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Loss Function
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Computational Graphs

Input L1 L2

Parameter w1 W9

Expression h1  P1 loss
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How to minimize? (Automatic Differentiation)
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How to minimize? (Automatic Differentiation)
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Review: Gradient Descent

fog in the mountains

0 t+1 — 0 t — Tt VQ L (9 ) | @, nhegative gradient (descent direction)

step size
(learning rate)



Other Loss Function?

8
— Zero-one loss
7| — Hinge loss
—— Perceptron loss
6| —— Log loss
— Squared hinge loss
3 Modified huber loss |




“Deeper” Neural Network




Softmax Function

Cl);])t/gtlt activast?;}wn}a)riction Probabliities
1.4 0.02
0. 0.90
2.2 ) | 0.05
0.7 0.01
1] 0.02




Neuralize the dice!
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Recurrent Neural Network

Word Embeddings



Word Embeddings

(O0O000000O00O00O00OO00O0)

man

R woman
r@
.~~~h

king “m.

queen

o

Male-Female

cat

walked

o) swam
walking ()

swimming

Verb Tense

Canada

O
Turkey %
O @ @
57 Ottawa
.‘ Russia
Ankara @)

‘/

Madrid

Italy
Spain ,.

;
O ]
;
‘
)

Rome
Germany

/.
.
’

Berlin

‘ \)
Moscow
Vietnam

/l
’

Japan

r.
.
’

China

/ O
.‘ Tok‘y: P

Hanoi

Beijing

Country-Capital

&
Q@ 8 N
0 > X >
' \\-\s"o q'}\& @’@ ng «G{b \\éo &o‘
. houses
cat »| 0.6 |09 0.1 | 0.4 |-0.7[-0.3[~0.2| pimensionality ¢
reduction of
2 word
kitten —»| 0.5 | 0.8 |-0.1] 0.2 |-0.6|—0.5[-0.1| embeddings
from 7D to 2D
cat
dog —»|0.7 [-0.1{0.4 |03 |-0.4|-0.1]-0.3 ® kitten
&
houses —|-0.8|-0.4(—-0.5] 0.1 |-09]0.3 | 0.8 -
dog
woman
man —»| 06 |-02(08 |09 |-0.1|-09|-0.7| = &
Dimensionality 2
reduction of /
woman —| 0.7 | 03 | 0.9 [-0.7] 0.1 |-0.5|-0.4 word
embeddings ®
f 7D to 2D
rom 7D to man qgeen
queen —| 0.8 |-0.1| 0.8 [-0.9] 0.8 |-0.5|-0.9 1
\ ) \ )\ )\ )
Y Y . C oY
Word Dimensionality Visualization of word

Word embedding

reduction

embeddings in 2D




Word Embeddings
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Recurrent Neural Network (Language Model)




Flashback: Markov Models in Retrospect

Consider a sequence of random variables Xi, X»2,...,X,, ,each take any value in V

The joint probability of a sentence is

P(Xl :aﬁl,XQ :ZEQ,...,Xn :a’)n)

— P(Xl — xl)HP(Xz — .’,CZ|X1 — L1y... 7Xz'—1 — .Cl?i_l)

1=2
— P(X1 — 33'1) H P(X'i — zi‘Xi—l — 2137;—1)
1=2

First-order Markov Assumption
P(X; =x;| X1 =21,...,Xi-1 =Ti—1)

[s it possible to directly model this probability?



Flashback: Supervised Learning

How does this happen?

- They all sampled from a distribution!

p(y \ X, 9) Model / Function

p(Dtram ‘ 9 H (n) ‘ x(n), H)

Objective / Loss

O

Learning / Training



Recurrent Neural Networks (RNNSs)

outputs
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A RNN Language Model

l laptops
C |
output distribution
gt = softmax (Uh(t) + bg) e RV < -~
a A 200
| U
hidden states RO RO RO L ) )
) O e O ) )
(t) _ (t—1) (t)
hlY) = ¢ (Whh U4+ Wee' + bl) | Wy |0\ W, | Wh l@| Wi |@®
h(9) is the initial hidden state O | @ g O g O g O
o O O 0 O
word embeddings EV Efv ;AJW EV
(t) _ (t) O O B O
e’ = F
v o(1) 8 o(2) 8 o(3) 8 o(4) 8
words / one-hot vectors O O O O
e & T Ts

the students  opened their
(1) 7(2) | 2 (3) 2 (4)



A RNN Language Model
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Training a RN N Language Model
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Training a RNN Language Model
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Training a RNN LanguageModel
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Training a RNN Language MO
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Training a RNN Language Model
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GPT-3 Model
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Softmax Function

Cl);])t/gtlt activast?;}wn}a)riction Probabliities
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Typical NLP Task: Predicting gross revenues of movies

Models Mean Absolute Error ($)

Baseline: Predict median from training data /079

Metadata (D): U.S.origin? ,log budget, # screens, runtime

name, production house, genre(s), scriptwriter(s), /7,513
director(s), country of origin, primary actors, release date,
MPAA rating, and running time

Text (T): Movie Reviews (from only before the release date)

Ehe New JJork Times

Elvis Mitchell Word S, bi grams,

It becomes less crisp on screen than it was on the

e o operie e e[ trigrams, and
dependency relations

June 1993, p.C1]

6,729

@ metacritic

THE AUSTIN CHRONIGLE

Marc Saviov

| continually found myself longing for the sheer
intensity of the director's past glories, like Jaws, or
even Duel. Spielberg seems to be trying so very hard
for that elusive “Gosh, Wow, Sense of Wonder!” that it
all looks strained in spots. Read full review ('

Metadata (D) + Text (T) 6,/25
(Smith, 2010)
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Models

Linear Regression:

1 T
min — M-—’wT - —I—)\ w —I—)\ w
D J)

. depends on D;, T}, or both

‘elastic net” reqularization
(Zou and Hastie, 2005; Friedman et al., 2008)



Features

Words:

Jurassic
Park
lacks

the
emotional
unity
of
Spielberg’s
classics

Jurassic Park lacks the emotional unity of Spielberg’s classics .

Bigrams:

Jurassic Park
Park lacks
Lacks the

the emotional
emotional unity
unity of

of Spielberg’s

Spielberg’s classics
classics.
. <e0s>

J]
NNP

VBZ
DT
J]
NN
IN
NNP
POS
NNS

Part-of-speech tags:

JJ|
Jurassic

4—1~arnod~\

NNP

/_M

Park

nsubj~

Named Entities:

Jurassic

Movie: Park

Person: Spielberg

Dependencies (Syntax Parsing):

punct

nmod:of

T T

VBZ%DT

obj
det / /
WAMNEN) (N

— 7 —

case

nmod:poss

NNP

—case

lacks the emotional unity of Spielbera

POS \NNS \]
f—M

R ﬁﬁ

‘s classics .



Bag-of-words Models

Jurassic Park lacks the emotional unity of Spielberg’s classics .

Words:

Jurassic
Park
lacks

the
emotional
unity
of
Spielberg’s
classics

featurized
(OOC@000 ++00@O00O0 @O = 00000 |
lacks Park classics  coeeen el
(000000 == 000000 Q= 00000 )

Full Vocabulary

Weights Vector
(learned)



Natural Language Processing (NLP) Pipeline

General-purpose linguistic modules:

Words Bigrams Light preprocessing (mostly rule-based)

Part-of-speech tags: word classes

Supervised learning from linguistic data

Named Entities: words of interests (CoreNLP pipeline)

Dependencies (Syntax Parsing): Internal structures



Feature Engineering

"' Words
Bigrams
i POS tags _
| Named Entities |

training set

>

| Dependencies
| Meta-data
| BYOF
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(real product)

features

development (dev) set



RNNs for Tagging




Part-of-Speech Tagging

INPUT:

Profits soared at Boeing Co., easily topping forecasts on Wall Street,
as their CEO Alan Mulally announced first quarter results.

OUTPUT:

Profits/N soared/V at/P Boeing/N Co./N ,/, easily/ADV topping/V
forecasts/N on/P Wall/N Street/N ,/, as/P their/POSS CEO/N
Alan/N Mulally/N announced/V first/ADJ quarter/N results/N ./.

N = Noun
V = Verb
P = Preposition

Adv = Adverb
Ad] = Adjective



Named Entity Recognition (NER)

NPUT: Profits soared at Boeing Co., easily topping forecasts on Wall
Street, as their CEO Alan Mulally announced first quarter results.

OUTPUT: Profits soared at [Company Boeing Co.]|, easily topping
forecasts on [Location Wall Street|, as their CEO |[Person Alan Mulally]
announced first quarter results.



Named Entity Recognition (NER)

INPUT:
Profits soared at Boeing Co., easily topping forecasts on Wall Street,
as their CEO Alan Mulally announced first quarter results.

OUTPUT:

Profits/NA soared/NA at/NA Boeing/SC Co./CC ,/NA easily/NA
topping/NA forecasts/NA on/NA Wall/SL Street/CL ,/NA as/NA
their/NA CEO/NA Alan/SP Mulally/CP announced/NA first/NA
quarter/NA results/NA ./NA

NA = No entity

SC = Start Company

CC = Continue Company
SL = Start Location

CL — Continue Location



RNNs for Tagging




RNNs for Sentence Classification




RNNs for Sentence Classification
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Vanishing Gradient in RNNs

Gradient Flow Direction

In general, the longer the path, the smaller the gradient signal.



Long Short-Term Memory (LSTMs)
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