗e (Germany) − ⃗e (Uruguay)



Cosine Similarity
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Figure 2: Cosine similarity measure [2]
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Skip-Gram Softmax Problem
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Figure 3: Naive approach



Negative Sampling
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Network Architecture
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Figure 4: Network Architecture from Tutorial [3]
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Results of Tutorial
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Figure 5: Output of blog post [3]



Results - 1
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Figure 6: Average loss
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Results - 2
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Figure 7: Average loss
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Results - 3
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Figure 8: Average loss
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Results - 4
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Figure 9: Average loss
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Results - 5
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Figure 10: Average loss
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Effect of Batch Size
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Figure 11: Effect of batch size on optimisation [4]
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Figure 12: Loss for batched-training
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Comparison
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Figure 14: My approach (Run 6)Figure 13: Their approach (Run 1)



Further Changes
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Sigmoid Activation
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• Problem:     cos(θ) ∈ [−1,1]

Figure 16: Sigmoid function [5]



Final Architecture
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Figure 17: Final Network Architecture [3]
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Results - 7
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Figure 18: Loss of new architecture
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Comparison
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Figure 21: New architectureFigure 20: Batched trainingFigure 19: Their approach



Using the Network
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• Trained on translations of the 
Quran and the Hadith


• Future work: compare with 
Bible translations
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Live Demo
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Figure 22: Excerpt from Live Demo



Future Work
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• Determine best hyper parameters with grid search 


• find optimal batch sizes


• find optimal embedding dimension


• find optimal window size


• Using the embeddings to find out about gender bias


• Investigate validation loss
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6. Datasets


1. Experimental dataset: form nltk Gutenberg corpus


2. Bible texts: https://bible4u.net/en/download#en 


3. Quran texts: http://tanzil.net/trans/


4. Hadith text: https://www.holybooks.com/the-complete-hadith-all-9-volumes-in-one-pdf/ 
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