Deep Learning for Computer Vision:
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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 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

%” DLACV @ Weizmann
%‘jﬁ Slide credit: Justin Johnson (EECS-498-007, UMich)
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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)

eturn out_pred

(+) Parameter efficient
(-) No temporal dependency

%ﬁ' %E DLACV @ Weizmann




Recurrent Neural Networks

One toone Many to many

lanyToManyV1(nn.Module):
I 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

%ﬁ' %E DLACV @ Weizmann




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' %"E DLACV @ Weizmann




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(he—q, x; W)

%ﬁ' %E DLACV @ Weizmann




Example: Language Modeling

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

Training sequence: “hello” 1 0 0 0
CTWR? (2 (2 0 Embeddlng Layer: o . o °
Vocabulary: ['h’, ‘€', ‘I', ‘0’] : 0 1 1
) ! P 0 0 0 0
= Input sequence: h e A I
i %‘%{
L Slide credit: Justin Johnson (EECS-498-007, UMich)
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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
wel T T 1
Training sequence: “hello” 1 0 0 0
CTWR? (2 (2 0 Embeddlng Layer: o . o °
Vocabulary: ['h’, ‘€', ‘I', ‘0’] : : 1 1
) ! P 0 0 0 0
%? = Input sequence: “h’ e A I
=1
il Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling

Task:
Given characters ¢y, ¢q, ..., Ci—1 Target chars: ‘e’ T T o
Predict ¢, L0 05 o1 02
Output Layer: |73 1 19 3
4.1 1.2 -1 2.2
hy = tanh(Wpphe_q + Wipx,) Wiy 1 1 1
0.3 1.0 0. -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
Embedding Layer: o 1 > >
Vocabulary: ['h’, ‘€', ‘I', ‘0’] e 0 : :
= Input sequence: “h’ e’ A A

% %g‘ DLACV @ Weizmann

VALC Slide credit: Justin Johnson (EECS-498-007, UMich)
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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: o e 3
1.2 1 2.2
1.0 0.1 -3
Yt = Whyht 0.3 - 0.9
0.1 0.7

Training sequence: “hello”

Embedding Layer:
Vocabulary: [‘h’, ‘e’, “I', ‘0] mbedding Layer

o | o r o|l—
—~|loroco|— T
—|lor oo|l—™

TG Input sequence:
=h
il

VALC Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling

lll”

Given “he” predict

Task:
Given characters ¢y, €1, ..., Ct—1 Targetchars: ‘e’ | o’
Output Layer: 19 >
-1 2.2
hy = tanh(Wpphe_q + Wypx,) 1 T
Vi = Whyhy i g%

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

—~leroo[— &L ixn;
—|lor oco|—™r

TG Input sequence:
=h
il

VALC Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling

Given “hel” predict “I”

Task:
Given characters cg, Cq, ..., Ct—1 Target chars: ‘e’ T o'
Predict ¢; 1.0 0.5 0.2
Output Layer: 3
2.2
ht — tanh(Whhht_l + thxt) T
-3
Yt = Whyht g.g

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

~|lor ocoo|—

s Input sequence:

%%5

VALC Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling
Given “hell” predict “o”

Task:

Given characters ¢, ¢y, ..., Ct—1 Target chars: ‘e’ l

Predict ¢; 10 05
Output Layer: |3 5

hy = tanh(Wpphe_q + Wipx,)

: : 0.1 -3
Yt = Whyht -1 0.3 -5 0.9
0.9 0.1 -3 0.7
. n] 1 1 1
Training sequence: “hello” 1 0 0 0
0 1 0 0
Vocabulary: ['h’, ‘€', ‘I', ‘0’] 0 0 : :
= Input sequencef ‘h° e’ | |
o5
i Slide credit: Justin Johnson (EECS-498-007, UMich)

WAIC
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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

%’ﬁ %j?' DLACV @ Weizmann

Output Layer:

Input chars:

.04
12 =y
01 |f3 ™"
83 [¥

1.0
2.2
-3.
4.1

0.

0.

T
1
0
0
0
h

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling

wle [25] |
12 20 P
. .83 A9 | e
Given characters ¢y, €1, ..., Ct—1
Predict ¢; 1.0 0.5
Output Layer: &2 03
put Lay 3. 1.
4.1 1.2
At test time: generate new text 1 1
Sample one char at a time 2 e
0'.9 0:1
1 0
0 1
0 0
0 0
ITE Input chars: h ‘e’
%’ﬁ %5 DLACV @ Weizmann . . . .
Slide credit: Justin Johnson (EECS-498-007, UMich)
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Example: Language Modeling

ml e [ " o)
12 20 16 <
Task: 01 06 64|
. .83 49 09 |
Given characters ¢y, €1, ..., Ct—1
Predict ¢; L0 05 01
Output Layer: 3. i s
4.1 1.2 -1
At test time: generate new text 1 1 1
Sample one char at a time 2 e "
0.9 0.1 .3
1 0 0
0 1 0
0 0 1
0 0 0
ITE Input chars: h ‘e’ T
%’ﬁ %5 DLACV @ Weizmann . . . .
Slide credit: Justin Johnson (EECS-498-007, UMich)
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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

A1
.01
.07
.81

0.

0.

i

0.1
0.5
1.9
-1

1.0
0.3
0.1

;

;

0.1

N.Il.o
.i\)WNN

T
1
0
0
0
h

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Seguence to Sequence

We 1IN (ANU)

Learn n'TniI7 (LOMDIM)

Computer nawnmn (MEMUCHSHEVET)
Vision N'NY (RE'EYA)




Sequence to Sequence: RNN
Encoder RNN Decoder RNN

o O,%
’P»\ /{\

i
i
-
&

Initial hidden state

T
i
i

:

Slide credit: Justin Johnson (EECS-498-007, UMich)

L
DL4CV @ Weizm&on
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Sequence to Sequence: RNN
Encoder RNN Decoder RNN

context QII%’}@{\

Initial hidden state t T
i i
i1 |17

“context” is a bottleneck I
What if seq is very long? \z

>
S

DL4ACV @ Weizm&on
Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

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

£

V .0 .0 O
CICIET
+ |
K\ K k \ Q 1
HH 1
- & \éb& Q&Q} 4\.‘9\00 1,"96}0

%\‘7 %g DLACV @ Weizm&:von(Q

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

EEEE: mmas
K\G\TG 7\ @

i i
Q \’»@}

\
1
T
:

R Q
\ﬁ’/’z>

(QQ N

e D
e DL4CV @ Weizm&on

UL

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

HEEN
EEEE: -
% %/f\ L

4] T

\F\s T 1
i B
T

i i
Q \’»@}

;

>I

\
1
T
:

< Q -4
$ ijb . c:)\O fbﬁ
& @ P
e & S >
%ﬂ %5 DL4CV@Weizm£nOn

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

HEEN
T 1 1 1 EEEE
Vv . .0 .0 ,0
‘alalal Emmm
_|_
K\G\F\F\F ¢
HHH——1
T Q&Q} & &
Tl & g
%’ﬁ %5 DLACV @ Weizm&an

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

2
. o QL % M
Example: English to French translation 2 2 5 3 B 4
EQEEEEELQ%E?% é
: . 22000000
Input (English): ccord
The agreement on the European Economic Area sur
was signed in August 1992. la

zone
économique

Output (FrenCh): européenne

d

'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”, ICLR 2015
e

VA Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

Example: English to French translation

The
agreement
on

the
European
Economic
Area

was
signed

in
August
1992
<end=

LI

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

zone
économique

Output (FrenCh): européenne

d

'accord sur la zone économique européenne été
a été signé en aout 1992. signé

en
aolt
1992

<end=

%;Ti Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

VA Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

Example: English to French translation

The
agreement
on

the
European
Economic
Area

was
signed

in
August
1992
<end=

LI

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

économique

Output (FrenCh): européenne

a

'accord sur la zone économique européenne été
a été signé en aolt 1992. signé

en
aolt
1992

<end=

%";T?’ Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

VA Slide credit: Justin Johnson (EECS-498-007, UMich)
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Sequence to Sequence: RNN & Attention

Example: English to French translation

The
agreement
on

the
European
Economic
Area

was
signed

in
August
1992
<end=

LI

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

économique

Output (FrenCh): européenne

d
'accord sur la zone économique européenne été

a été signé en aolt 1992. signé
en

aout

1992

<end=

%";T?’ Bahdanau et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015

VA Slide credit: Justin Johnson (EECS-498-007, UMich)
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Attention Layer

+
K\ \F\7\7 @
BERE i
T 1T 1 1
111 |

% & (QQ A\ 1/‘9
@ DL4CV@Weizm£nO
Slide credit: Justin Johnson (EECS-498-007, UMich)
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Attention Layer

Inputs:
Query: Q (shape: N, X D)
Input: X (shape: N,, X D,)

Layer’s Parameters:

X - K: (shape: Dy X Dg)
X-U: (shape: D,, X D,)
Compute:

Keys: & = XWy (shape: N, X D)
Values: V = XW, (shape: N, X D,,)

Similarities: © = /+/Dg (shape: N, X N,
Attention: -~ = softmax(/; T) (shape: N; X Ny)
Outputs: Y = (shape: Ny X D)

% %ﬁg‘ DLACV @ Weizmann

WAIC

‘)
1% P k1 | e1q]| e24] | €3] | €a1
» 1 X2 P k2 || €12 | 2,2 | €32 | €a2
X3 [P ks [P| 13| | €23 | €3,3] | €4,3
d1 4

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Selt-Attention Layer

Input:

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

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

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: © = QX" /,/D, (shape: N; X N,)
Attention: - = softmax(/; T) (shape: N; X N,)

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

o=

7= _
%ﬁ' (g’ g DLACV @ Weizmann

WAIC

»

‘N
X1 P k1 PPl eral| €24 | €31
Xy P ka P e | €22 | €32

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Self Attention in Vision

softmax > ®

A

CNN
Backbone

Wy: Wi W,:
1x1x1 1Xx1X 1x1x1

% DLACV @ Weizmann
NG Wang, X., Girshick, R., Gupta, A. and He, K., “Non-local neural networks” CVPR (2018)



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

CNN
Backbone

% DL4CV @ Weizmann
NG Wang, X., Girshick, R., Gupta, A. and He, K., “Non-local neural networks” CVPR (2018)



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

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

%E DLACV @ Weizmann

WAIC




Self-Attention Layer: Properties

Y

Y

Positional Encoding

v

v
!

= .
%ﬁ' (g’ g DLACV @ Weizmann




Multi-head Self-Attention

U

oot

HE-
AR

%’ﬁ %"g DLACV @ Weizmann

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Three Ways of Processing Sequences

Self-Attention
Y1 yz y
—— [ {[an] [ap] [a:]

Recurrent Neural Network 1D Convolution

—— i [wd (][
—— e [2][a:]

T 1K1

Works on Ordered Sequences
(+) large and adaptive receptive
field via hidden state

(-) Not parallelizable: need to
process states sequentially

]
% |
e

Works on Multidimensional Grids
(-) Fixed receptive field. Need to
stack many layers to have a
decent one

(+) Highly parallelizable

Works on Sets

(+) receptive filed = entire
sequence

(+) parallelizable

(-) Very memory intensive

o=

%ﬂ %E DLACV @ Weizmann

VA Slide credit: Justin Johnson (EECS-498-007, UMich)
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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

DLACV @ Weizmann

Slide credit: Justin Johnson (EECS-498-007, UMich)
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https://proceedings.neurips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html

Transformer Layer Vi

3
Input: x4, ..., X, (n tokens in D dimensions) _i_ <
MLP
Y, B: scale and shift parameters (D dimensions) T
Layer Norm
;
u; = 2;x;j /D (nscalars) e
o; = \/Zj(xl-j — ,ul-) /D (n scalars) T
(x;—i) Multi-head
output:o; =y - ——+
P i = i p SeIf—At%ention
Layer Norm
1
- X1, Xn
ilaE
L Slide credit: Justin Johnson (EECS-498-007, UMich)
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Transformer Layer

Input: x4, ..., X, (n tokens in D dimensions)
Output: y4, ..., v, (n tokens in D dimensions)

Highly scalable
Highly parallelizable

it

UL

oL
i
WAIC

Y1, > Yn

—>,§—>+->

Layer Norm
3
|
4+ [«

T

Multi-head
Self-Attention

T

Layer Norm

Slide credit: Justin Johnson (EECS-498-007, UMich)
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Transformers Network

Pretraining:
Download a LOT of text from the internet

Train a transformers network using self-supervision

Finetuning:

Fine-tune the transformer to specific NLP task at hand

oss L ires o) s Lvaoms [ove__

BERT-base 110M 13GB
BERT-large 24 1024 16 340M 13GB
GPT-2 48 1600 ? 1.5B 40GB
GPT-3 96 12288 96 175B 694GB

o=

= .
%ﬁ' (g’ E DLACV @ Weizmann
WAIC

Multi-head
| Self-A i I

[ Layer Norm ]

Multi-head
Self-Attention

| Layer Norm |

Multi-head
| Self-A i I

[ Layer Norm ]




Example of GPT-3 generated text
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Vision Transformers (ViT)

<+«— MLP - v
e
R1000 ?????????? ip
)
Multi Layer Transformers Encoder LayerﬁNOrm
—
DEEPEEIEEEE0E) | s
Embedding Self-Atiention

| | | | ‘ | | *‘ Layer Norm
A
‘R\JI ‘ l I ‘ xll ---;xn

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,

Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image

%’ﬁ %"g DLACV @ Weizmann

is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)



https://openreview.net/forum?id=YicbFdNTTy

m-m- Multi Layer Transformers Encoder

Vision Transformers (ViT)

ViT-Base

ViT-Large
ViT-Huge

it

=t

Siaz
iy

=

WAIC

DLACV @ Weizmann

24
32

RlO

86M ‘@?@Q@Q@Q@Q@Q@Q‘Q@Q

1024 16 307M Embedding

16 632\ Lail ARE |i-||L

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,
Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
is Worth 16x16 Words: Transformers for Image Recognition at Scale” (ICLR 2021)



https://openreview.net/forum?id=YicbFdNTTy

Vision Transformers (ViT)

Pe—
????????? *
MLP
f
Multi Layer Transformers Encoder LayerﬁNOrm
e
< GO GOV EYEDE A Tt
Embedding SeIf-Atientlon

| | | | | | Layer Norm
1Rk | ;

‘“\JI 4 X1, ey X

Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T.,

Dehghani M., Minderer M., Heigold G., Gelly S., Uszkoreit J. and Houlsby N. “An Image
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What’s next?

Next tutorial:

Sequences and ViT (Shir)

Next lecture:
Detection and Segmentation (Shai)
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