Deep Learning for Computer Vision:
Sequences and Attention

Shai Bagon
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Deep Learning for Sequences

One to one One to many Many to one Many to many Many to many

T T T T T []
O T T TP
1 1o

Feed-for e.g.,, imageca; e.g.,videoc e.g., video frames classi e.g., Machine translation
e.g., classil image -> sequenc sequence of f sequence of frames -> sec sequence of words -> seq. of words
image -> label '
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Recurrent Neural Networks

One toone Many to many
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Recurrent Neural Networks

One toone Many to many

lanyToManyVe{nn_.Module) :
I I I I __init  (self, number of time steps):

super({ManyToMany, )-__init_ ()

.time steps = SingleTimeStep(...)
forward(self, in _seq):

out_pred = []
for t, x t in enumerate(in seq):

T T T T T = .time steps(x t)
out_pred.append(p_t)

return out_pred

(+) Parameter efficient
(-) No temporal dependency

%’ﬁ %j?' DLACV @ Weizmann
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rrent Neural Networks

Many to many

lanyToManyV1(nn.Module):
I I I __init (self, number of time steps):
super(ManyToMany, ). dinmit ()

.time steps = nn.Modulelist([SingleTimeStep(...)

_in range(number_of_ time steps)])

forward(self, in _seq):

out_pred = []

for t, x t in enumerate(in_seq):
T = .time steps[t]{x_t)
out pred.append(p t)
rn out pred

-
7

(+?) Temporal dependency (via trained parameters)
(-) Parameter inefficiency

(-) Fixed sequence length 10“
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Recurrent Neural Networks

One toone Many to many

lanyToMany (nn .Module):
__init  (self):
super(ManyToMany, ). init_ ()

.time step = SingleTimeStep(...)

forward(self, in seq):

out_pred = []

state = .init state

for t, x_ t in enumerate(in seq):
p_t, state = .time step(x t, state)
out_pred.append(p_t)
rn out_pred

(+) Temporal dependency (via “hidden state”)
(+) Parameter efficiency
(+) Arbitrary sequence length

%’ﬁ %g DLACV @ Weizmann
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Recurrent Neural Networks

One toone Many to many

I I I I super(ManyToMany, ).__init_ ()

.time step = SingleTimeStep(...)

forward(self, in seq):

out_pred = []

state = .init state

for t, x t in enumerate(in seq):
p_t, state = .time step(x t, state)
out_pred.append(p_t)

return out_pred

he = f(heoq, xe; W)

DLACV @ Weizmann
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

Training sequence: “hello”

Embedding Layer:
Vocabulary: [‘h’, ‘€, ‘I, ‘0’] mbedding Layer

> |looor
m:ccn-\o
—~|lor oo
—~|lomr oo
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

hy = tanh(Wpphe_q + Wipx,)

0.3 1.0 0.1 -3
-1 0.3 -5 0.9
0.9 0.1 -3 0.7
wol T T 1
Training sequence: “hello” 1 0 0 0
VocabUIar . [lh) lel (|I IOI] Embedding Layer: g (1) 2 (1)
Y , ’r 0 0 0 0 lou
\ \ \ \ NN ANIRY ‘
%b%* Input sequence: h e I I DAYS INHELL
] Slide credit: Justin Johnson (EECS-498-00g "=
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Example: Language Modeling

Task:

Given characters ¢y, ¢q, ..., Ci—1 Target chars: ‘e’ T | o

Predict ¢, L0 05 o1 02

Output Layer: [ 1. 1.9 3

4.1 1.2 -1 2.2

hy = tanh(Wpphe_q + Wipx,) Wiy 1 1 1

0.3 1.0 0.1 -3

-1 0.3 -5 0.9

0.9 0.1 -3 0.7

o o W1 1 1 1

Training sequence: “hello 1 0 0 0

L) (1 () () Embedding Layer: o : o :
Vocabulary: ['h’, ‘€', ‘I', ‘0’] ° 0 . : ‘Iou
= Input sequence: 'h’ e’ A A -

DAYS IN HELL
Slide credit: Justin Johnson (EECS-498-00gi "=
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Example: Language Modeling

Given “h” predict “e”

Task:
Given characters cg, Cq, ..., Ct—1 Target chars: | | o'
Predict ¢; = i 0.2
Output Layer: " e 3
1.2 -1 2.2
ht — tanh(Whhht_l + thxt) T T T
1.0 0.1 -3
Yt = Whyht 0.3 -5 0.9
0.1 -3 0.7
Training sequence: “hello” 0 0 0
VocabUIar . [lh) lel (|I IOI] Embedding Layer: (1) 2 (1)
y' Vi V4 V4 0 0 0 lou
AR AN ‘
%ﬁ%% Input sequence: e | | DAVS INHELL
2

VA Slide credit: Justin Johnson (EECS-498-00gi "=
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

hy = tanh(Wpphe_q + Wipx,)

YVt = Whyht

Training sequence: “hello”
Vocabulary: ['h’, ‘€', ‘I', ‘0’]

=

-

WAIC

Given “he” predict

Target chars: e’

Output Layer:

Input sequence:

Slide credit: Justin Johnson (EECS-498-00g "=
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Example: Language Modeling

_ Given “hel” predict “I”
ask:
Given characters ¢y, €1, ..., Ct—1 Target chars: ‘e’ T o
Predict ¢, - e 02
Output Layer: =
2.2
hy = tanh(Wpphe_q + Wipx,) 1
. . A -3
Yt = Whyht -1 0.3 -5 0.9
0.9 0.1 -3 0.7
L ] 1 1 1
Training sequence: “hello” 1 0 0 0
0 1 0 0
R (.2 (.7 () () 0 0 1 1
Vocabulary: [‘h’, ‘€', ‘I', ‘0’] 0 0 : : 10“
\ N N N AR AR ‘
%E%; Input sequence: h e I I DAYS INHELL
] Slide credit: Justin Johnson (EECS-498-00gts s
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Example: Language Modeling

Given “hell” predict “0”

Task:

Given characters ¢y, ¢y, ..., Ct—1 Target chars: ‘e’ T

Predict ¢; o o>
Output Layer: : P

hy = tanh(Wpphe_q + Wipx,)

YVt = Whyht

Training sequence: “hello”
Vocabulary: [‘h’, ‘€', ‘I', ‘0’]

1109
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Slide credit: Justin Johnson (EECS-498-00g "=
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

At test time: generate new text
Sample one char at a time

Output Layer:

Input chars:

.04
12 -
01 [fay =
83 [¥

10Y
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

At test time: generate new text
Sample one char at a time

Output Layer:

Input chars:

.04
12
.01
.83

.25
.20
.06

M AN,
AT
AP -
e W

49 [y

. Lo e/

0.5
0.3

1.2

1.0
0.3
0.1

Slide credit: Justin Johnson (EECS-498-00g "=

o |00 ro|l—r

10Y

DAYS INHELL


https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html

Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

At test time: generate new text
Sample one char at a time

Output Layer:

Input chars:

.04
12
.01
.83

.25
.20
.06
.49

A1
.16
.64
.09

0.5
0.3

1.2

= oo
= o Ul =

_}.'

1.0
0.3
0.1
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Slide credit: Justin Johnson (EECS-498-00gi "=
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1
Predict ¢;

At test time: generate new text
Sample one char at a time

Output Layer:

Input chars:

.04
12
.01
.83

.25
.20
.06
.49

A1
.16
.64
.09

1.0
2.2
-3.
4.1

0.5
0.3
-1.
1.2
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.01
.07
.81
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Searching for Interpretable Cells
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Searching for Interpretable Cells

A large portion of cells are not easily interpretable. Here is a typical example:

lrer field'siistring represg@ntation
1d *®bufp, size_t Hremain, siize_t| Lenl)

ki . DAYS INHELL
% DLACV @ Weizmann Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR W Sl
WAIC Figures copyright Karpathy, Johnson, and Fei-Fei, 2015; reproduced with permission RN Them o



Searching for Interpretable Cells

Cell sensitive to position in line:

SRR eo T Ehe crossing of the Berezina lies in the fact
gharv it plainly and 1ndub1tably proved Beaar Al lacy of all th plans for
cutting off the enemy' retreat nd the soundness of the only possible
I'ne of action--the one Kutuzoyv nd th general mass of the army

he

demanded--namely, simply to follow t enemy up. The French crowd fled
RO ARV S N creasing speed and all its energy was directed Tto
reaching its goal. It fled like a wounded animal and it was impossible
DS S R e T LS wa's sSshown not so much by the arrangements 1t
made for crossing as by what took place at the bridges. When the bridges
broke down, unarmed soldiers, people from Moscow and women with children
who were with the French transport, all--carried on by vis inertiae- -
BN a0 boats and into the ice-covered water and didinmss
surrender.

10Y

DAYS INHELL

21 .
%ﬁ’ = I DLACV @ Weizmann Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR W

Bring Them Home

WAIC Figures copyright Karpathy, Johnson, and Fei-Fei, 2015; reproduced with permission



Searching for Interpretable Cells

Cell that turns on inside quotes:

10Y

ki . DAYS INHELL
% DLACV @ Weizmann Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR W Sl
WAIC Figures copyright Karpathy, Johnson, and Fei-Fei, 2015; reproduced with permission RN Them o




Searching for Interpretable Cells

Cell that robustly activates inside if statements:

10Y

g . DAYS IN HELL
% DLACV @ Weizmann Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR WSl
WAIC Figures copyright Karpathy, Johnson, and Fei-Fei, 2015; reproduced with permission RN Them o




Searching for Interpretable Cells

Cell that turns on inside comments and quotes:
o

ST ¥
=L .

= DLACV @ Weizmann Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR W
WAIC Figures copyright Karpathy, Johnson, and Fei-Fei, 2015; reproduced with permission
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Searching for Interpretable Cells

Cell that is sensitive to the depth of an expression:

#1ifdef CONFIG_AUDITSYSCALL

static inline intEald I ERAEEChEC A S sS hESH N ENC TS S St Nas k)
{

for (1 = 6; 1 < AUDIT_BITNASK_SIZE; 1T%)
i inaskii] & classesfclass][i])

}
return 1;

¥

10 e
% DLACV @ Weizmann

Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR W
WAIC Figures copyright Karpathy, Johnson, and Fei-Fei, 2015; reproduced with permission
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RNN: Gradient Flow

a )
W tanh h’t — tanh(Whhht_l + thxt)
he_q [ ] e = tanh (W : [ht_ll)
N\ Y *e
X

t

109
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RNN: Gradient Flow

4 )
W<_¢ < tanh hy = tanh(Wpphe_q + Wipx,)
ht_]t [ ] T che = tanh (W : [ht‘ll)
J Xt
X

t

109
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RNN: Gradient Flow

' N N N

/(_ (_tanh W = (_tanh W(_ (_tanh W<_ >t
v T v 'I‘ \7 T v ,[

— he ch vh

| o=l el ] gl
Xt-1 Xt Xt+1 Xt

Forwarding/backwarding in time for long sequences = very deep NN
Easily leads to exploding/vanishing gradients

109
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Long Short-Term Memory (LSTM)

4 ™\ X| input
X — tanh » h w tanh h| hidden
! hi_q [ ] rhe
\_ J
X

t

109
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Long Short-Term Memory (LSTM)

X| input
x| | tanh —ig 2 |h| hidden
T g C ”
LR ©
h sigmoid =i © |C ue ’ ”
W i 0 memory
sigmoid > f g
sigmoid =:@; Ie) if input
MR S i
SEEE o i
-
c @)
O |f| forget
V) e
O EEE —
% %g‘ DLACV @ Weizmann I]AYS IN HELL
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Long Short-Term Memory (LSTM)

X| input
Ct—1
x| | tanh —ig 2 |h| hidden
= o o z
. T Cell
h| | sigmoid — ® |C| a. »
W [T () me mOry
sigmoid =f g
_______ ht—l\
sigmoid =:@; E input

T
.......

mmmmm
-------

.ﬁ )

Mo

e

nnnnnn

©
=)
S
O |f| forget
%)
)
=
©
O
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input

—
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—t—
=
Pt
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[ e

Bring Them Home

“memory”

X

h| hidden
Cell,
Input

f| forget

MO|} ele(

)

j ~ _ —f
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7y
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Long Short
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7y
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Agenda

Images Sequences
static / \ time-dependent

— 00— — © —

Perceptron Convolution CNN Recurrent NN Memory Attention
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Segquence to Sequence

A

We 1IN (ANU)

Learn n'Ti? (LOMDIM)

Computer nawnimn (MEMUCHSHEVET)
Vision N'NY (RE'EYA)
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Sequence to Sequence: RNN
Encoder RNN Decoder RNN

Ak

1
11
i
111
1

Initial hidden state

i
Q

|
T
]

10Y

D
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Sequence to Sequence: RNN

Encoder RNN Decoder RNN
O/ /)0\)e0 V@/)
context O"’W%’ﬂ ’Iﬂ @ﬂ %

Initial hidden state t T

i i
i1 |17
“context” is a bottleneck I
What if seq is very long? \z

10Y

(o)
(’9\'
g DAYS INHELL

DL4ACV @ Weizm&on ) ) .
Slide credit: Justin Johnson (EECS-498-00g "=
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Sequence to Sequence: RNN & Attention

BEEE No need to provide:
1 Learned end-to-end

vV CT) (T) CT) ©
Ala (Al
i 1
Kk k \ k Q 1
R
- & \éz’& Q&Q} A\.“’\OQ 1,‘:’(&0
%ﬁ %g DLACV @ Weizm&:von(Q

WAIC

10Y

DAYS INHELL

Slide credit: Justin Johnson (EECS-498-00g "=
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Sequence to Sequence: RNN & Attention

EEEE: mmas
K\T\F\g\57 @

_.I_.I_.
i i
& @

\
1
T
:

& & 10“
- (QQ K\
%\‘ %g DLACV @ vveizmSnOn DAYS INHELL

Slide credit: Justin Johnson (EECS-498-00g "=
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Sequence to Sequence: RNN & Attention

HEEN
f— 1 1 1
v (c-) (ca (ca (c-) EEEE o
% 0/{\ "')
_|_
k\G\S\F\g ¢
R R'E i
&£ £ ¢ & & 10“
.Y @ 2
%\‘ %% DLACV @ Weizm&:von(Q DAYS INHELL

Slide credit: Justin Johnson (EECS-498-00g "=
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Sequence to Sequence: RNN & Attention

v(cB (3) (cB

T

(G)

7S

\
1
T
:

T
4
3 @Q

s PAS)
e DL4ACV @ Weizm&on

WAIC
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o, 24 %
4*0/5 )ﬁ\b
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Sequence to Sequence: RNN & Attention

Example: English to French translation

Input (English):

The agreement on the European Economic Area

was signed in August 1992.

Output (French):

'accord sur la zone économique européenne

a été signé en ao(it 1992.

The
agreement
on

the
European
Economic
Area

was
signed

in
August
1992
<end=

LI
accord

sur
la

zone
économique
europeenne
a

été

signé

en

aout

1992

<end=

%\‘%5 Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, gl @19

Slide credit: Justin Johnson (EECS-498-0 g s
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Sequence to Sequence: RNN & Attention

=
: : 0 5 E
Example: English to French translation 7 g s 3 8. 4
252589285 _98 ¢
- m = W W << = ‘n < W

Input (English):
The agreement on the European Economic Area
was signed in August 1992.

Zone

économique
Output (French): curopeenn®
'accord sur la zone économique européenne été
a été signé en aout 1992. signé
en
aolt
1992
<end=>

%5 Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, IR E15

e

NG Slide credit: Justin Johnson (EECS-498-0 g s
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Sequence to Sequence: RNN & Attention

=
: : 2 5 E
Example: English to French translation 7 g s 3 8. 4
25:258¢85_9S8 o
- m = W w << = ‘n < W

Input (English):
The agreement on the European Economic Area
was signed in August 1992.

économique

Output (French): suropeenn®
'accord sur la zone économique européenne été
a été signé en aolt 1992. signé
en
aolt
1992
<end=

%5 Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, LR G

e

WAIC Slide credit: Justin Johnson (EECS-498-00

Brine Then Hore



https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html

Sequence to Sequence: RNN & Attention

Example: English to French translation

Input (English):

The agreement on the European Economic Area

was signed in August 1992,

Output (French):

'accord sur la zone économique européenne

a été signé en aolt 1992.

The
agreement
the
European
Economic
Area

was
signed
August
1992
<end=

économique
europeenne
a

été

signé

en

aout

1992

<end=

%\‘%5 Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, IR E15
Z

Slide credit: Justin Johnson (EECS-498-0 g s



https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html

Attention Layer

EEEE
T 1T 1 1 EEEN
© 0 .0 ,0
11614 Enn
_|_
Kloio Ao is @
i
: & @Q&Q} & 10V
%@ = R DAYS INHELL

Slide credit: Justin Johnson (EECS-498-00g "=
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Attention Layer
Inputs:
Ql?erty: (shape: N; X D) m m

Input: X (shape: N,, X D,) S ~
Layer’s Parameters: —> V1 | a1 4 az']l a3]| a4]|
X - K: (shape: Dy X D)
X - V: (shape: D, X D)) P V2 [ 31,4 22,4 93,9 | Q4,2
» U3 | A134|A23| 34| A43
Compute: T
Keys: & = XWy (shape: N, X D) 1% ™ k1 || vl | €24] | €34] | €aa
Values: V. = XW,, (shape: N, X D,)) » Xy P ky Y| 1 | €24 | €3 o | s
Similarities: I = /D, (shape: N, X N
/\/Dq (shape: Nq X ;) X3 [ k3 ]| €13]| €23 | 3,3 | €43
Attention: = = softmax(/; T) (shape: N; X N,) i :
Outputs: Y = (shape: Ny X D) h 94 u
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Self-Attention Layer

Input:

Input: X (shape: N, X D,/)

Layer’s Parameters:
X - 0: (shape: Dy X D)

X - K: (shape: D, X D)
X-V: (shape: D,, X D,)
Compute:

Query: Q = XW (shape: Ny X D)
Keys: & = XWy (shape: N, X D)
Values: V. = XW,, (shape: N, X D,,)

Similarities: © = Q" /,/D, (shape: Ny X Ny)
Attention: = = softmax(/; T) (shape: N, X N,/)

Outputs: Y = (shape: N, X D,,)

=

2L .
%’ﬁ (g’ g DLACV @ Weizmann

WAIC

»

N
X1 P kPPl eral| €24 | €31
Xy P Ky P e | €22 | €32
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Self Attention in Vision

softmax > ®

A

CNN
Backbone

10Y
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NS Wang, X., Girshick, R., Gupta, A. and He, K., “Non-local neural networks” CViET =D T



https://arxiv.org/pdf/1711.07971.pdf

Self Attention in Vision I

. sumse
, ie" LN nl‘!"’& i

CNN
Backbone

\

-
% DL4CV @ Weizmann I]AYS IN HH'I'
NS Wang, X., Girshick, R., Gupta, A. and He, K., “Non-local neural networks” C
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Self-Attention Layer: Properties

SelfAtt(n(xl, . xn)) = m(SelfAtt(xq, ..., x,))

Self-Attention is permutation equivariant

Y

Y

“I'am studying” ? “Am | studying”

v

»

v

UL
i
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WAIC

v

109

DAYS INHELL

Bring Them Home




Self-Attention Layer: Properties

Y

Y

Positional Encoding

v

v

= .
%ﬁ' (g’ 5 DLACV @ Weizmann
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Multi-head Self-Attention

y

YiQY2QV3 Yi Y2 V3 Yi R V2QV3
1 10V
DL4ACV @ Weizmann x DAYS INHELL
Slide credit: Justin Johnson (EECS-498-0 gt
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Three Ways of Processing Sequences

Recurrent Neural Network 1D Convolution Self-Attention
—— | [ [a2] [ea]
— — b [ad[@][e]
—— [ [ad[a:] [a:]
15K ]
1
=
e L
T
Works on Ordered Sequences Works on Multidimensional Grids  Works on Sets
(+) large and adaptive receptive (-) Fixed receptive field. Need to (+) receptive filed = entire
field via hidden state stack many layers to have a seguence
(-) Not parallelizable: need to decent one (+) parallelizable u
process states sequentially (+) Highly parallelizable (-) Very memory intensive 10 —
%\‘%% DLACV @ Weizmann I]AYS IN HEI'I'

WXIC Slide credit: Justin Johnson (EECS-498-0 0 e
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Three Ways of Processing Sequences

Attention Is All You Need

Ashish Vaswani”
Google Brain
avaswani@google.com

Llion Jones™
Google Research
1llion@google.com

Jakob Uszkoreit”
Google Research
usz@google.com

Niki Parmar”
Google Research
nikip@google.com

Noam Shazeer”
Google Brain
noam@google.com

Fukasz Kaiser*
Google Brain
lukaszkaiser@google.com

Aidan N. Gomez™* T
University of Toronto
aidan@cs.toronto.edu

Ilia Polosukhin® *
illia.polosukhin@gmail.com

NeurlPS 2017

DLACV @ Weizmann

Slide credit: Justin Johnson (EECS-498-00
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Transformer Layer

Input: x4, ..., X, (n tokens in D dimensions)
Output: vy, ..., v, (n tokens in D dimensions)

Highly scalable
Highly parallelizable

it

UL
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i
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Y1, Yn

—>,§—>+->

Layer Norm
3
|
+ |«
T
Multi-head
Self-Attention

T

Layer Norm

xl, ---,xn Io‘
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Seguence to Sequence

Attention n

;——

Encoder

10Y
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Qutput
Probabilities

t

| Softmax |

3

| Linear )

Encoder

Input Output

Embedding Embedding 10 u
. | r .
% DLACV @ Weizmann Inputs Outputs DAYS INHELL

WAIC (Sh ifted ri g hJ[) Bring Them Home




Transformers Network o

» Yn
Pretraining:
Download a LOT of text from the internet : o s :
Train a transformers network using self-supervision M
[ Lla;erNor;n ]
. . T
Finetuning: o000
Fine-tune the transformer to specific NLP task at hand ?
| MLP |
[ LayerTNorm ]
BERT-base 110M 13GB ' 4"‘ '
BERT-large 24 1,024 16 340M 13GB | MP ]
!
GPT-2 48 1,600 ? 1.5B 40GB |
GPT-3 96 12,288 96 175B 694GB | seicagenion | 10“
] [ Laye}“orm ] -
% %"% DLACV @ Weizmann I]AYS IN HEI"‘
\WXIC x]_l (LE xn Bring Them Home




Example of GPT-3 generated text

chat.openai.com

10Y
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https://chat.openai.com/

Final Project —team up deadline
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What’s next?

Tomorrow:

Al & Robotics Seminar (not for credit)
Assaf Shocher

Next lecture:
Vision Transformers — ViT (Shai)

it

UL

Fo
i
WAIC

109

DAYS INHELL

Bring Them Home




	Slide 1: Deep Learning for Computer Vision: Sequences and Attention
	Slide 3: Agenda
	Slide 5: Deep Learning for Sequences
	Slide 6: Recurrent Neural Networks
	Slide 7: Recurrent Neural Networks
	Slide 8: Recurrent Neural Networks
	Slide 9: Recurrent Neural Networks
	Slide 10: Recurrent Neural Networks
	Slide 11: Example: Language Modeling
	Slide 12: Example: Language Modeling
	Slide 13: Example: Language Modeling
	Slide 14: Example: Language Modeling
	Slide 15: Example: Language Modeling
	Slide 16: Example: Language Modeling
	Slide 17: Example: Language Modeling
	Slide 18: Example: Language Modeling
	Slide 19: Example: Language Modeling
	Slide 20: Example: Language Modeling
	Slide 21: Example: Language Modeling
	Slide 22: Searching for Interpretable Cells
	Slide 23: Searching for Interpretable Cells
	Slide 24: Searching for Interpretable Cells
	Slide 25: Searching for Interpretable Cells
	Slide 26: Searching for Interpretable Cells
	Slide 27: Searching for Interpretable Cells
	Slide 28: Searching for Interpretable Cells
	Slide 34: Agenda
	Slide 35: RNN: Gradient Flow
	Slide 36: RNN: Gradient Flow
	Slide 37: RNN: Gradient Flow
	Slide 38: Long Short-Term Memory (LSTM)
	Slide 39: Long Short-Term Memory (LSTM)
	Slide 40: Long Short-Term Memory (LSTM)
	Slide 41: Long Short-Term Memory (LSTM)
	Slide 44: Agenda
	Slide 45: Sequence to Sequence 
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59: Self Attention in Vision
	Slide 60
	Slide 61
	Slide 62
	Slide 63: Multi-head Self-Attention
	Slide 64: Three Ways of Processing Sequences
	Slide 65: Three Ways of Processing Sequences
	Slide 67: Transformer Layer
	Slide 68
	Slide 69
	Slide 70: Transformers Network
	Slide 71: Example of GPT-3 generated text
	Slide 72: Final Project – team up deadline
	Slide 73: What’s next?

