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Bag of Words
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銀蘋果
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Word embedding



keras.layers.Embedding
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“ The quick brown fox _____ over the lazy dog ”?
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“ The quick brown fox _____ over the lazy dog ”
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“ The quick brown fox _____ over the lazy dog ”

grammatical, semantical similarity



Word Embedding Choices

1. Learnable embedding

2. Word2Vec

3. GloVe

4. FastText



Word2Vec

• Check genism

•Get the training data on the same 
page (text8)

• https://radimrehurek.com/gensim/models/word2vec.
html

https://radimrehurek.com/gensim/models/word2vec.html


Text8
Large text compression benchmark

• First 109 bytes of the English Wikipedia dump on Mar. 3, 2006.

• Remove tags, digits, punctations

• Lower cases

• Leaving a-z, unrepeated spaces

• Truncate first 108 bytes

• About 1700 articles

• http://mattmahoney.net/dc/textdata.html

http://mattmahoney.net/dc/textdata.html




𝑂𝑂 = 𝐸𝐸 × 𝑇𝑇 × 𝑄𝑄 O     Training complexity
E     Training epochs
T     Word count in corpus
Q     <Model related factor>



𝑂𝑂 = 𝐸𝐸 × 𝑇𝑇 × 𝑄𝑄 O     Training complexity
E     Training epochs
T     Word count in corpus
Q     <Model related factor>

𝑄𝑄 = 𝑁𝑁 × 𝐷𝐷 + 𝐷𝐷 × 𝑙𝑙𝑙𝑙𝑙𝑙2 𝑉𝑉

N     Window size for input
D     Dimension of P layer
V     Size of vocabulary

CBOW
Continuous bag-of-words



𝑂𝑂 = 𝐸𝐸 × 𝑇𝑇 × 𝑄𝑄 O     Training complexity
E     Training epochs
T     Word count in corpus
Q     <Model related factor>

𝑄𝑄 = 𝐶𝐶 × 𝐷𝐷 + 𝐷𝐷 × 𝑙𝑙𝑙𝑙𝑙𝑙2 𝑉𝑉

C      Maximum word distance
D     Dimension of P layer
V     Size of vocabulary

Skip-gram
Continuous skip-gram



Word count

• Try Wikipedia Statistics page https://en.wikipedia.org/wiki/Wikipedia:Size_in_volumes

https://en.wikipedia.org/wiki/Wikipedia:Size_in_volumes


Vocabulary size

• Try Heaps' law
• https://en.wikipedia.org/wiki/Heaps%27_law

https://en.wikipedia.org/wiki/Heaps'_law


Problem?



Example



Word Representations
Traditional Method  - Bag of Words Model Word Embeddings

• Uses one hot encoding

• Each word in the vocabulary is 
represented by one bit position in a 
HUGE vector.

• For example, if we have a vocabulary 
of 10000 words, and “Hello” is the 4th

word in the dictionary, it would be 
represented by:  0 0 0 1 0 0  . . . . . . . 0 
0 0 0 

• Context information is not utilized

• Stores each word in as a point in 
space, where it is represented by a 
vector of fixed number of dimensions 
(generally 300)

• Unsupervised, built just by reading 
huge corpus

• For example, “Hello” might be 
represented as :  
[0.4, -0.11, 0.55, 0.3 . . . 0.1, 0.02]

• Dimensions are basically projections 
along different axes, more of a 
mathematical concept.  



Architecture



To compare pieces of text

• We need effective representation of 
• Words
• Sentences
• Text

• Approach 1: Use existing thesauri or ontologies like WordNet and Snomed CT (for 
medical). 
Drawbacks:

• Manual
• Not context specific

• Approach 2: Use co-occurrences for word similarity. Drawbacks:
• Quadratic space needed
• Relative position and order of words not considered



Approach 3: low dimensional 
vectors
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Example of Approach 3: low dimensional 
vectors

• An Improved Model of Semantic Similarity Based on Lexical Co-Occurrence [Rohde et al. 2005]
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Problems with SVD

• Computational cost scales quadratically for n x m matrix: O(mn2) flops 
(when n<m)

• Hard to incorporate new words or documents
• Does not consider order of words

42



word2vec  approach to represent the meaning of word

• Represent each word with a low-dimensional vector
• Word similarity = vector similarity
• Key idea: Predict surrounding words of every word
• Faster and can easily incorporate a new sentence/document or add a 

word to the vocabulary
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Represent the meaning of word – word2vec

• 2 basic neural network models:
• Continuous Bag of Word (CBOW): use a window of word 

to predict the middle word
• Skip-gram (SG): use a word to predict the surrounding 

ones in window. 

44



Word2vec – Continuous Bag of Word

• E.g. “The cat sat on floor”
• Window size = 2

45
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Some interesting results
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Word analogies
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Represent the meaning of sentence/text

• Simple approach: take avg of the word2vecs of its words
• Another approach: Paragraph vector (2014, Quoc Le, Mikolov)

• Extend word2vec to text level
• Also two models: add paragraph vector as the input
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Applications

• Word Similarity:  Edit Distance, WordNet, Porter's Stemmer, 
Lemmatization using dictionaries

• Search, e.g., query expansion
• Machine Translation 
• Part-of-Speech and Named Entity Recognition
• Relation extraction
• Sentiment analysis
• Semantic Analysis of Documents 
• Clustering
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