Feature extraction
given Text data




Word embeddings, word2vec

Can we embed words
into a latent space?

This embedding came from
directly querying for
relationships.

word2vec is a popular
unsupervised learning
approach that just uses a text
corpus (e.g. nytimes.com)
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http://nytimes.com

Word embeddings, word2vec

Training
Samples

Source Text

-quick brown |fox jumps over the lazy dog. == (the, quick)
(the, brown)

The brown |fox|jumps over the lazy dog. == (quick, the)
(quick, brown)
(quick, fox)

The quick-fox jumps|over the lazy dog. == (brown, the)
(brown, quick)

(brown, fox)

(brown, jumps)

The|quick brown-jumps over|the lazy dog. = (fox, quick)
(fox, brown)

(fox, jumps)

(fox, over)

slide: http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/



Word embeddings, word2vec

Output Layer
Softmax Classifier

H Idden Layer Probability that the word at a

Linear Neurons : —— randomly chosen, nearby
Input Vector position is “abandon”

X
= .. “ability”

10,000
positions 3
300 neurons —— .."“zone”

10,000
neurons

S S\
A ‘1’ in the position

corresponding to the
word “ants”
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Training neural network to predict co-occuring words. Use first layer weights as
embedding, throw out output layer

slide: http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/



Word embeddings, word2vec

Output weights for “car”

softmax

eTants,Year) Probability that if you

: Z o{Tants Yi) = randomly pick a word
i

Word vector for “ants”

T X

300 features

nearby “ants”, that it is “car”

300 features

Training neural network to predict co-occuring words. Use first layer weights as
embedding, throw out output layer

slide: http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/



Bag of Words

n documents/articles with lots of text
Questions:

- How to get a feature representation of each article?
- How to cluster documents into topics?

Bag of words model:

ith document: I; € RP

x; ; = proportion of times jth word occurred in ith document



Bag of Words

n documents/articles with lots of text

- Can we embed each document into a feature space?

Bag of words model:

ith document: I; € RP

x; ; = proportion of times jth word occurred in ith document

Given vectors, run k-means or Gaussian mixture model to find k clusters/topics



Nonnegative matrix factorization (NMF)

A e R™*™ A; ; = frequency of jth word in document i

Nonnegative

: e min wHT |2
Matrix factorization: d d ||A -WH H F
W e R H e RY

d is number of topics

Each column of H represents a cluster of a topic,
Each row W is some weights a combination of topics

Also see latent Dirichlet factorization (LDA)



BERT
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Feature extraction
given sequential data

W



Time-dependent data

1year a ﬂ vs. Electronic Technology | [ News | |Add ticker

r+ € R : AAPL stock
price at time ¢

1 YEAR CHANGE 76.04%

Viay 2019 Sep 2019 Jan 2020
+16.63% +40.68% +0.05%

Prediction model: p(x11|xe, xi-1,21-2,...)



Time-dependent data

1year ﬂ L vs. Electronic Technology ‘ L News | IAdd ticker

rz+ € R: AAPL stock
price at time ¢

hy; € R%: hidden latent
1 YEAR CHANGE 76.04% Sta’te Of AAPL

Mav 2019

Prediction model: p(xsi1|xs, x4 1,21-2,...)

~ p($t+1|$t7 ht—|—1)



Time-dependent data

1year E L vs. Electronic Technology ‘ L News | IAdd ticker

rz+ € R: AAPL stock
price at time ¢

hy; € R%: hidden latent
state of AAPL

1 YEAR CHANGE 76.04%

Prediction model: p(xsi1|xs, x4 1,21-2,...)

~ p($t+1|$t7 ht—|—1)

Output )?(.1 Qg ”(\tﬂ
A A A
Hidden h — ( he. )
h > h > h
state f‘1 4" 11 t_l_ 1 g 4 Y t
| t .
e i i - Hidden state and g never observed, but learned!

Zhang et al. “Dive into Deep Learning”



Time-dependent data

Output

Hidden
state

Input

A
Xt-1

A
Xt

Xt-2

Xt-1

Xt

Explicit:

ht_|_1 — O'(Aht -+ B.Cl?t)

rz: € R: AAPL stock
price at time ¢

hy; € R%: hidden latent
state of AAPL

Prediction model: p(x11|xe, x4-1,21-2,...)

~ P($t+1\ﬂft, ht—H)

ht—l—l — g(hta iUt)

Hidden state and g never observed, but learned!

Z(xt - /ft)Q

33t+1 = Chiy1 + Dy }

Zhang et al. “Dive

into Deep Lea



Time-dependent data

Prediction model: p(x11|xe, xi—1,Ti—2,...)

~ p(Ti1|Te, Pitr)

ht—|—1 — g(htﬂ?t)

Hidden state and g never observed, but learned!

Model also works with text!

Step 1 2 3 4 5
Output Time Machine by H. G.
Output o, 0, 0, 0, 0s

state

A A A A A
Hidden H, - H, - H, o H, > Hs
T T T T
Input The Time Machine by H.

Zhang et al. “Dive into Deep Learning”



Time-dependent data

Prediction model: p(x11|xe, xi—1,Ti—2,...)

~ p(Ti1|Te, Pitr)

ht—|—1 — g(htyxt)

Hidden state and g never observed, but learned!

Recurrent Neural Network
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Slide: http://colah.github.io/posts/2015-08-Understanding-LSTMs/



