Feature extraction
given Text data
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Word embeddings

Can we embed words
into a latent space?

This embedding came from
directly querying for
relationships.

But we can also infer
relationships through natural
text (e.g., nytimes)
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Word embeddings, word2vec

word2vec is a popular unsupervised learning approach that just uses a text corpus

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/



word2vec outputs

King - man + woman = queen
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cou ntry - Capital slide: https://blog.acolyer.org/2016/04/21/the-amazing-power-of-word-vectors/



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

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

Also see latent Dirichlet factorization (LDA)



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)



TF*IDF

n documents/articles with lots of text

How to get a feature representation of each article?

1. For each document d compute the proportion of times
word t occurs out of all words in d, i.e. term frequency

TFEq

2. For each word t in your corpus, compute the proportion of
documents out of n that the word t occurs, i.e., document frequency

DF;

1
3. Compute score for word t in document d as 1'Fy ¢ log(DFt)




BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {1, .

http://www.ratebeer.com/beer/two-hearted-ale/1502/2/1/

@ 3.8 AROMA 8/10 appearRANCE 4/5 1asTEB/10 paLATE 3/5 overawL 15/20
c 3 fonefan (25678) - VestJylland, DENMARK - JAN 18, 2009

Bottle 355ml.

Clear light to medium yellow orange color with a average, frothy, good lacing, fully lasting, off-white head. Aroma
is moderate to heavy malty, moderate to heavy hoppy, perfume, grapefruit, orange shell, soap. Flavor is
moderate to heavy sweet and bitter with a average to long duration. Body is medium, texture is oily, carbonation
is soft. [250908]

4 AROMA 8/10 apPearRANCE 4/5 1asTE 7/10 pPaLATEA/S overawl 17/20
Ungstrup (24358) - Oamaru, NEW ZEALAND - MAR 31, 2005

An orange beer with a huge off-white head. The aroma is sweet and very freshly hoppy with notes of hop oils -
very powerful aroma. The flavor is sweet and quite hoppy, that gives flavors of oranges, flowers as well as hints
of grapefruit. Very refreshing yet with a powerful body.

Reviews for
each beer

., Ty} C RY

Two Hearted Ale - Input ~2500 natural language reviews
ratebeer

Bag of Words Get 100 nearest Non-metric
weighted by neighbors using multidimensional
TF*IDF cosine distance scaling

Embedding in
d dimensions



http://www.ratebeer.com/beer/two-hearted-ale/1502/2/1/

BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {xy,...,z,} C R?

Two Hearted Ale - Weighted Bag of Words:

huge amber NOSE “pra] CI'ISP olden -y gold creamy
O e et s POUTS
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flavors bite p
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i lute
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centennial extremely aftertaste

lemon excellent
{tteTaown @ heart strong

sllght lne

over
wonderf ul lOI\.g
frothy
yellow
foamy

clear

still

: Bag of Words Get 100 nearest Non-metric o
Rewﬁvt\;s for weighted by neighbors using multidimensional Igrg_beddlr)g n
each beer TF*IDF cosine distance scaling 'mensions




BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {xy,...,z,} C R?

. Two Hearted Ale - Nearest Neighbors:
Weighted count vector g Republic Racer 5

for the 7th beer: Avery IPA
Stone India Pale Ale &#40;IPA&#41;
Founders Centennial IPA
2z, € [R400,000 Smuttynose IPA
Anderson Valley Hop Ottin IPA
AleSmith IPA
Cosine distance: BridgePort IPA
- Boulder Beer Mojo IPA
d(z - ) —1_ Z; Zj Goose Island India Pale Ale
vy ) I|zi|| ||z;||]  Great Divide Titan IPA
New Holland Mad Hatter Ale
Lagunitas India Pale Ale
Heavy Seas Loose Cannon Hop3
Sweetwater IPA

, Bag of Words Get 100 nearest Non-metric .
Zea\gﬁvt\;i ;?r weighted by neighbors using | | multidimensional En;itﬁgg;?gr:g
TF*IDF cosine distance scaling




BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {1, ..

T, } C RY

Find an embedding {z, ..

for all 100-nearest neighbors.

(107 constraints, 10° variables)

., Z,} C R such that

|z — x;]| <||zx — ;|| whenever d(zg, z;) < d(zk, 24)
distance in 400,000

dimensional “word space”

Solve with hinge loss and stochastic gradient descent.
(20 minutes on my laptop) (d=2,err=6%) (d=3,err=4%)

Could have also used local-linear-embedding,
max-volume-unfolding, kernel-PCA, etc.

Reviews for
each beer

Bag of Words
weighted by
TF*IDF

Get 100 nearest
neighbors using
cosine distance

Non-metric
multidimensional
scaling

Embedding in
d dimensions




BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {xy,...,z,} C R?

Revi for Bag of Words Get 100 nearest Non-metric Embedding |
ewﬁvt\;s ° weighted by neighbors using multidimensional mbedading In
each beer TF*IDF cosine distance scaling d dimensions




BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {1, ...,

r,} C R4
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Reviews for
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cosine distance scaling

Bag of Words Get 100 nearest Non-metric
weighted by neighbors using multidimensional

Embedding in
d dimensions




BeerMapper - Under the Hood

Algorithm requires feature representations of the beers {1, ..

L, x,} CRY

| ight‘lagef

R
dagts

>
LI

Sanity check: styles
should cluster together
and similar styles
should be close.

Reviews for
each beer

Bag of Words
weighted by
TF*IDF

Get 100 nearest
neighbors using
cosine distance

Non-metric
multidimensional
scaling

Embedding in
d dimensions




Feature extraction
given sequential data
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Time-dependent data

Bitcoin price
1E+10
1E+09
100000000

100009000, 1 Timeseries
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Time-dependent data

Bitcoin price
1E+10
1E+09 -
100000000 -

10090000 1 Timeseries

1000000
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Bitcoin Price

100 -
10 -
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To predict x, for > T we can learn a model pg(x,, 1| X, X,_1s -+ X))

How?



Time-dependent data

Bitcoin price
1E+10
1E+09 -
100000000 -

10090000 1 Timeseries

1000000
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Bitcoin Price
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To predict x, for > T we can learn a model pg(x,, 1| X, X,_1s -+ X))

We can then sample from the model: 5c\t+1 ~ Do - |xt, X_1s---)
xt+2 NPG( : | xt—l—l’-xt, xt—l’ -..)

xl‘+3 ~ pG( ) | xt+29 xt+1’ xt’ xt—l’ )



Time-dependent data

Bitcoin price

1E+10

1E+09
100000000
10000000 -+
1000000
100000 -
10000

-

1000

Bitcoin Price

100

10

1 -

0,1
0,01

To predict x, for > T we can learn a model pg(x,, 1| X, X,_1s -+ X))

We can then sample from the model: X, ;| ~ po( - | X, X,_, ...)
xt+2 Npg( : | xt—l—l’-xt, xt—l’ ...)

5C\t+3 NPG( ) | 56\[+2, ';C\l‘+1’ xt’ xt—l’ )



Time-dependent data

How do we choose a model pg(x,,{|x, X, 15 ..., X)?

One choice is a Hidden Markov Model:

ht+1 — fé(xl" ht) Neural network

xt+1 ~ gg(hH_l) Probability distribution over R?



Time-dependent data

How do we choose a model pg(x,,{|x, X, 15 ..., X)?

One choice is a Hidden Markov Model:

ht+1 — ]CQ(XI, ht) Neural network

xt+1 ~ gg(hH_l) Probability distribution over R?

Example: ht+1 — ®1R8LU(®2xt + ®3hl‘)
Xep1 = Ouh, + 1, n, ~ A(0,1)

Note that £, could be much higher dimensional than x,



Time-dependent data

How do we choose a model pg(x,,{|x, X, 15 ..., X)?

One choice is a Hidden Markov Model:

ht+1 — ]CQ(.XZ, ht) Neural network

xt+1 ~ gg(hH_l) Probability distribution over R?

Recurrent Neural Network

x%+1 )Tcl );2 );3 er+1

I-»A—] = A—»A—»A—»A—»hH_l
T hy o 1 i
A o X X At

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



Works with text too

One-hot encode each word so that x, € {0,1 }P where D is number of words in dictionary.

ht+1 — ]CQ(XP ht) Neural network

xt-l—l ~ g(g(ht+1) Probability distribution over R?
'xt+1 Quick Brown Fox 'xt+l
e N I
A h = A — AMH— A— A |— > ht+1
T 1 1 1 1

'xt The Quick Brown ‘Xt



Works with text too

One-hot encode each word so that x, € {0,1 }P where D is number of words in dictionary.

ht+1 — ®1ReLU(®2xt + ®3ht)

X,.1 ~ softmax(h,, )

xt+1 Quick Brown Fox xt+1
L> A H . I\ —> I\ — l — l\ — ) |
= hy (N N i "

'xt The Quick Brown Xr



Works with text too

One-hot encode each word so that x, € {0,1 }P where D is number of words in dictionary.

Xppq ™ softmax(WThtH)

'xt+1 Q;ick Br;wn FC}X xtfl-l
L»A—Jh= A= A Al—— A — )

T 1 1 1 1

'xt The Quick Brown ‘Xt

But since £, and x, are same dimension, that’s a huge hidden state dimension!

Let W € R¥P pe a word embedding (e.g., word2vec) with d < D then



Variable length sequences

p 7% 9 ¢
Recurrent Neural Network L 0 B _ A A L A
& & 6 ¢
@) ® @
t 1 t
Standard RNN [ A }‘ T{ A J-
| I
& ® & But world is quickly turning
6T9 C? (ETQ towards transformers...
) ' I\ '
Gated RNN . Sl
LSTM { ALl Elmﬁ’]/:\ 2 I
| |
&) ® &)

NeuraLIay::work Pointwise  Vector oo Copy Slide: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Operation ~ Transfer



Supervised training

ht+1 :fé(xt’ ht) Neural network

xl‘-l—l ~ gQ(hH_l) Probability distribution over R4

Xi+1 Xp o X X3 Xi+1
N I

Ah= A—»A—»A—»A—»ht_l_l

Ty 1 1 1 1

A X0 X1 X At

The hidden state encodes everything about the sequence. So you can also train on

examples { ((xt(i), xt(i)l, . x(i)), y(i)) }l- where x is a review and y(i) is sentiment



Attention

ht+1 Zfé(xt, ht) Neural network
xl‘+1 ~ gg(hH_l) Probability distribution over R4
A1 )Tcl 3;2 );3 xtT+1

L»A—J = A—»A—»A—»A—»hH_l
- h Fhythyt hy 1
A Yoo X X Xy

In this model £, ; encodes everything about {x,} ., necessary to generate

future samples. In practice, the hidden state /, “forgets” the past.

Example:  f, 1 = ©ReLu(O,x, + O3h,)



Attention

ht+1 :fé(xt’ ht) Neural network
xl‘-l—l ~ gQ(hH_l) Probability distribution over R4
Xt Xy Xy A3 Xt+1
O S I
L»A = A—»A—»A—»A—»ht_l_l
- h Fhythyt hy 1
A X0 X X Xt

In this model £, ; encodes everything about {x,} ., necessary to generate

future samples. In practice, the hidden state /, “forgets” the past.

Example: ht+1 — ®1R6LU(®2XI + @3 Z SOftmaX(h;§ {hf}tle)k hk)

k=1

Attention fixes this by combining past hidden states, weighted by current state



Transformers (Decoder only)

Transformers discard the RNN architecture altogether and just use
attention on the input

4
h = ®1ReLU(®2Z softmax(x; {x,}L_ )i %)
k=1
x,.1 ~ softmax(h,, )

Vaswani et al, “Attention is all you need” 2017



Transformers (Decoder only)

Transformers discard the RNN architecture altogether and just use
attention on the input

h(o) = X, Stack L layers!

t £ =1,...,L

t
ht(ff D= ®,RelLU (@2 Z softmax(ht(f); {h§'“”)}§=1)k h,ﬁ“)
k=1
Xppp ~ softmax(ht(ﬂ)

Vaswani et al, “Attention is all you need” 2017



Transformers (Decoder only)

Transformers discard the RNN architecture altogether and just use
attention on the input

|
h(O) — W.Xt Stack L layers!
4 £=1,...,L

t
ht(ff D= ®,RelLU (@2 Z softmax(ht(f); {h§'f)}§=1)k h,ﬁ“)
k=1
X,y ~ softmax(WTht(ﬂ)

For text, one hot encode each word as x, € {0,1 14,

Let W € R%PD pe a word embedding (e.g., word2vec) with d < D, then

Vaswani et al, “Attention is all you need” 2017



The basis for ChatGPT

Radford, A., Narasimhan, K., Salimans, T. and Sutskever, I., 2018. Improving
language understanding by generative pre-training.

3.1 Unsupervised pre-training

Given an unsupervised corpus of tokens U = {uy, ..., u,}, we use a standard language modeling
objective to maximize the following likelihood:
Ll(L{) =ZIOgP(uz|u,_k,,uz_1,@) (1)

where £ is the size of the context window, and the conditional probability P is modeled using a neural
network with parameters ©. These parameters are trained using stochastic gradient descent [51].

In our experiments, we use a multi-layer Transformer decoder [34] for the language model, which is
a variant of the transformer [62]. This model applies a multi-headed self-attention operation over the
input context tokens followed by position-wise feedforward layers to produce an output distribution
over target tokens:

ho =UW, + W,
h; = transformer_block(h;_1)Vi € [1,n] (2)
P(u) = softmax(h,W7T)
where U = (u_g, ..., u_1) is the context vector of tokens, n is the number of layers, W, is the token

embedding matrix, and W), is the position embedding matrix.

Full, clean example code: https://github.com/karpathy/nanoGPT



Questions?



