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Jbos -—

ey “The quick bro ox j ed
Speech recognition MWW —> e t(;zléllazyrdtg-z”f jump
(0] _? - I )
Music generation —> i }F ) !
—— &
(11 o *
Sentiment classification 1here is nothing —p ****
to like in this
movie.”
Machine translation Voulez-vous —» Do you want to sing
chanter avec moi? with me?
Video activity recognition Running
. .l 3 :.“"‘
Name entity recognition Yesterday, Harry Yesterday, Harry|% >
Potter met —> Potter met )
Hermione Hermione n U
Granger. Granger. i«

Adopted from Andrew Ng
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Eg:cccccooo “ o _
Vocabulary: R L sl e
Man, woman, boy, Il c:1cccooe Each word gets
. . Ejcccrcovorvoo a 1x9 vector
girl, prince, Z oot " representation
i princess
pr!ncess,queen, m— OOOOOOOOO
king, monarch EPgc ccccooio




word embedding

0obolal dense jlsp G asls yo @ (PEs )y @

- High-dimensional
- Hardcoded

Sl
One-hot word vectors _ .
- Sparse 2310 Cuws @ 20D gy @ Hap ) @

Word embeddings:

- Dense

- Lower-dimensional
- Learned from data
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JO —

Bpadn \
Italy \Hadtid
Germany \ Rome
man walked Berlin
[} .v. Turkey \
Y " Ankara
® ., Woman .
i . swam .
king T-. ® @) ® Russia ———————_ Moscow
A walking o Canada Ottawa
/ O Vietnam = panoi
swimming China = Beijing
Male-Female Verb tense Country-Capital

vector[Queen] = vector[King] - vector[Man] + vector[Woman]

vector[Paris] = vector[France] - vector| Italy] + vector[ Rome]
This can be interpreted as “France is to Paris as Italy is to Rome”.

Adopted frome Dr. Reda Bouadjenek slides



Skip-Gram Model N
Source Text Training Cl——
Samples
unsupervised feature learning [T R )

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

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)

Output Layer
Softmax Classifier

Hldden Layer Probability that the word at a
Linear Neurons —— randomly chosen, nearby

position is “abandon”

Input Vector

0
— 4
0
F ——= .. “ability”
0
0
0 >
A 1" in the position 0 - “able
corresponding to the —»
word “ants 0
0
: “u
o] 3 :.‘\ &
10,000 >
positions ) ’ ..‘
300 neurons —— .. Z0ne
* o
10,000 \p.)

heurons

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



Skip-Gram Model
| —

Hidden Layer : Word Vector
Weight Matrix Lookup Table!
300 neurons 300 features

17 24 1
« « 23 5 7
g IS 0 0 01 0 x |4 6 13|=1[10 12 {9
S 3 10 12 19
S S 11 18 25
S S
from keras.layers import Embedding |
embedding layer = Embedding (1000, 64) ‘
— 3\ ot
Word index —= Embedding layer — Corresponding word vector b . >

(samples, sequence_length)
(samples, sequence_length, embedding_dimension‘a‘tclity).



Relationship

Example 1

Example 2

Example 3

France - Paris
big - bigger
Miami - Florida
Einstein - scientist
Sarkozy - France
copper - Cu
Berlusconi - Silvio
Microsoft - Windows
Microsoft - Ballmer

Japan - sushi

[taly: Rome
small: larger
Baltimore: Maryland
Messi: midfielder
BerlusconiXItaly
zinc: Zn
Sarkozy: Nicolas
Google: Android
Google: Yahoo

Germany: bratwurst

Japan: Tokyo
cold: colder
Dallas: Texas
Mozart: violinist
Merkel) Germany
gold: Au
Putin: Medvedev
IBM: Linux
IBM: McNealy

France: tapas

Florida: Tallahassee
quick: quicker
Kona: Hawaii
Picasso: painter
Koizumi: iapan

uranium: plutonium
Obama: Barack
Apple: iPhone

Apple: Jobs
USA: pizza

“Efficient Estimation of Word Representations in Vector Space” Tomas Mikolov, Kai Chen, Greg

Corrado, Jeffrey Dean, Arxiv 2013

10



word embedding

IMDB JGs -—

model

model

model.
model.
model.
model.
loss='binary crossentropy', metrics=['acc'])
. summary ()

history = model.fit(x train, y train,

from keras.models import Sequential
from keras.layers import Flatten, Dense

= Sequential ()

add (Embedding (10000, 8, 20))

add (Flatten())

add (Dense (1, activation='sigmoid'))
compile (optimizer='rmsprop',

epochs=10,
batch size=32,
validation split=0.2)

val acc: 0.7464

Layer (type) Output Shape

embedding_3 (Embedding) (None, 20, 8)

flatten_1 (Flatten) (None, 160)

dense 1 (Dense)
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Window of
size 5
('_'A_“‘.
Input ] Input
features
+ T_Il'l"i;
Extracted
patch
i Dot product
* with weights
Cutput
Output
Hpd I features
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from keras.models import Sequential
from keras import layers

from keras.optimizers import RMSprop
model = Sequential ()

model .add (layers.Embedding (max features, 128,

input length=max len))

model .add (layers.ConvlD (32, 7, activation='relu'))

model . add (layers.MaxPoolinglD (5))

model .add (layers.ConvlD (32, 7, activation='relu'))

model . add (layers.GlobalMaxPoolinglD () )
model . add (layers.Dense (1))
model . summary ()

model .compile (optimizer=RMSprop (lr=1e-4),
loss='binary crossentropy',
metrics=['acc'])

history = model.fit(x train, y train,
epochs=10,

batch size=128,

validation split=0.2)

0.85

0.80

0.75

0.70 4

0.65

0.60 1

0.55

Training and validation accuracy

S

"

KAV
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state t = 0
for input t in input sequence:
output_t = activation(dot(W, input t) + dot(U, state_t) + b) .

state t = output t

1%
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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state t = 0 < The state at t

for input_t in input_sequence:  <—— |terates over sequence elements
output_t = f(input_t, state_t)

state_t = output_t  <—— The previous output becomes the state for the next iteration.
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many-to-one one-to-man
0! ) COEOCE
* OO
I ) . Jc )
many-to-many many-to-many

N e .. 3 :.“"‘
Synchronized: video classification 1\=w0)

Raschka, S., and V. Mirjalili. Python Machine Learning: Machine Learning and Deep Learning with Python, “w Ve
Scikit-Learn, and Tensorflow 2, 3rd Edition. Packt Publishing, 2019.




mage captioning -

<1>,,<2> . <3> . <4> . <5> <6>
y y y

y T y y .
A cat sitting on a chair

.
O Softmax
—> —> 1000

4096 4096

a<1l> 5<2>

y y

\_ /




Als-Alds =

<1> <2> <3> <4> <5>

X X X X X
Jane visite I’Afrique en septembre

— Jane is visiting Africa in September.

y<1> y<2>,,<3>  <4> <5> <63
/:;1> 5<2>
: RN ANEANE
q 0> P — | > ...
F ,
L <1> e | N\ HCIE




o35S CuE)L (sloaSud -

from keras.models import Sequential
from keras.layers import Embedding, SimpleRNN

model = Sequential ()

model. add (Embedding (10000, 32))
model.add (SimpleRNN (10))

model. summary ()

Layer (type) Output Shape Param #

embedding 4 (Embedding) (None, None, 32) 320000

simple rnn 6 (SimpleRNN) (None, 10) 430

Total params: 320,430 Trainable params: 320,430 Non-trainable

params: O >
b 3,““
B




IMDB (J(is =

from keras.layers import Dense

model = Sequential ()

model . add (Embedding (10000, 32, 5000))
model .add (SimpleRNN (32))

model.add (Dense (1, activation='sigmoid'))

model .compile (optimizer="'rmsprop',
loss='binary crossentropy', metrics=['acc'])
history = model. flt(lnput_train, y_train,
epochs=10,
batch size=128,
validation split=0.2)

Training and validation accuracy

e 1 g dCC ° L}
3
— lidation acc ©
L3




Single layer RNN (otn] [o®] (o®n)
A A

1

h{t} Unfo'fd TI

Raschka, S., and V. Mirjalili. Python Machine Learning: Machine Learning and Deep Learning with Python,
Scikit-Learn, and Tensorflow 2, 3rd Edition. Packt Publishing, 2019.




Formulation 1: h(')=¢ (W, xtt) & Whnh(t-ﬂ... b,)

m xm ) W, ht" b ‘
O] (€
UMY T ) ‘ 8: + 8
o !
| ) 1 U [ . Q} \) Final Output:

(v
oo

T Formulation 2:  hY=¢ (W, [xY; h®*"]T+ b, )

N
o= b (W h(t) +b)
Ve

T ww) 8 b,
‘ 00w ©
17 BESSe s
| U
11| Saeeape R
L 1O O
BEBE ) O O
@)
g &o‘ &
S
Raschka, S., and V. Mirjalili. Python Machine Learning: Machine Learning and Deep Learning with Python, w Ve

Scikit-Learn, and Tensorflow 2, 3rd Edition. Packt Publishing, 2019.



Backpropagation through time

L
| x(® l lx“’"l
nory cells

Truncated Backpropagation through time

S0 a3 lagiy albol § ole) s CubiS)l sguid o yse [IRE 5
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Raschka, S., and V. Mirjalili. Python Machine Learning: Machine Learning and Deep Learning with Python, PA
Scikit-Learn, and Tensorflow 2, 3rd Edition. Packt Publishing, 2019.




Long-term la,a3mlg =—
“the clouds are in the sky,”

:

b O
o0
5 © o

—> —> — —>
‘I grew up in France... | speak fluent French.”
® ® o © 0 ©
> » A » A » A » A
® é & & & o

In theory, RNNs are absolutely capable of handling such “long-term dependencies.” A

human could carefully pick parameters for them to solve toy problems of this form.
Sadly, in practice, RNNs don’t seem to be able to learn them.
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Long Short Term Memory networks
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forget gate layer
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LSTM y5s (sloadgas =

fi =0 Wy [Cee1,hi—1,2¢] + by)
ir =0 (W;-|Cy=1,h1—1,2¢] + b;)
g — O o =0 (Wy-[Ct,hi—1,2¢) + by)

P@-’ Ct:ft*ct—1+(1—ft)*ét

Gated Recurrent Unit, or GRU, introduced

he1 [ o by Cho, et al. (2014)
D
re =0 (W, - |hi—1,x 0
0 . ~t ( (hi—1,2¢]) g :.b
o] [g] |jnh| ht:tal’lh(W-[’]“t*ht_ljgjt]) .:.. .
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bidirectional RNNs

Input data

i

|

Merge (add,
concatenate)

[ Rw ]

T

a,b,cde

Ch ronologic:ll\

sequence

a,b,cde

[ RNN
e,d, c b, a
/R'eversed
sequence
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-
Jane went to Africa last September, and enjoved the culture and

met many wonderful people; she came| back raving about how

wonderful her trip was, and is tempting me to gm

Jane went to Africa last September, and enjoyed the culture and

met many wonderful people; she came back raving about how
wonderful her trip was, and is tempting me to go too.

GRU and LSTM

Jane went to Africa last September, and enjoyed the culture

how wonderful her trip was, and 1s tempting me to go too.

and met many wonderful people; she came back raving about NOE

Transformer ;




Sequence-to-sequence learning
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The fall of RNN / LSTM
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Attention mechanism -
e (e (]

o3l § la by @lsS
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https://distill.pub/2016/augmented-rnns/

?
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SOFTMAX

Y1 Y3 Y2 Yn
https://towardsdatascience.com/memory-attention-sequences-37456d271992 vy



Attention Is All You Need

Ashish Vaswani* Noam Shazeer” Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com
Llion Jones™ Aidan N. Gomez" FLukasz Kaiser”
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
Tllia Polosukhin®
illia.polosukhin@gmail.com
Step 1: Compute Step 2: Normalize Step 3: Compute
dot products using softmax output
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Input
sequence

'the', 'train', 'left', 'the', 'station', 'on', 'time'’

= 0000000

c
£ . :.E o Scores for Weighted
2 &8 % 2 5 s E “station” token vectors
the e |
Softmax, Context
train 0.8 scaling, and ontex t—aware
multiplication vector
ot M-\
the 0.3 - [he — ‘mm
station m/
on 0.2 o0} /Sum
time 1|02]o. : 0.2 " time |
Attention scores ; &O‘S
&
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Transformer —
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http://jalammar.github.io/illustrated-transformer/
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Feed Forward Neural Network
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Feed Forward
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ENCODER #2 k\ JJ
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Scaled Dot-Product Attention I
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Input

Embedding

Queries

Keys

Values

Thinking

X
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softmax(
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Multi-head attention =




multi-headed attention —

Thinking

Machines

ATTENTION HEAD #0 ATTENTION HEAD #1

Qo K




1) This is our 2) We embed 3) Split into 8 heads.
input sentence* each word* We multiply X or
with weight matrices

X i
K
Thinking — Wo .
Machines 1 Wo
W, Q
* In all encoders other than #0, r— W1 K
we don't need embedding. N W,V
We start directly with the output l
of the encoder right below this one
W-Q
l W7K
w7V

4) Calculate attention
using the resulting
Q/K/V matrices

Qo

R

F:I:hK{h

FF‘FHK(H

5) Concatenate the resulting ~ matrices,

then multiply with weight matrix
produce the output of the layer

to




The Residuals | —
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Positional Encoding
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The Decoder Side I

( Softmax )
3
Linear

o« e DECODER #2
S : t 1
z : y Y - I,-b( Add & Normalize )

Q‘ _(_ ______ y w— S-e-hi-;ét-tt-er:t-ic:rz — ; g . ( Feed Forward ) ( Feed Forward )
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Decoding time 5tep:®2 3456

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

Je

OUTPUT

4 )

( Linear + Softmax )

ENCODER DECODER J
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ENCODER DECODER J
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Decoding time step: 1@3 456

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

4 )
Kencdec Vencdec ( Linear + Softmax )
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Which word in our vocabulary
is associated with this index?

Get the index of the cell

with the highest value
(argmax)

log_probs

logits

Decoder stack output
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«~ Vocab_size
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Softmax
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Linear
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Published as a conference paper at ICLR 2021 L

AN IMAGE 1S WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy*'f, Lucas Beyer*, Alexander Kolesnikov*, Dirk Weissenborn*,
Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby*-!
*equal technical contribution, fequal advising
Google Research, Brain Team
{adosovitskiy, neilhoulsby}@google.com
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