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In part 2 of the word2vec tutorial (here’s part 1), I’ll cover a few additional
modifications to the basic skip-gram model which are important for actually
making it feasible to train.

When you read the tutorial on the skip-gram model for Word2Vec, you may
have noticed something–it’s a huge neural network!

In the example I gave, we had word vectors with 300 components, and a
vocabulary of 10,000 words. Recall that the neural network had two weight
matrices–a hidden layer and output layer. Both of these layers would have a
weight matrix with 300 x 10,000 = 3 million weights each!

Running gradient descent on a neural network that large is going to be slow.
And to make matters worse, you need a huge amount of training data in order
to tune that many weights and avoid over-fitting. millions of weights times
billions of training samples means that training this model is going to be a
beast.

The authors of Word2Vec addressed these issues in their second paper.

There are three innovations in this second paper:

Treating common word pairs or phrases as single “words” in their model.1. 
Subsampling frequent words to decrease the number of training examples.2. 
Modifying the optimization objective with a technique they called
“Negative Sampling”, which causes each training sample to update only a

3. 
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small percentage of the model’s weights.

It’s worth noting that subsampling frequent words and applying Negative
Sampling not only reduced the compute burden of the training process, but
also improved the quality of their resulting word vectors as well.

The authors pointed out that a word pair like “Boston Globe” (a newspaper) has
a much different meaning than the individual words “Boston” and “Globe”. So
it makes sense to treat “Boston Globe”, wherever it occurs in the text, as a
single word with its own word vector representation.

You can see the results in their published model, which was trained on 100
billion words from a Google News dataset. The addition of phrases to the
model swelled the vocabulary size to 3 million words!

If you’re interested in their resulting vocabulary, I poked around it a bit and
published a post on it here. You can also just browse their vocabulary here.

Phrase detection is covered in the “Learning Phrases” section of their paper.
They shared their implementation in word2phrase.c–I’ve shared a commented
(but otherwise unaltered) copy of this code here.

I don’t think their phrase detection approach is a key contribution of their
paper, but I’ll share a little about it anyway since it’s pretty straightforward.

Each pass of their tool only looks at combinations of 2 words, but you can run
it multiple times to get longer phrases. So, the first pass will pick up the phrase
“New_York”, and then running it again will pick up “New_York_City” as a
combination of “New_York” and “City”.

The tool counts the number of times each combination of two words appears
in the training text, and then these counts are used in an equation to
determine which word combinations to turn into phrases. The equation is
designed to make phrases out of words which occur together often relative to
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the number of individual occurrences. It also favors phrases made of infrequent
words in order to avoid making phrases out of common words like “and the” or
“this is”.

You can see more details about their equation in my code comments here.

One thought I had for an alternate phrase recognition strategy would be
to use the titles of all Wikipedia articles as your vocabulary.

In part 1 of this tutorial, I showed how training samples were created from the
source text, but I’ll repeat it here. The below example shows some of the
training samples (word pairs) we would take from the sentence “The quick
brown fox jumps over the lazy dog.” I’ve used a small window size of 2 just for
the example. The word highlighted in blue is the input word.

There are two “problems” with common words like “the”:
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When looking at word pairs, (“fox”, “the”) doesn’t tell us much about the
meaning of “fox”. “the” appears in the context of pretty much every word.

1. 

We will have many more samples of (“the”, …) than we need to learn a
good vector for “the”.

2. 

Word2Vec implements a “subsampling” scheme to address this. For each word
we encounter in our training text, there is a chance that we will effectively
delete it from the text. The probability that we cut the word is related to the
word’s frequency.

If we have a window size of 10, and we remove a specific instance of “the” from
our text:

As we train on the remaining words, “the” will not appear in any of their
context windows.

1. 

We’ll have 10 fewer training samples where “the” is the input word.2. 

Note how these two effects help address the two problems stated above.

The word2vec C code implements an equation for calculating a probability with
which to keep a given word in the vocabulary.

 is the word,  is the fraction of the total words in the corpus that are
that word. For example, if the word “peanut” occurs 1,000 times in a 1 billion
word corpus, then z(‘peanut’) = 1E-6.

There is also a parameter in the code named ‘sample’ which controls how
much subsampling occurs, and the default value is 0.001. Smaller values of
‘sample’ mean words are less likely to be kept.

 is the probability of keeping the word:
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You can plot this quickly in Google to see the shape.

No single word should be a very large percentage of the corpus, so we want to
look at pretty small values on the x-axis.

Here are some interesting points in this function (again this is using the default
sample value of 0.001).

 (100% chance of being kept) when .
This means that only words which represent more than 0.26% of the
total words will be subsampled.

 (50% chance of being kept) when .
 (3.3% chance of being kept) when .

That is, if the corpus consisted entirely of word , which of course is
ridiculous.

You may notice that the paper defines this function a little differently than
what's implemented in the C code, but I figure the C implementation is the
more authoritative version.
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Training a neural network means taking a training example and adjusting all of
the neuron weights slightly so that it predicts that training sample more
accurately. In other words, each training sample will tweak all of the weights in
the neural network.

As we discussed above, the size of our word vocabulary means that our skip-
gram neural network has a tremendous number of weights, all of which would
be updated slightly by every one of our billions of training samples!

Negative sampling addresses this by having each training sample only modify
a small percentage of the weights, rather than all of them. Here’s how it works.

When training the network on the word pair (“fox”, “quick”), recall that the
“label” or “correct output” of the network is a one-hot vector. That is, for the
output neuron corresponding to “quick” to output a 1, and for all of the other
thousands of output neurons to output a 0.

With negative sampling, we are instead going to randomly select just a small
number of “negative” words (let’s say 5) to update the weights for. (In this
context, a “negative” word is one for which we want the network to output a 0
for). We will also still update the weights for our “positive” word (which is the
word “quick” in our current example).

The paper says that selecting 5-20 words works well for smaller datasets,
and you can get away with only 2-5 words for large datasets.

Recall that the output layer of our model has a weight matrix that’s 300 x
10,000. So we will just be updating the weights for our positive word (“quick”),
plus the weights for 5 other words that we want to output 0. That’s a total of 6
output neurons, and 1,800 weight values total. That’s only 0.06% of the 3M
weights in the output layer!

In the hidden layer, only the weights for the input word are updated (this is
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true whether you’re using Negative Sampling or not).

The “negative samples” (that is, the 5 output words that we’ll train to output 0)
are chosen using a “unigram distribution”.

Essentially, the probability for selecting a word as a negative sample is related
to its frequency, with more frequent words being more likely to be selected as
negative samples.

In the word2vec C implementation, you can see the equation for this
probability. Each word is given a weight equal to it’s frequency (word count)
raised to the 3/4 power. The probability for a selecting a word is just it’s weight
divided by the sum of weights for all words.

The decision to raise the frequency to the 3/4 power appears to be empirical;
in their paper they say it outperformed other functions. You can look at the
shape of the function–just type this into Google: “plot y = x^(3/4) and y = x”
and then zoom in on the range x = [0, 1]. It has a slight curve that increases the
value a little.

The way this selection is implemented in the C code is interesting. They have a
large array with 100M elements (which they refer to as the unigram table). They
fill this table with the index of each word in the vocabulary multiple times, and
the number of times a word’s index appears in the table is given by  *
table_size. Then, to actually select a negative sample, you just generate a
random integer between 0 and 100M, and use the word at that index in the
table. Since the higher probability words occur more times in the table, you’re
more likely to pick those.
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For the most detailed and accurate explanation of word2vec, you should check
out the C code. I’ve published an extensively commented (but otherwise
unaltered) version of the code here.

I’ve also created a post with links to and descriptions of other word2vec
tutorials, papers, and implementations.

McCormick, C. (2017, January 11). Word2Vec Tutorial Part 2 - Negative
Sampling. Retrieved from http://www.mccormickml.com
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I have got a virtual map in my head about word2vec within a couple hours thanks to your posts.

The concept doesn't seem daunting anymore. Your posts are so enlightening and easily

understandable. Thank you so much for the wonderful work!!!
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Chris McCormick • a year agoMod Yueting Liu

Awesome! Great to hear that it was so helpful--I enjoy writing these tutorials, and it's very

rewarding to hear when they make a difference for people!
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I agree, shit is lit up cuz
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so aweeesome! Thanks Chris! Everything became soo clear! So much fun learn it all!
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Haha, thanks, Jane! Great to hear that it was helpful.
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Thanks for the great tutorial.

About this comment "Recall that the output layer of our model has a weight matrix that’s 300 x

10,000. So we will just be updating the weights for our positive word (“quick”), plus the weights

for 5 other words that we want to output 0. That’s a total of 6 output neurons, and 1,800 weight

values total. That’s only 0.06% of the 3M weights in the output layer!"

Should this actually be 3600 weights total for each training example, given that we have an

embedding matrix and an matrix of weights, and BOTH involve updating 1800 weights (300 X 6

neurons)? (Both of which should be whatever dimension you are using for your embeddings

multiplied by vocab size)?
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