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Word representation

Traditional method

• Uses one hot encoding

• Each word in the vocabulary 

is represented by one bit 

position in a huge vector.

• Context information is not 

utilized

Word embeddings

• 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



Examples

Demo (http://w.elnn.kr/search/)

http://w.elnn.kr/search/


WORD EMBEDDING
http://colah.github.io/posts/2014-07-NLP-RNNs-

Representations/



Word Embedding

• A word embedding W:words→ℜ𝑛 is a paramaterized function 

mapping words in some language to high-dimensional vectors 

(perhaps 200 to 500 dimensions). For example, we might find:

• Typically, the function is a lookup table, parameterized by a 

matrix, 𝜃, with a row for each word: 𝑊𝜃 𝑤𝑛 = 𝜃𝑛



Word Embedding Learning

• 𝑊 is initialized to have random vectors for each word. It learns 

to have meaningful vectors in order to perform some task.

• Train a network for is predicting whether a 5-gram (sequence of 

five words) is ‘valid.’

• “cat sat on the mat” vs “cat sat song the mat”

• 5-gram -> (𝑊, 𝑅) -> ‘valid’ vs ‘broken’



Word Embedding Learning

• In order to predict these values accurately, the network needs to 

learn good parameters for both 𝑊 and 𝑅.



t-SNE Visualization

http://metaoptimize.s3.amazonaws.com/cw-embeddings-ACL2010/embeddings-

mostcommon.EMBEDDING_SIZE=50.png



t-SNE Visualization



t-SNE Visualization



t-SNE Visualization



t-SNE Visualization



What words have embeddings
closest to a given word?



Gender dimension?

• Word embeddings exhibit an even more remarkable property: 

analogies between words seem to be encoded in the difference 

vectors between words. For example, there seems to be a 

constant male-female difference vector:

• We say with hindsight, “the word embedding will learn to 

encode gender in a consistent way. In fact, there’s probably a 

gender dimension. Same thing for singular vs plural. 



Examples



Much more sophisticated relationships



Summary

• All of these properties of 𝑊 are side effects. 

• We didn’t try to have similar words be close together. 

• We didn’t try to have analogies encoded with difference vectors. 

• All we tried to do was perform a simple task, like predicting whether a 

sentence was valid. These properties more or less popped out of the 

optimization process.

• This seems to be a great strength of neural networks

• They learn better ways to represent data, automatically.

• Representing data well, in turn, seems to be essential to success at many 

machine learning problems. 

• Word embeddings are just a particularly striking example of learning a 

representation.



SHARED REPRESENTATIONS



Bilingual word-embedding

• We train two word embeddings, 𝑊𝑒𝑛 and 𝑊𝑧ℎ in a manner 

similar to how we did above. However, we know that certain 

English words and Chinese words have similar meanings. So, 

we optimize for an additional property: words that we know are 

close translations should be close together.



t-SNE visualization of the 
bilingual word embedding



Word/image embedding



BACKUPS



WORD2VEC MODEL 
EXAMPLE



Word2vec model

• Word2vec is a particularly computationally-efficient predictive 

model

• Two methods

• Continuous Bag-of-Words model (CBOW) 

• CBOW predicts target words (e.g. 'mat') from source context words ('the cat 

sits on the')

• Skip-Gram 

• Skip-gram predicts source context-words from the target words model



• Neural probabilistic language models are traditionally trained 

using the ML principle to maximize the probability of the next 

word 𝑤𝑡 (for "target") given the previous words ℎ (for "history") 

in terms of a softmax function

Basic model



Scaling up with Noise-Contrastive Training

• This objective is maximized when the model assigns high 

probabilities to the real words, and low probabilities to noise 

words



Skip-gram model 1/3

• Example sentence:

the quick brown fox jumped over the lazy dog

• Context:

• We could define 'context' in any way that makes sense

• For now, let's define 'context' as the window of words to the left and to the 

right of a target word. Using a window size of 1, we then have the dataset 

of (context, target) pairs.

([the, brown], quick), ([quick, fox], brown), ([brown, jumped], fox), ...



Skip-gram model 2/3

• Skip-gram inverts contexts and targets, and tries to predict each 

context word from its target word, so the task becomes to 

predict 'the' and 'brown' from 'quick', 'quick' and 'fox' from 

'brown', etc. Therefore our dataset becomes (input, output) pairs.

([the, brown], quick), ([quick, fox], brown), ([brown, jumped], fox), ...

(quick, the), (quick, brown), (brown, quick), (brown, fox), ...



Skip-gram model 3/3

• Training example

• We have to estimate “the” from “quick”. 

• For learning

• We select of noisy (contrastive) examples by drawing from some noise 

distribution

• Let’s assume we select sheep as a noisy example

• We compute the loss for this pair of observed and noisy examples

Training sample: ([the, brown], quick),  ...

“quick”  -> “the”   vs  “quick”-> “sheep”



Implementations
….

embeddings = tf.Variable(tf.random_uniform([vocabulary_size, embedding_size], -1.0, 1.0))

….

nce_weights = tf.Variable(

tf.truncated_normal([vocabulary_size, embedding_size],

stddev=1.0 / math.sqrt(embedding_size)))

nce_biases = tf.Variable(tf.zeros([vocabulary_size]))

….

# Placeholders for inputs

train_inputs = tf.placeholder(tf.int32, shape=[batch_size])

train_labels = tf.placeholder(tf.int32, shape=[batch_size, 1])

….

embed = tf.nn.embedding_lookup(embeddings, train_inputs)

….

# Compute the NCE loss, using a sample of the negative labels each time.

loss = tf.reduce_mean(

tf.nn.nce_loss(nce_weights, nce_biases, embed, train_labels,

num_sampled, vocabulary_size))

….

# We use the SGD optimizer.

optimizer = tf.train.GradientDescentOptimizer(learning_rate=1.0).minimize(loss)



Results



Conclusions

• The representation perspective of deep learning

• Why are neural networks effective? 

• Because better ways of representing data can pop out of optimizing layered 

models.


