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Today's Lecture

unreasonable effectiveness of data
deep learning

computation in a neural net
optimization

backpropagation

e convolutional neural networks

vision transformers
applications in computational photography

Disclaimer: The material and slides for this lecture were borrowed from
— Costis Daskalakis and Aleksander Madry’'s MIT 6.883 class

— Bill Freeman, Antonio Torralba and Phillip Isola’s MIT 6.869 class

— Justin Johnson's EECS 498/598 class

— Philip Isola and Stefanie Jegelka's MIT 6.S898 Deep Learning class



Neural Networks in Computational Photography

* Now: learned pipelines for computational imaging

y
Ground
Truth
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Learning CFAs

Learned

Learning coded apertures



Neural Networks in Computational Photography

* Now: learned pipelines for computational imaging

Learning denoising Learning deblurring HDR Imaging



Unreasonable
Effectiveness of Data



Slide credit: Alexei Efros



[Hays and Efros. Scene Completion Using Millions of
Photographs. SIGGRAPH 2007 and CACM October 2008.]

Slide credit: Alexei Efros 7
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... 200 total

Slide credit: Alexei Efros



Slide credit: Alexei Efros
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Slide credit: Alexei Efros
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Slide credit: Alexei Efros
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Slide credit: Alexei Efros
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Slide credit: Alexei Efros



Slide credit: Alexei Efros 16



Slide credit: Alexei Efros 17



Slide credit: Alexei Efros 18



... 200 scene matches

Slide credit: Alexei Efros
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Slide credit: Alexei Efros 20



Slide credit: Alexei Efros 21
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Slide credit: Alexei Efros
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Slide credit: Alexei Efros



Why does it work?

Slide credit: Alexei Efros 25



Slide credit: Alexei Efros 26



Nearest neighbors from a
collection of 20 thousand images

Slide credit: Alexei Efros 27



Nearest neighbors from a
collection of 2 million images

Slide credit: Alexei Efros 28



"Unreasonable Effectiveness of Data”

[Halevy, Norvig, Pereira 2009]

» Parts of our world can be explained by elegant mathematics
physics, chemistry, astronomy, etc.

* But much cannot
psychology, economics, genetics, etc.

* Enter The Data!
Great advances in several fields:

e.g. speech recognition “For many tasks, once we have a

machine translation billion or so examples, we essentially
have a closed set that represents (or at

Case study: Google least approximates) what we need...”

Slide credit: Alexei Efros 29



Learning

Data

%

Learner

—>  Model

Inference

Model

—  Output

30



A Brief History of
Deep Learning



Humble beginnings N (5+3am)

PRINCIPLES OF
NEURODYNAM

* Perceptron [Rosenblatt ‘58]

» Criticism of Perceptrons (XOR affair) [Minsky Papert ‘69]
- Effectively causes a "deep learning winter'

32



(Early) Spring e

» Back-propagation [Rumelhart et al. ‘86, LeCun ‘85, Parker '85]

S
Aways Active (input of 1}———)»
outUnit . inWeight [2]

Output
outUnit. inWeight [1] '
T eD O
ward Activation > - ‘ " , Layer 3

» Recurrent Neural Networks/Long Short-Term
Memory (LSTM) [Hochreiter Schmidhuber '97]

@ ? ? ? . ayer
rAj - A > A el TN AN

N ANUINSSSIW e ™

/S Sl Sl Gl

33



Summer

« 2006: First big success: speech recognition

» 2012: Breakthrough in computer vision: AlexNet [Krizhevsky et al. "12]

22222

27 N\
E [l —— 30%

X 128 ax
! pooling 25¢
S 20%

» 2015: Deep learning-based vision - =
models outperform humans

Human Performa

0%
NEC-UIUC XRCE AlexNet ZFNet GooglLeNet ResNet SENet

(2010) (2011) (2012) (2013) (2014) (2015) (2017) 34
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[“Mask RCNN", He et al. 2017]



what color is the vase?

is the bus full of passen-
gers?

is there a red shape above
a circle?

classify[color]( measurel[is]( measurel[is](
attend[vase]) combine[and]( combine[and](
attend[bus], attend[red],
attend[full]) re-attend[above](
attend[circle])))
green (green) yes (yes) no (no)

[“Neural module networks”, Andreas et al. 2017]




pIX2pixX

process

Vitaly Vidmirov @vvid

OUTPUT

[“pix2pix”, Isola et al. 2017]
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What enabled this success?

» Better architectures (e.g., RelLUs) and regularization technigues
(e.g. Dropout)

« Sufficiently large datasets

38



Deep learning

* Modeling the visual world Is incredibly complicated. We need high
capacity models.

 |n the past, we didn’t have enough data to fit these models. But now
we do!

* \We want a class of high capacity models that are easy to optimize.

Deep neural networks!

39



Classification
units

Output
(object identity)

3

PIT/AIT :jyiﬁ\

‘.
.
I

3rd hidden layer
(object parts)

2nd hidden layer
(corners and

V4 /PIT

4
*
|
contours)
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\
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73
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1st hidden layer
(edges)

Visible layer
(input pixels)
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Image transformations

Input Image

Edge normals

1. From pixels to edge

/

Depth

2. From edges to geometric

primitives

Edge strength

5

3D orientation

discontinuities

W

41



Obiject recognition

Edges

Texture

Colors

Feature extractors

N7

Segments

Parts

\ |
/ “clown fish”

§ fol@) = 3 Oegela)

Classifier
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Obiject recognition

Edges

Texture

Colors

Feature extractors

N7

L earned

Segments

“clown fish”

Parts

§ fol@) = 3 Oegela)

Classifier
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Obiject recognition

L earned

“clown fish”

44



Obiject recognition

Neural net

L earned

“clown fish”
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Obiject recognition

Deep neural net

L earned

“clown fish”
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Deep learning

Y:
“clown fish”

X

Learned

. oss

L(fo(x:),¥:)

47



Gradient descent

0* = argmin
0

Z[:(fO(xi)a}’i)

— —

J(0)

48



Gradient descent

/Iz Q‘\\

£

Vi 0“‘\\“\ "?%»‘

J(6)

|
,,,,,

9* = arg min J(6)
0

49



Gradient descent

N
o+ = arg min > L(fo(xi), i)
1=1

— —
g

J(0)

One iteration of gradient descent:

0J(0)
L P

9t—+—1 — Ht —

learning rate

50



Computation in
Neural Nets



Computation in a neural net

Input
representation

Output
representation

52



Computation in a neural net

Linear layer

Input Output
representation representation

53



Computation in a neural net

Linear layer

Input Output
representation representation

/ weights

Yj = sz‘jwi + b;

k bias

54



Computation in a neural net

Linear layer
Input Output |
representation representation / weights

®
‘ — T . .
®

" o '\ bias
®
‘ ——
. 6 ={W,b}

1C k parameters of the model

55



Example: linear regression with a neural net

Linear layer

Input Output
representation representation

w—0y
b

fwp(x) = xTw 4+ b

(-



Computation in a neural net

“Perceptron”
1, if y>0
9(y) = .
Input Output 0, otherwise
representation representation Lol
@
(U 0.8
: 0.6
alle W O—~0) g(y) 0.4
= Yy 9(y)
o 0.0
E \ Pointwise -4 -2 0 2 4
10O Non-linearity y



Example: linear classification with a perceptron

r=x'wLb

2500 i,

One layer neural net
(perceptron) can
perform linear
classification!

58



Example

Training data

1 | 1| |
1 -
1 111
(A 07 ]
8 OO 0
—1 | | |
—1 0 1
X1

: linear classification with a perceptron

Bad fit
7 misclassifications

4 misclassifications

1

Okay fit

Good fit
0 misclassifications

59



Computation in a neural net

1, if y>0
9(y) = 0

Input Output otherwise
representation representation Lol
@
@ 0.8
: 0.6
X|& 9(Y) ..
- 0.2
@
U 0.0-
-4 -2 0 2 4
1C



Computation in a neural net — nonlinearity

Sigmoid
B 1
Input Output 9(y) = 14+ e Y
representation representation o
~ .
(U 0.8
: 0.6
x|S 9(y) .
. 0.2
o
. 0.0 ’
-4 -2 0 2 4
10

61



Computation in a neural net — nonlinearity

» Interpretation as firing rate of neuron Sigmoid

1
* Bounded between [0,1] 9(y) = 1+e¥

1.0

- Saturation for large +/- inputs o6

- Gradients go to zero e

» OQutputs centered at 0.5 0.2

(poor conditioning) 00.

* Not used In practice Y

62



Computation in a neural net — nonlinearity

Tanh
* Bounded between [-1,+1] eV — oY
| | 9(y) = -, ey
 Saturation for large +/- inputs
1.0
- Gradients go to zero o
- Qutputs centered at 0 g(y) 0.0
-0.5
* Preferable to sigmoid
o -4 =2 0 2 4

tanh(x) = 2 sigmoid(2x) —1

63



Computation in a neural net — nonlinearity

» Unbounded output (on positive side)

89_{0, if y<0

* Efficient to implement: 3 "1 if y>0

» Also seems to help convergence
(see 6x speedup vs tanh In [Krizhevsky et al.])

* Drawback: if strongly in negative region, g(y)
unit Is dead forever (no gradient).

» Default choice: widely used in current models.

Rectified linear unit (ReLU)

g(y) = max(0,y)

64



Computation in a neural net — nonlinearity

* where a Is small (e.g. 0.02)

. . d —a, if 0
* Efficient to implement: 3—5 = {1 ’ ;f zio
*Also known as probabilistic ReLU (PRelU)

* Has non-zero gradients everywhere
(unlike RelLU)

a0 can also be learned
(see Kaiming He et al. 2015).

Leaky RelLU

max(0,y), if y>0
9(y) = . .
amin(0,y), if y<O0

65



Stacking layers

Input Intermediate Output
representation representation representation
h
® O-C @
0-C O
O\ O—C O
0O O
x% B»O—O Wg.z) S| Y
O O—-O- O
o/ 0O _ O
C by O—C bl O
10 10

h = “hidden units”
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Stacking layers

Intermediate

Input -
P representation

representation

Z, h = "hidden units”

Output
representation
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Stacking layers

Intermediate

Input

representation

~
~
e
- -
@) .
2 :
{
m 0
7p) ~
O =
Q. -
O .
| - .
s
——
|
(- O
@)
+—
q0)
-+
(-
O
(dp)]
O
| -
Q.
O
| -
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Stacking layers

Intermediate

Input

negative

(-
@)
+—
©
+—
_
()
%)
O
| -
O
O
| —
——
N
o)
- A
@) .
% !
+— —
n_ﬂu e
7p) ~
: =
O -
O .
| - .
3
——
|
(- A
@)
-
©
-+
—
O
%)
O
| -
o
D)
| —
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Stacking layers

Intermediate

Input

negative

(-
O
© >
-+
(-
O
(dp)
O
| -
o
O
| -
~=
~
)
- -
@) .
2 :
{
.w 0
7p) N~
0 =
Q. -
O .
| - .
s
——
|
(- (A
@)
+—
q0)
-+
(-
O
(dp)]
O
| -
Q.
O
| -
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Stacking layers

Intermediate

Input

negative

(-
O
© >
-+
(-
O
(dp)
O
| -
o
O
| -
~=
~
)
- -
@) .
2 :
{
.w 0
7p) N~
0 =
Q. -
O .
| - .
s
——
|
(- (A
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q0)
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O
| -
Q.
O
| -
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Stacking layers

Intermediate

Input

negative

(-
O
© >
-+
(-
O
(dp)
O
| -
o
O
| -
~=
~
)
- -
@) .
2 :
{
.w 0
7p) N~
0 =
Q. -
O .
| - .
s
——
|
(- (A
@)
+—
(qV)
-+
(-
O
(7p)]
O
| -
Q.
O
| -
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Connectivity Patterns

Input Output
representation - representation

Fully connected layer

Input Output
representation representation

Locally connected layer
(Sparse W)
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DATA

Which dataset do
you want to use?

Ratio of training to
test data: 50%

Noise: 0

Batch size: 10

REGENERATE

FEATURES S &=
Which properties do
you want to feed in?
+ -
4 neurons
@O
s o
\\\\
2 \\\\ —
: —
////
N

XX, This is the output
from one neuron.
Hover to see it

larger.
sin(X,)

sin(X,)

2 HIDDEN LAYERS

2 neurons

s —

The outputs are
mixed with varying
weights, shown
by the thickness
of the lines.

[http://playground.tensorflow.org]

OUTPUT

Test loss 0.540
Training loss 0.555

Colors shows

data, neuron and F I

weight values.

[ Show test data

[] Discretize output

—

1
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Deep nets

&
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P (\/\ S
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- I —_— \:;u . "
— — = —"clown fish

f(x) = fo(fo-1(... f2(f1(x))))
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Example: linear classification with a perceptron

r=x'wLb

2500 i,

One layer neural net
(perceptron) can
perform linear
classification!
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Example: nonlinear classification with a deep net

7z = W;ix+ by
@ | @%@ h = g(z)
© ; @_'@/ 23 = Wah + by
W, W,

Y = 1(23 >O)

hy ho 23
1 1 1 1
| - - ‘ - . -
1 i | —1 —1
—1 0 1 —1 0 1 —1 0 1 —
1 T L1

L2

1 0 1
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Representational power

* 1 layer? Linear decision surface.

« 2+ layers? In theory, can represent any function.

Assuming non-trivial non-linearity.
« Bengio 2009,

http://www.iro.umontreal.ca/~bengioy/papers/ftiml.pdf

* Bengio, Courville, Goodfellow book
http://www.deeplearningbook.org/contents/mlp.html

« Simple proof by M. Neilsen

http://neuralnetworksanddeeplearning.com/chap4.html

D. Mackay book
http://www.inference.phy.cam.ac.uk/mackay/itprnn/ps/482.491 .pdf

* But issue is efficiency: very wide two layers vs narrow deep
model? In practice, more layers helps.
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Deep nets

&
SN S
P (\/\ S
) O O°
- I —_— \:;u . "
— — = —"clown fish

f(x) = fo(fo-1(... f2(f1(x))))
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Classifier layer

Last layer

W

©oJel JoI Yelele)

dolphin

cat

grizzly bear
angel fish
chameleon
clown fish
iguana

elephant

argmax

P

“clown fish”
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Loss function

Network output

dolphin
cat
grizzly bear

angel fish

W

©oJel JoI Yelele)

chameleon
clown fish
iguana

elephant

Ground truth label

“clown fish”

/ -0ss = error
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Loss function

Network output

dolphin
cat
grizzly bear

angel fish

W

©oJel JoI Yelele)

chameleon
clown fish
iguana

elephant

Ground truth label

“clown fish”

/ | oss =» small
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Loss function

Network output

dolphin
cat
grizzly bear

angel fish

W

©oJel JoI Yelele)

chameleon
clown fish
iguana

elephant

Ground truth label

“grizzly bear”

/ Loss =» large
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Loss function

Prediction y Ground truth label y
fo: X - RE
dolphin ||l dolphin
cat || cat
grizzly bear ||} grizzly bear
f angel fish ||} angel fish
chameleon ||} @ chameleon
clown fish || G clown fish || GGG
iguana |l iguana
elephant | elephant




Loss function

Network output

Ground truth label

#

©OJe] JoI Joleloln:

dolphin
cat
grizzly bear
angel fish
chameleon
clown fish
iguana

elephant

oJeJelelel Jololn

Probability of the observed
data under the model

K
H(y,9) = — ) yrlog ik
k=1
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Deep learning
y1

“clown fish”

X1

Learned

Loss

‘C(fH(xl)a)’l)
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Deep learning

“grizzly bear”

L earned

Loss| L(fs(x2),¥2)
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Deep learning
Yi
“chameleon”

Learned

Loss| L(fo(x:),¥:)
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" [66000000 00
D 10000000000

0000000000
0000000000
0000000000

sabeuw

Batch (parallel) processing
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Tensors (multi-dimensional arrays)

Each layer is a representation of the data
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Everything is a tensor

7z = W;ix + by
RS SO~ -
@—®@ 2= Wah + by
W1 W2 y = 1(z3 > 0)

Tensor processing with batch size = 3:

W, W,
X Z:, H; Zo Y

T1 T2 Z1| 22 h1 ho <3 Y
> - > —

fvﬁatch

9N



"Tensor flow"

/ /L LS LS
)M X (o)H

h(2) i ]RNbatchXH(z) XW(z) XC(2)

/. /L L L LS
M X H

h(]‘) i RNbatchXH(l) XW(]') XC(I)
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Regularizing deep nets

Deep nets have millions of parameters!

On many datasets, it is easy to overfit — we may have more free
parameters than data points to constrain them.

How can we regularize to prevent the network from overfitting?
Fewer neurons, fewer layers

Weight decay

Dropout

Normalization layers

ok wh =
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Regularized least squares

R(Q) — \ ”9”3 g (Only use polynomial terms if you really

need them! Most terms should be zero

ridge regression, a.k.a., Tikhonov regularization

Probabilistic interpretation: R is a Gaussian prior over values of the parameters.
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Regularized least squares

N
0" = arggminz,/.l(fg(xi), yi) + R(0)
i—1

R(W) = A ||W||§ @ \\yeight decay

“We prefer to keep weights small.”
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Dropout

Intermediate
representation

Input
representation

representation
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Dropout

Intermediate
representation
h

Input
representation

representation

w (2)
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Dropout

Intermediate
representation

Input
representation

representation
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Dropout

Intermediate
representation
h

Input
representation

representation

w (2)
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Dropout

Randomly zero out hidden units.

Prevents network from relying too much on spurious correlations
between different hidden units.

Can be understood as averaging over an exponential ensemble of
subnetworks. This averaging smooths the function, thereby reducing
the effective capacity of the network.
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Normalization layers

Z Norm RelLU

W
olejeleleL
i

E[2] — K
Varp[zk] 2L “k [Zk]
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Normalization layers

OOOOOF

Wi



Normalization layers

OOOOOF

Wi



Normalization layers

Wi



Normalization layers

Keep track of mean and variance of a unit (or a population of units) over time.

Standardize unit activations by subtracting mean and dividing by
variance.

Sqguashes units into a standard range, avoiding overflow.

Also achieves invariance to mean and variance of the training signal.

Both these properties reduce the effective capacity of the model, i.e.
regularize the model.

105



Normalization layers

Batch Norm

Normalize w.r.t. a single hidden unit’s pattern of activation over training
examples (a batch of examples).

[Figure from Wu & He, arXiv 2018]
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Normalization layers

Batch Norm Layer Norm

H,W
VAT A T
VA0 A A A

H, W

AN

X

Normalize w.r.t. the mean and variance of the activations of all the hidden units
(neurons) on this layer (c).

[Figure from Wu & He, arXiv 2018]
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Normalization layers

Batch Norm Layer Norm Instance Norm

H,W

V7 L S

() L

H, W
H,W

VA A A A

) ASSREES

AN

VA 7 AN A7

Normalize w.r.t. the mean and variance of the activations of all the hidden units
(neurons) on this layer (c) that process this particular location (h,w) in the image.

[Figure from Wu & He, arXiv 2018]
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Normalization layers

Batch Norm Layer Norm Instance Norm Group Norm

H,W

V7 L S

() L

H, W
H,W

VA A A A

) ASSREES

H,W

VA T T W
VA AT S S T

AN
RSN
AR

AR

VA 7 AN A7

L A TR T

Might as well...

[Figure from Wu & He, arXiv 2018]

109



Deep nets are data transformers

Layer L

e Deep nets transform datapoints, layer by layer

e Fach layer is a different representation of the data

¢ \e call these representations embeddings

Input




Two different ways to represent a function

0.5

0.5 1
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Two different ways to represent a function

Xout

0 0.5 1
A 4 4 4 4 4 4 4 4

=
0 0.5 1
Xin
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Data transformations for a variety of neural net layers

Xout
—-1-05 0 0.5

xout
—-1-0.5 0 0.5

1

1
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o

»

¢
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Xout
—-1-05 0 0.5

Xout
-1-05 0 0.5
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1
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Parameters

Activations

Mapping 2D

Equation Mapping 1D

Wiring graph
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Activations

Parameters

Wiring graph

Equation

= max(

’0)

Mapping

N YYYYYYY Y ’
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PRI L
PREC L )
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] .y .
lllllll
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lllll

& >
) A A 4 A
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O u 5
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v u, J
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O ]
& 0 -
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Matrix
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Fr)—

A

relu

&%

W,

logits class probabilites

g
Q
*

@ -0«
@

softmax

Training iteration
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Iogits

class probabilites

&
R4

Srem ooy

1

Training data

relu

2

Z)

softmax

VA

Y

Training iteration

P17



Iogits

class probabilites

x@%x@%@ <

1 relu

2

softmax

Training iteration
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-100 -075 -0.50 -0.25

-100 -075 -0.50 -025

-100 -075 -0.50 -0.25
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Training iteration



075
©]
10

050

025

0.00

-100 -075 -0.50 -0.25

S 050 075

0.2!

0.00

-100 -075 -0.50 -0.25

10
05
0.0

-0.5
1
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Gl il

softmax

linear

relu

linear

_'_.
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L

Gl il

softmax

linear

relu

linear

_'_.
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ax

linear

relu

linear

relu

linear

relu

linear

L I L N N
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ax

linear

relu

linear

relu

linear

relu

linear

L I L N N
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softmax

linear

relu

linear

relu

linear

relu

linear

A

Training iteration

()

A

N
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b
5

linear
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Layer 1 representation

- commodity, trade good, good

structure, construct
covering

conveyance, transport
invertebrate

bird

hunting dog

e ~". A ; " .‘. :
v '; E“ s .,: .‘- 2
Ion

[Visualization technique :

[DeCAF, Donahue, Jia, et al. 2013]
t-sne, van der Maaten & Hinton, 2008]
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Optimization



Gradient descent

/Iz Q‘\\

£

Vi 0“‘\\“\ "?%»‘

J(6)

|
,,,,,

9* = arg min J(6)
0
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Gradient descent

N
o+ = arg min > L(fo(xi), i)
1=1

— —
g

J(0)

One iteration of gradient descent:

0J(0)
L P

9t—+—1 — Ht —

learning rate
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Optimization

Params
6 =—>

—> J(0) §* = arg min J(6)
VoJ(6) 0
Hy(J(9))

* What's the knowledge we have about J?

* \WWe can eva
* \WWe can eva
* \WWe can eva

uate J(0) — Gradient <= Black box optimization
uate J(H) and VGJ(H) <= First order optimization
uate J(0), VyJ(0), and Hy(J(0)) <= Second order optimization

L Hessian
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Batch (parallel) processing

>

Loss




Stochastic gradient descent (SGD)

* \Want to minimize overall loss function J, which is sum of individual losses over each
example.

* In Stochastic gradient descent, compute gradient on sub-set (batch) of data.
If batchsize=1 then 0 is updated after each example.
If batchsize=N (full set) then this is standard gradient descent.

» Gradient direction is noisy, relative to average over all examples (standard gradient
descent).

« Advantages
» Faster: approximate total gradient with small sample
* Implicit regularizer

* Disadvantages
« High variance, unstable updates
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Momentum

» Basic idea: like a ball rolling down a hill, we should build up
speed so as to make faster progress when “on a roll”

» Can dampen oscillations in SGD updates
 Common In popular variants of SGD

 Nesterov's method
« RMSProp
* Adam

134



Why Momentum Really Works

Solution

We often think of Momentum as a means of dampening oscillations

and speeding up the iterations, leading to faster convergence. But it
® ® has other interesting behavior. It allows a larger range of step-sizes

to be used, and creates its own oscillations. What is going on?

Step-size a = 0.02 Momentum § = 0.99

GABRIEL GOH April. 4 Citation:
UC Davis 2017 Goh, 2017

[https://distill.pub/2017/momentum/]
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Comparison of gradient descent variants

e s T TS

Y — sep

[http://ruder.io/optimizing-gradient-descent/]
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Backpropagation



Forward pass

(output) x (L)

» Consider model with L layers. Layer ! has
vector of weights W

» Forward pass: takes input x=1 and [ x (=1
passes it through each layer f®: '
 Output of layer [ is x®. (1)

« Network output (top layer) is x&).

(Input) x(0)
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Forward pass

» Consider model with L layers. Layer ! has
vector of weights W

» Forward pass: takes input x=1 and
passes it through each layer f®:

 Output of layer [ is x®.

« Network output (top layer) is x&).

. Loss function £ compares x'¥) to y.
* Qverall energy is the sum of the cost over all

training examples: N
J = Z E(ng),yi)
=1

(input) x(0) y
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Gradient descent

* \We need to compute gradients of the cost with respect to model
parameters W)

* By design, each layer is differentiable with respect to its parameters
and input.
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Computing gradients

To compute the gradients, we could start by writing the
full energy J as a function of the network parameters.

JW) =3 LGP RGO WD), WE), .. WE),3:)

And then compute the partial derivatives... instead, we
can use the chain rule to derive a compact algorithm:
backpropagation

J

i
L(xD),y)

‘x<L>

Ax®

‘_ x(=1) .
Ax (2

N

<(0)
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Computing gradients

The energy J is the sum of the losses
associated to each training example (=% yi}

N
— Z E(xz(-L), v, W
i=1

Its gradient with respect to each of the network’s
parameters w Is:

BJ(W) = 9L(xM,y; W)

ow ow

i=1
IS how much J varies when the parameter w Is varied.
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Computing gradients

We could write the loss function to get the gradients as:

L(xD)y; W) = L(f D) (x L= W) y)

If we compute the gradient with respect to the parameters of the last layer
(output layer) W, using the chain rule:

o oL oxB oL afB(xE-1 wik)
OWIE) — ox(I) gWE) — gx(L) OW (L)

(How much the cost changes when we change W' is the product between how much
the loss changes when we change the output of the last layer and how much the
output changes when we change the layer parameters.)
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Computing gradients: loss layer

If we compute the gradient with respect to the parameters of
the last layer (output layer) W', using the chain rule:

oL oL ox (L) oL of) (x(L_l) : W(L))
WD) — 9x(D)  gW@) — gx@) W (L)
1 N
For example, for an Euclidean loss: Will depend on the
1 2 layer structure and
L(x(L),y) =3 Hx(L) - sz non-linearity.

The gradient Is:

oL
_ (L) _
ox@ — % Y
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Computing gradients: layer [

We could write the full loss function to get the gradients:

LB, y; W) = L(fP (.. fO(FD (D, WD), W), .. W), y)

If we compute the gradient with respect to wi, using the chain rule:

oL oL  ox  ax(T-1)  gx(H)  gx®)
OWE) — 9x@)  9xT-D sxE-2 " ax® oW
ai) D (-1 W)
ox W

And this can be

. . This Is easy.
computed iteratively! Y
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Backpropagatlon
oL  oxL)  ox(IL-1)  gx(+1)  gx@)
aw<L> T ox(D)  oxIT-D) T ox(T=2) T ax(®) T WO

9F D (x=1 W)
OW ()

3x(l)

ITf we have the value of
layer below as:

we can compute the gradient at the

ox()

oL oL ox ()
ox(-1) — ox()  gx(-1)

7+ N

Gradient  Gradient Af O (x(t-1) W)
layer |1 layer | ox(-1)
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Backpropagation

f(l+1)

oL
x () ax®

Hidden layer [

x(—1) oL
Ox(-1)

f(l—l)

Forward Backward
pass pass

— Goal: to update parameters of layer [
* Layer [ has two inputs (during training)
xU=1) =

e
ax®

* We compute the outputs

x) = fO(x=D W)
oL ofW(xt-1 w)
—) = :

8x(l 1) ax®) Ox(1=1)

* To compute the output, we need:

af 0 (x0-1, W)
Ox(-1)

* To compute the weight update, we need:

af 0 (x0-1), W)
OW ()
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: — Goal: to update parameters of layer [
Backpropagation

* Layer [ has two inputs (during training)

xU=1) =
oL
[+1
f( ) %) o
oL
* We compute the outputs
x () ox) P P

— x() = FO(x=D) W)
oL oL  afV (-1, W)

Hidden layer [

x=D | oc = 5x0D " x0T oxCD
Ox(1—1)
£0-1) * The weight update equation Is:
oL oL AfW(xt-D W)
Forward Backward WO — gx0) TWO
Pass Pass

oJ )T (sum over all training

(0 ()
WY+ W + n<8w(l) examples to get J)
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Backpropagation Summary

« Forward pass: for each training example, (output)
compute the outputs for all layers:

x(O) = fO) (x=1) W)

« Backwards pass: compute loss derivatives
iteratively from top to bottom:

oL oL 9fV(xt-1 W)
ax0-1 — gx® x(—1)

« Compute gradients w.r.t. weights, and
update weights:

oL oL  9fV(xt-H, W)
WO — ax(® AW
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Differentiable programming

Deep nets are popular for a few reasons:

1. High capacity

2. Easy to optimize (differentiable)

3. Compositional “block based
programming”

An emerging term for general models with
these properties is differentiable

programming.

6 Yann LeCun

OK, Deep Learning has outlived its usefulness as a buzz-phrase.
Deep Learning est mort. Vive Differentiable Programming!

f{+#) Thomas G. Dietterich
) Do  Fotlowing _

DL is essentially a new style of
programming--"differentiable
programming"--and the field is trying to
work out the reusable constructs in this
style. We have some: convolution,
pooling, LSTM, GAN, VAE, memory
units, routing units, etc. 8/

ssrenees 194Lies PBEOSOD SO
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Differentiable programming

Deep learning Differentiable programming
oL oL
Xout 8x°‘1t Xout axout

PyTorch

TensorFlow ™
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Differentiable programming

Where is
e > LSTM couch )

count -| where color

- Parser (— Layout

- —-—--| dog

[Figure from “Neural Module Networks”, Andreas et al. 2017]
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Convolutional
Neural Networks



Convolutional Neural Networks

LeCun et al. 1989

Neural network with specialized connectivity

Tallored to processing natural signals with a grid topology (e.g., iImages).

C3:f. maps 16@10x10

C1:feature maps S4:f. maps 16@5x5
g‘é':é-‘g 6@28x28 ¢

6@14x14

|
| FuIIconrl.ection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection
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Image classification

Classitier —['Fish’]

Image X label vy
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‘ Sl Classifier S S
= [Ei]




Bird

= o Classifier B 2
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m 4 ,‘\4 )w f
=
Q
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Training data

X

S

Yy

“Bird”

“Bird”

11 Sky 124

What's the object class of the center pixel?

A
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(Colors represent one-hot codes)

This problem is called semantic segmentation
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m 41 ,’\4 )W ,‘%
) ) w
S

Translation invariance: process
each patch in the same way.

An eqguivariant mapping:
f(translate(x)) = translate(f(x))
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il

W computes a weighted sum of all pixels in the patch

0w =0

O

W is a convolutional kernel applied to the full image!
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Convolution




Fully-connected network

Fully-connected (fc) layer
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Locally connected network

Often, we assume output is a
local function of input.

If we use the same welights

(weight sharing) to compute
each local function, we get a
convolutional neural network.
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Convolutional neural network

Conv layer

|
|
—

ejelelel o
d

g@gmﬁg

Often, we assume output is a
local function of input.

If we use the same welights

(weight sharing) to compute
each local function, we get a
convolutional neural network.
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Weight sharing

Conv layer

TLNKLLL]

Often, we assume output is a
local function of input.

If we use the same welights

(weight sharing) to compute
each local function, we get a
convolutional neural network.

173



Linear system: y = f(X)

A linear function f can be written | It can also be represented as a fully

as a matrix multiplication: connected linear neural network
Y |F X
n indexes rows, |s the strength of the connection
k indexes columns h[Tl, k] between x[k] and y[n]




Convolution

A linear shift invariant (LSI)

function f_ can be_ written It can also be represented as a
as a matrix multiplication: convolutional layer of neural net:
h[-1
h[0]
vV |= ey X
_ n indexes rows, _ |s the strength of the connection
h[n k] k indexes columns h[n k] between x[k] and y[n]




Toeplitz matrix

;

g
h

\ i

b

>Q e

C

b
a
f
g

d

~~ Q o0

(1) + (1)
e.g., pixel image
® Constrained linear layer (infinitely strong regularization)

® Fewer parameters —> easier to learn, less overfitting
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x(+1) x ()
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x(+1) x (D)
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Conv layers can be applied to arbitrarily-sized inputs
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Five views on convolutional layers

1. Equivariant with translation (stationarity) f(translate(x)) = translate(f(x))

2. Patch processing (Markov assumption) s IWQV

3. Image filter

4. Parameter sharing

b. A way to process variable-sized tensors
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What if we have color?

(aka multiple input channels?)



Multiple channels

Conv layer

Y = E :WCOXC
C

RNXC%RNX1

:

0000
x| O000@®
C000

>Hlel Jolo
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Multiple channels

Conv layer

O
00-&——|wi}- § Vi = Y Wk, 0Xc
O
00% o0 c
3% 3
NxC N XK
000 @O
000 00 R — R
X Y
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Multiple channels

Conv layer

YL — E :wchXc

RNXC —>RNXK

B

90000000
00000000
00000e0e0oe

< 00000000

P



2-dimensional output
Input features A bank of 2 filters feature maps

: OO F1 )3 —»)

|

RHXWXC(” _ RHXWXC(H'I)

[Figure modified from Andrea Vedaldi]
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Feature maps

EEPER Z

convl

ﬂ BEpEnZ

it
A%y

relul conv2 relu2

e Each layer can be thought of as a set of C feature maps aka channels
¢ Fach feature map is an NxM image

Image source: https://stackoverflow.com/questions/45678473/convolution-neural-networks-all-feature-maps-are-blackpixel-value-is-0



Multiple channels: Example

X X(1+1)

128
Filter Bank with
3x3 filters
128

3 96

128

128

How many parameters does each filter have?

(a) 9 (o) 27 (c) 96 (d) 864



Multiple channels: Example

X]

128

128

3

Filter Bank with
3x3 filters

How many filters are in the bank?

(a) 3 (b) 27

(c) 96  (d) can't say

X(1+1)

96

128



Filter sizes

When mapping from
X, € RHXWXCZ N X(141) c RHXWXC(H_D

using an filter of spatial extent M x N

Number of parameters per filter: M x N x

Number of filters: C;4 1)



Pooling and downsampling

\We need translation and
scale invariance




Image pyramids




Gaussian Pyramid




Multiscale representations are great!

‘ 56 1 28

512 2

Gaussian Pyr Laplacian Pyr

How can we use multi-scale modeling in Convnets?



Steerable Pyramid

—» L > D—» 92 B




Pooling

Filter Pool

Max pooling

Zr = max :
SeNG) Q(yj)

2 00000000
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Pooling

Filter

Pool

Max pooling

zr = max ¢(y;)
" JEN(F) (v
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Pooling — Why?

Pooling across spatial locations achieves
stability w.r.t. small translations:

197



Pooling — Why?

Pooling across spatial locations achieves
stability w.r.t. small translations:

large response
regardless of exact
position of edge

198



Pooling — Why?

Pooling across spatial locations achieves
stability w.r.t. small translations:

199



CNNs are stable w.r.t. diffeomorphisms

[“Unreasonable effectiveness of Deep Features as a Perceptual Metric”, Zhang et al. 201
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Pooling — Why?

Pooling across feature channels (filter outputs)
can achieve other kinds of invariances:

large
response for
any edge,
regardless of
Its orientation

[Derived from slide by Andrea Vedaldi]
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Computation in a neural net

< \ AN
& S 5
— — o — ="clown fish”

f(x) = fo(... f2(f1(x)))
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Downsampling

Filter Pool and downsample

N OOO!OOOO
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Downsampling

Filter Downsample

O

O
O
0O
Z
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Strided convolution

Conv layer
o —JwE=——0-0
O~ - Stride 2 Strided convolutions combine
X 8 -0 convolution and downsampling
@) o0-O INto a single operation.
O
O

y 9(y)
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Computation in a neural net

Q} N @Q s\\\\
S\ &°
¢ & °
O e )
2 QO '
—_ — ::I B’HC|OWI’1 fish”

f(x) = fo(... f2(f1(x)))
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Receptive fields




Receptive fields

Pool and . Pool and
8 downsample by 2 3x1 Filter downsample by 2
O
O
O o, O
O O O
o —@— O O
o —————0- —Q
y | & — & O
| @ O
O O

RF =RF*2 RF = RF + floor(3/2)*2 RF = RF*2

k kernel size k

OO

scale factor
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Effective Receptive Field
Contributing input units to a convolutional filter. @jimmfleming // fomoro.com

Input Features T
7012 Convolution [ |

Each filter sees 7 input units

Convolutional Features _
2 // 2 Max Pool -

Each filter sees 9 input units

Max Pool Features __________ -

3 //1 Convolution T N
Each filter sees 17 input units
£ - """ Features .

Conv1D Filter [

S - Padding or Stride | |

Convolutional Features | - Receptive Field [

[http://fomoro.com/tools/receptive-fields/index.html]
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http://fomoro.com/tools/receptive-fields/index.html
http://fomoro.com/tools/receptive-fields/index.html
http://fomoro.com/tools/receptive-fields/index.html
http://fomoro.com/tools/receptive-fields/index.html

Ax=1 Ax=16 1
250 250 250 c
0
©
200 200 200 S 0.05|
o
150 150 150 S
()}
N
100 100 100 g 0.9
50 50 50 =
0.85 . .
0! 0 0 0 100 200 300
0 100 200 0 100 200 0 100 200 A x (pixels)

Fig. 1. (a) Scatterplots of pairs of pixels at three different spatial displacements, averaged over five examples images.
(b) Autocorrelation function. Photographs are of New York City street scenes, taken with a Canon 10D digital camera,
and processed in RAW linear sensor mode (producing pixel intensities are in roughly proportional to light intensity).
Correlations were computed on the logs of these sensor intensity values [41].

[http://6.869.csail.mit.edu/fal8/notes/simoncelli2005.pdf]
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CNNs - Why?

Statistical dependences between pixels decay as a power law of distance
between the pixels.

It is therefore often sufficient to model local dependences only. —> Convolution

More generally, we should allocate parameters that model dependences In
proportion to the strength of those dependences. —> Multiscale, hierarchical
representations

[For more discussion, see “Why does Deep and Cheap Learning Work So Well?"”, Lin et al. 2017]
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CNNs - Why?

Capturing long-range dependences:

213



Alexnet — [Krizhevsky et al. NIPS 2012]

s | - ‘ 192 192 128 2088 \ / 2048 \dense
5 27 128 ‘13% 13 \ 13 ] _
224 s| | 43\1 L34_3\ 43\ - » N
O A = =
2241 Strld Max 128 Max . . - :’4:;‘“9 2098 2048
Uof 4 pooling pooling
FULL CONNECT [227x227x3] INPUT | |
EULL 4096/ReLU [55x55x96] CONV1: 96 11x11 fllters at str.lde 4,pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
FULL 4096/RelU o
[27x27x96] NORM1: Normalization layer
N":'l“ £°“"° [27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 [13x13x256] MAX
e i POOLZ: 3x3 filters at stride 2
CONV 3x3ReLU 384fm [13x13x256] NORM2: Normalization layer
CONVIX3/IReLUS84Im " 13513x384] CONV3: 384 3x3 filters at stride 1, pad 1 [13x13x384] CONV4:
~ MAX POOLING 2x2sub 384 3x3 filters at stride 1, pad 1 [13x13x256] CONV5: 256 3x3 filters at
LOCAL CONTRAST NORM stride 1, pad 1
CONVIIXTIReLU2S8Im ™ [5x6x256] MAX POOL3: 3x3 filters at stride 2
MAX POOL 2x2sub [4096] FC6: 4096 neurons
. LOCAL CONTRAST NORM [1096] FC7: 4096 neurons
CONV 11x11/ReLU 96fm

[1000] FC8: 1000 neurons (class scores)
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48
5
224 s | TR
N
224 Stl’ld Max .
of 4 pooling
3 48

What filters are learned?

27

128

27

128

%i' 192 192 2048 2048
e \13
13 T dense| [dense
192 192 128 Max | |
vax pooling 2048 2048
pooling

dense

1000
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What filters are learned?

216



Get to know your units

.

A

11x11 convolution kernel
(3 color channels)

217



Get to know your units

fx
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Get to know your units




Get to know your units




Get to know your units

=




Get to know your units
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Get to know your units
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Get to know your units

EoEEEPENE
ANNELEEENENL
B EEENEEE
FEETEEEF G
VSl liilESs
Tl Erd HE1-
MEN=FNZS R ‘
NLSZSZasSE :

==zl ENNNES I

96 Units in conv1




Gabor wavelets

2
x2+y

2 cos(ZJmox)

20

=ée

Y. (x,y)

Uo

225



226



Comparing Human and Machine Perception

: Structure Operations 2D Fourier Plane
I (y.tA)
World
i, ; Low-pass spatial filterin
- f""c'—'%"' Optics ek s g
el e ll
\v hu
4 k.
\_R( T :
\ /4 Sampling, more low-pass
&.‘ ;,,-’J Photoreceptor filtering, temporal low/bandpass
-Q.‘.____// Array filtering, A filtering, gain control,
Py e response compression
I
lll ||}I| III
TR
Iy b '4.\' .
L N Spapoterppora! bandpass
i ) [ LGN Cells filtering, 4 filtering, multiple
//““‘" N parallel representations
W
/ W
Wy
I
l|| Simple cells: orientation,
\ v phase, motion, binocular
s . . A . .
\ oy . . . disparity, & A filterin
e — IIJI Primary Visual Cortical Ry, g o
‘.,,f 4 Neurons: A
i Simple & Complex Complex cells: no phase ! e
N o filtering (contrast energy 2 ‘5 ‘ .
FIGURE 1 Schematic overview of the processing done by the early visual system. On the left, are some of the major
structures to be discussed; in the middle, are some of the major operations done at the associated structure; in the right,
are the 2-D Fourier representations of the world, retinal image, and sensitivities typical of a ganglion and cortical cell.
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36. NO. 7, JULY 1988

VOL.

IEEE TRANSACTIONS ON ACOUSTICS, SPEECH, AND SIGNAL PROCESSING,

2D Receptive Field

2D Gabor Function
Difference

886 | ‘uewbneq uyor

illustrations of empirical 2-D receptive field profiles

measured by J. P. Jones and L. A. Palmer (personal communication) in
simple cells of the cat visual cortex. Middle row: best-fitting 2-D Gabor
elementary function for each neuron, described by (10). Bottom row:

Fig. 5. Top row:

residual crror of the fit, indistinguishable from random error in the Chi-

squared sense for 97 percent of the cells studied.
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Deep Neural Networks for Visual
Recognition

2012: AlexNet 2014: VGG 2015: GoogleNet
b conv. layers 16 conv. layers

2016: ResNet
>100 conv. layers

Error: 4.4%
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2012: AlexNet
5 conv. layers

11x11 conv, 96, /4, pool/2

v

5x5 conv, 256, pool/2

3x3 conv, 384

v

3x3 conv, 384

v

3x3 conv, 256, pool/2

fc, 4096

v

fc, 4096

v

fc, 1000

Error: 15.3%
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16 conv. layers

2014: VGG

3x3 conv, 64

\

3x3 conv, 64, pool/2

3x3 conv, 128

v

3x3 conv, 128, pool/2

<«

3x3 conv, 256

<«

3x3 conv, 256

<«

3x3 conv, 256

<«

3x3 conv, 256, pool/2

<«

3x3 conv, 512

<

3x3 conv, 512

<«

3x3 conv, 512

v

3x3 conv, 512, pool/2
\ 4

3x3 conv, 512

v

3x3 conv, 512

v

3x3 conv, 512

v

3x3 conv, 512, pool/2

fc, 4096

4

fc, 4096

v

[
l
l
l
[
[
[
[
[
[
[
[
I
I
[
I
l
l
I

fc, 1000

]
I
l
|
l
]
J
J
J
l
]
I
]
)
]
I
|
l
J

Error: 8.5%

VERY DEEP CONVOLUTIONAL NETWORKS
FOR LARGE-SCALE IMAGE RECOGNITION
https://arxiv.org/pdf/1409.1556.pdf

Small convolutional kernels: 3x3
Rel.u non-linearities
>100 million parameters.

D=64 Pool
ConwN
D=128
D=256
77 VGG
D=512

D=1096 D=4096 D=1000

I | | . [ 7 ( ) —
224x224  112x112 56X56 28x28 14x14 FC FC FC + Softmax
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Chaining convolutions

3x3 3x3 bxb
O —_
25 coefficients, but only
18 degrees of freedom
O =

9 coefficients, but only
6 degrees of freedom.
Only separable filters... would this be enough? 232



Dilated convolutions

(a) Input

bxb

3x3 alO0O|lb]O]c

0O1J]0]J]0O0]10O0]O0
O|ld|O]e]|]O]| f

0O1J]0]J]0O0]10]O0
glO|h|O]i
25 coefficients
9 degrees of freedom

H B B

H B B

H B B

(b) Dilation 2 (¢) Output

X7

49 coefficients
18 degrees of freedom

\What Is lost?

[https://arxiv.org/pdf/1511.07122.pdf]
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(a) (b)

Figure 1: Systematic dilation supports exponential expansion of the receptive field without loss of
resolution or coverage. (a) F; is produced from Fj by a 1-dilated convolution; each element in F}
has a receptive field of 3 x 3. (b) F3 1s produced from F3 by a 2-dilated convolution; each element
in F5 has a receptive field of 7x 7. (c) F3 is produced from F5 by a 4-dilated convolution; each
element in F3 has a receptive field of 15 x 15. The number of parameters associated with each layer
is identical. The receptive field grows exponentially while the number of parameters grows linearly.

[https://arxiv.org/pdf/1511.07122.pdf]

234


https://arxiv.org/pdf/1511.07122.pdf
https://arxiv.org/pdf/1511.07122.pdf
https://arxiv.org/pdf/1511.07122.pdf

2016: ResNet

>100 conv. layers Deep Residual Learning for Image Recognition

oy https://arxiv.org/pdf/1512.03385.pdf

i

"H

oooooo

: weight layer
F(x) l relu -
weight layer identity

Figure 2. Residual learning: a building block.

—

Errorﬂ:‘4.4%
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If output has same size as input:

weight layer

lrehj

weight layer

X
identity

If output has a different size:

F(x)

X
weight layer
lrehj

weight layer

weight layer

;7?()() -+ W x relu
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Other good things to know

e Check gradients numerically by finite differences
e \/Isualize hidden activations — should be uncorrelated and high variance

samples

hidden unit

Good training: hidden units are sparse across samples and across features.

[Derived from slide by Marc'Aurelio Ranzato]
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Other good things to know

e Check gradients numerically by finite differences
e \Isualize hidden activations — should be uncorrelated and high variance

i o
|
i
r

q

hidden unit

Bad training: many hidden units ignore the input and/or exhibit strong correlations.

[Derived from slide by Marc'Aurelio Ranzato]
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Other good things to know

e Check gradients numerically by finite differences

e \Isualize hidden activations — should be uncorrelated and high variance

e \isualize filters

too noisy too
correlated

lack
structure

Good training: learned filters exhibit structure and are uncorrelated.

[Derived from slide by Marc'Aurelio Ranzato]

239



Normalization layers

h Norm RelLU

W
eJelelelely
W

Elhg
Var[hk]

hi — E[hg]
\/Var|hg]

>
&
]
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Batch processing




"Tensor flow"

x(l+1) 6 RNbatchXH(l+1) X W(l+1) xC(l+1)

x(l) i RNbatchXH(l) XW(l) XC(l)

AVAVAYAVEY 4

(r+M X (4 H

L L L L LS

M X (pH
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Normalization layers

Batch Norm

H,W
VA A A 5 T
VA0 A A A

Normalize w.r.t. a single hidden unit’s pattern of activation over training
examples (a batch of examples).

[Figure from Wu & He, arXiv 2018]
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Normalization layers

Batch Norm Layer Norm

H,W

VA L T

() L

H, W

AN

Normalize w.r.t. the mean and variance of the activations of all the hidden units
(neurons) on this layer (c).

[Figure from Wu & He, arXiv 2018]
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Normalization layers

Batch Norm Layer Norm Instance Norm

H,W

V7 L S

() L

H, W
H,W

VA A A A

) ASSREES

AN

VA 7 AN A7

Normalize w.r.t. the mean and variance of the activations of all the hidden units
(neurons) on this layer (c) that process this particular location (h,w) in the image.

[Figure from Wu & He, arXiv 2018]
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Normalization layers

Batch Norm Layer Norm Instance Norm Group Norm

H,W

V7 L S

() L

H, W
H,W

VA A A A

) ASSREES

H,W

VA T T W
VA AT S S T

AN
RSN
AR

AR

VA 7 AN A7

L A TR T

Might as well...

[Figure from Wu & He, arXiv 2018]
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Vision Transformers



Recap of Transformers

* Three key ideas
* Tokens
« Attention
« Positional encoding

Output
Probabilities
)
|  Softmax |
1
[ Linear
(
| Add & Norm ]4-\\
Feed
Forward
—
s ] B | Add & Norm Je~
—{Add & Norm ) Multi-Head
Feed Attention
Forward T 7 7 N x
{ ( J~
Add & Norm
N x I
~—>| Add & Norm | e
Multi-Head Multi-Head
Attention Attention
At At
O J . — )
Positional Positional
Encodi 4 & -
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Tokens: A new data structure

» A token is just transformer lingo for a vector of neurons (note: GNNs also operate over
tokens, but over there we called them “node attributes” or node “feature descriptors”)

» But the connotation is that a token is an encapsulated bundle of information; with
transformers we will operate over tokens rather than over neurons

array of neurons array of tokens

PS
OO0000O
e+
|OO0O00] [OO00] [©OO0]
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Tokens: A new data structure

» A token is just transformer lingo for a vector of neurons (note: GNNs also operate over
tokens, but over there we called them “node attributes” or node “feature descriptors”)

» But the connotation is that a token is an encapsulated bundle of information; with
transformers we will operate over tokens rather than over neurons

set of neurons set of tokens

[O000O] [OO0O] [OOOO]
[O000O] [OO0O] [OOOO]
[O000O] [OO0O] [OOOO]

P
0000
0000
0000
0000

e+

|OO0O0O0] [OO00] [©OO0]
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Tokenizing the input data

tokens ‘ e.g., linear projection

.
.
.
.
"""
nus®

patches ‘

* \When operating over neurons, we represent
the input as an array of scalar-valued
measurements (e.q., pixels)

* \When operating over tokens, we represent
the input as an array of vector-valued

. measurements
INnput
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Tokenizing the input data

* You can tokenize anything.

» General strategy: chop the input up into chunks, project each chunk to a vector.

tokens

patches

input

tokens

byte pairs

input

J | J |
Pt

bt
[Th][re] ... [wl][.]
bt bt

Three guineafowl.

tokens

sound
snippets

input

)
"

252



Transformer Architecture

e Introduces the self attention mechanism

* No locality bias, 1.e. long-distance context has
"equal opportunity” as compared to LSTMs

« more efficient than RNNs/LSTMs

It breaks down the recurrent structure
 Single multiplication per layer

Transformer LSTM

X00 | X01 | X02 | X023 X 00|| X01 [|[X02 | X023
X | W X | W

X_10 X_11 X_12 X_13 X_10 X_11 X112 X_13

Output
Probabilities

Add & Norm

Feed

!

Forward
4 ﬁ—\ Add & Norm
| Add & Norm | =
Rt N Multi-Head
Feed Attention
Forward 7 J) N x

N——

Add & Norm <

Nx
f->| Add & Norm | Nacke
Multi-Head Multi-Head
Attention Attention
L L S
&_‘ J \. ‘_J)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

A. Vaswani et al. Attention Is All You Need. In NeurlPS 2017 253



Transformer Architecture

Multi-headed Self-Attention
Meaning the input sequence is used to create

queries, keys, and values!

Each token can "look around" the whole input, [ ]
and decide how to update its representation
based on what it sees.

Multi-Head
Attention
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Transformers

e Transformers takeover the communities since their introduction.

Output
Probabilities

Output

Output
Probabilities

Probabilities

Add & Norm

Output
Probabilities

Add & Norm

Output
Probabilities

Add & Norm

Add & Norm Add & Norm
Add & Norm Add & Norm Add & Norm Add & Norm Add & Norm
(Add & Norm ] (Add 8 Norm ] (Add & Norm ]
o) Multi-Head deeo) Multi-Head it o Multi-Head it o) Multi-Head e o) Multi-Head
Attention Attention Attention Attention Attention
Nx Nx Nx Nx Nx
Nx Add & Norm Nx Add & Norm Nx Add & Norm Nx Add & Norm Nx Add & Norm
Add & Norm Wasked Add & Norm Wasked Add & Norm Masked Add & Norm Masked Add & Norm Wasked
Multi-Head Multi-Head Multi-Head Multi-Head Multi-Head Multi-Head Multi-Head Multi-Head Multi-Head Multi-Head
Attention Attention Attention Attention Attention Attention Attention Attention Attention Attention
A 2 A y A 2 A 2 A ) A y) A 2 A y) A 2 A y)
\ 2/ \ 2/ \ ) \. ) \ 2/
Positional A Positional Positional A Positional Positional A Positional Positional A Positional Positional A Positional
Encoding Encoding Encoding Encoding Encoding Encoding Encoding Encoding Encoding Encoding
Input Output Input Output Input Output Input Output Input Output
Embedding Embedding Embedding Embedding Embedding Embedding Embedding Embedding Embedding Embedding
Inputs Outputs Inputs Outputs Inputs Outputs Inputs Outputs Inputs Outputs
(shifted right) (shifted right) (shifted right) (shifted right) (shifted right)

Computer
Vision

Natural Speech

Lang. Proc.

Reinf.
Learning

Graphs/
Science
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Image credit: Noe Casas

Pre-training in NLP (before Transformers)

I:’("\’nlwn-2:n+2) T4 T2

</s>
(eleleY®) S
TALRToTia soﬁ|ma ] softlma softmax
Sofimax — — :I:
project. ) L project. J project.
©000) T | T
embed: embeds embeds
/ + \ [ [ [
SN /R
Ol 1O Ol 1O Model
o| |0 ol |0
Ol 1O o o N
09 99
Wn-2 Wn-1 wn+1 Wn+2
word embeddings contextualized
word2vec word embeddings via LM
[Mikolov et al., 2013] ELMo

[Peters et al., 2018]

* Word embeddings = Contextualized word embeddings
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Image credit: Noe Casas

Pre-training in NLP (during Transformers)

| he | | will | | br | | late | | [SEP] | | you | | should | | leave | | now | | [SEP] | Output tokens
f f i f f 1 f
(SOﬁmaX] [SOﬁmaX] [soﬁmax][soﬁmax] (soﬂmax] (soﬁmax] [soﬂmax] (soﬁmax] (soﬁmax] (soﬁmax]

ro'ect.] (project,] [project.] (project.] [project. ] (project.] (project.] (projeot.] (pro'ect.] (project.]

T (pro j

® ¢ P P P P P é P

{ Self-attention Layers
Token CLS h MAS b Jat SEP) MAS [SEP
embeddings [ ] © [ i © ate [ ] ! Al ]
+ + + + + +

Positional
iciri- B | BRI | || || || || |F | : |

+ + +
Segment
el 7 | | I e |

. 15% of tokens
contextualized get masked

word embeddings via
masked LM +

next sentence prediction

BERT
[Devlin et al., 2019]

* \Word embeddings = Contextualized word embeddings = Transformers
* Transformer-based models take over the language modelling / NLP domain
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Pre-training in Vision (during Transformers)

Many prior works attempted to introduce ViSion Tra nSfO rmer
self-attention at the pixel level. @ .
_— Bird MLP (VIT)
For 224px*, that's 50k sequence length, too much! il <
ar
Thus, most works restrict attention to local \__/

pixel neighborhoods, or as high-level
mechanism on top of detections.

The key breakthrough in using the full 5
Transformer architecture, standalone, was to Pa,f;ﬁ,':;eﬁgi,‘,‘g’“ > (o[ @) @) 6]

" 1ze" I I iti * Extra learnable
tokenize" the image by cutting it into [clatss] embedding [ Linear Projection of Flattened Patches
patches of 16px*, and treating each patch as a |

token, e.g. embedding it into input space.

Transformer Encoder

E

Transformer-based models take over the
vision domain!

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 258



Vision Transformer (ViT)

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

.\‘_

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

N input patches, each : 5 E : W ;, -
of shape 3x16x16 g ‘ ..  Ben

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021




Vision Transformer (ViT)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

Add positional
embedding: learned
D-dim vector per position

1

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

Output vectors

Exact same as

NLP Transformer! Transformer

Add positional
embedding: learned
D-dim vector per position

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

Output vectors

Exact same as

NLP Transformer! Transformer
Add positional Special extra input:
embedding: learned [ classification token

D-dim vector per position 4 (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

Linear projection
to C-dim vector
of predicted class

scores
Output vectors

Exact same as

NLP Transformer! Transformer
Add positional Special extra input:
embedding: learned [ classification token

D-dim vector per position 4 (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

Computer vision model with Linear projection

no convolutions! to C-dim vector
of predicted class
SCcores

Output vectors

Exact same as

NLP Transformer! Transformer

Special extra input:
classification token
(D dims, learned)

Add positional
embedding: learned
D-dim vector per position

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

Computer vision model with Not quite: With patch size p, first layer
no convolutions! Is Conv2D(pxp, 3->D, stride=p)

Output vectors

Linear projection
to C-dim vector
of predicted class
scores

Exact same as

NLP Transformer! Transformer

Add positional
embedding: learned
D-dim vector per position

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Special extra input:
classification token
(D dims, learned)



Vision Transformer (ViT)

Computer vision model with Not quite: MLPs in Transformer Linear projection

no convolutions! are stacks of 1x1 convolution to C-dim vector
of predicted class
SCcores

Output vectors

Exact same as

NLP Transformer! Transformer

Special extra input:
classification token
(D dims, learned)

Add positional
embedding: learned
D-dim vector per position

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT)

In practice: take 224x224 input image, Each attention matrix has 144 = 38,416
divide into 14x14 grid of 16x16 pixel entries, takes 150 KB
patches (or 16x16 grid of 14x14 patches) (or 65,536 entries, takes 256 KB)

Output vectors

Linear projection
to C-dim vector
of predicted class
scores

Transformer

Exact same as
NLP Transformer!

|

Add positional
embedding: learned
D-dim vector per position

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Special extra input:
classification token
(D dims, learned)



Vision Transformer (ViT)

In practice: take 224x224 input image, With 48 layers, 16 heads per
divide into 14x14 grid of 16x16 pixel layer, all attention matrices
patches (or 16x16 grid of 14x14 patches) take 112 MB (or 192MB)

Output vectors

Linear projection
to C-dim vector
of predicted class
scores

Transformer

Exact same as
NLP Transformer!

|

Add positional
embedding: learned
D-dim vector per position

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Special extra input:
classification token
(D dims, learned)



ViT vs CNN

In most CNNs (including
ResNets), decrease resolution
and increase channels as you
go deeper in the network
(Hierarchical architecture)

Stage 3:
256 x 14 x 14 |

Useful since objects in images
can occur at various scales

Stage 2: |
128 x 28 x 28 |

Stage 1: |
64 x 56 x b6 |

Input:
3X224 x 224 | |




ViT vs CNN

! ! ! !

Layer Normalization

In most CNNs (including

ResNets), decrease resolution B—— : E— _
: e | [mee | (v [mie] 31 plock:
and increase channels as you Lt _t 268 x 14 x 14
| go deeper in the network Ly ol e
| (Hierarchical architecture) 9 |
Stage 3 | _‘ . Seltf—Attentut)n . ‘
256 x 14 x 14 | Useful since objects in images S
[ can occur at various scales Layer Normalization
i —
: \ M:LP || MILP | | MILP | | MILP | S
. 2"9 block:
Stage 2 | Layer Normalization 768 X 14 X 14
128 x28x28 | In a ViT, all blocks have —0
| same resolution and B B
| number of channels - S -
: (Isotropic architecture) Layer Normalization
Stage 1: | E— st _
64 x 56 x 56 l \MILP\ \MILP\ \MILP\ \MILP\ 15t block:
| /68 x 14 x 14
| Layer Normalization
| . | ‘ Self-Attention ‘
nput: [ S S — Input:
3 X224 x224 | | e 3 % 224 x 224

273



ViT vs CNN

Stage 3:
266 x 14 x 14

Stage 2:
128 x 28 x 28

Stage 1: |
64 x 56 x b6 |

Input:
3X224 x 224 | |

In most CNNs (including
ResNets), decrease resolution
and increase channels as you
go deeper in the network
(Hierarchical architecture)

Useful since objects in images
can occur at various scales

In a VIT, all blocks have
same resolution and
number of channels

(Isotropic architecture)

Can we build a hierarchical ViT model?

! ! ! !

Layer Normalization

i

| ]
M| [mep | e | ML

Layer Normalization

|

Self-Attention

t t t t

! ! ! !
! ! ! !

Layer Normalization

L

[ |
‘Mp | (mep | e | MLP
t f

Layer Normalization

|

Self-Attention
1 f f f

! ! ! !
! ! ! !

Layer Normalization

i

I |
‘MW“MW“MW“MW‘

Layer Normalization

|

Self-Attention

t t t t
f f f f

3 block:
768 x 14 x 14

2nd block:
768 x 14 x 14

15t block:
768 x 14 x 14

Input:
3 X 224 x 224



Applications in
Computational Photography



Image Denoising

Noisy Image Residual Image

Conv + RelLU
Conv + BN + RelLU
Conv + BN + RelLU
Conv + BN + RelLU

Conv

Key idea: Residual learning

(Zhang et al., I[EEE TIP 2017) 55



Image Denoising

Clean image = NoISy Image — estimated noise

(Zhang et al., IEEE TIP 2017) ,5;



Image Denoising

Noisy Image Residual Image

Conv + RelLU
Conv + BN + RelLU
Conv + BN + RelLU
Conv + BN + RelLU

Conv

(Zhang et al., IEEE TIP 2017) 55



Image Denoising

Noisy Image Residual Image

Conv + RelLU
Conv + BN + RelLU
Conv + BN + ReLU
Conv + BN + RelLU

Conv

No fully connected layers - can be applied to any input size

(Zhang et al., IEEE TIP 2017) 55



Image Denoising

(a) Ground-truth

(Zhang et al., IEEE TIP 2017) g



Image Denoising

(77

/ﬂl\\ o/ td, - ; N // \\ N
\\\M&“ o &Q\"@ A \\\Y Mg Nl W(&W s\\m\ W 0& Qaa
2 = | ' aad B : ~ r :

‘,\

(a) Ground-truth (b) Noisy / 15.07dB (c) CBM3D / 26.97dB (d) CDnCNN-B / 27.87dB

(Zhang et al., IEEE TIP 2017) 4



Image Denoising

X o e 256 hC
1..N»UYp L 18 KN ||
Input burst
and noise estimate . I; 1
@ convolution layer @ average pooling layer
. . . . Per-pixel
£ skip connection [ bilinear upsampling layer Kernels X1..N

Key ideas:
« Perform denoising in RAW domain considering a burst of images
* (Generates a stack of per-pixel filter kernels that jointly aligns, averages, and

denoises a burst of images. (Mildenhall et al., CVPR 2018 g,



Image Denoising

(a) Reference frame

(c) HDR+ [8]

e

(d) Non-local means [3] (e) VBMA4D [17] (f) Our KPN model
(Mildenhall et al., CVPR 2018

283



Image Denoising

.5

Reference frame (a) Reference  (b) Average (c) HDR+ (d) NLM (e) VBM4D (f) Ours (KPN)

(Mildenhall et al., CVPR 2018 ,g,



Image Deblurring

Backprop

Backprop
m ‘ ‘ ResBlock . SCICCE W ResBlock ﬂ .
B,

| L, S,
l Backprop

> cn-mm- - Em-em e B - B
B3 l‘3 S3

Key idea: Multl-scale processing, I.e., use image pyramid to process and deblur

(Nah et al., CVPR 2017) s



Image Deblurring

Single-scale Multi-scale

(Nah et al., CVPR 2017) g6



ing

Image Deblurr

Single-scale

Multi-scale

(Nah et al., CVPR 2017) ,g



Learned ISP

Traditional

L3

Burst

Amplification Ratio

Black Level
Bayer Raw Output RGB

Key idea: Learn a convnet to enhance extremely low-light images
(Chen et al., CVPR 2018) g5



Learned ISP

i

!

‘flmm “l

Trained on short-exposure (noisy) / long-exposure image pairs
(Chen et al., CVPR 2018) g9



Learned ISP

» Key ideas:

1. A frame-level
enhancement network
that works In a coarse-
to-fine manner

2. Extension of this model
to a burst of dark
Images

Coarse Network

T

e -
\

L.

max-pool

S~

|
Nq
=






Chen et al., 2018
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Learned ISP

Traditional pipeline

29






Learned ISP
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Learned ISP




Low-Light Video Enhancement

* Low-light video enhancement is a challenging task due to issues like severe noise,
reduced contrast, and poor temporal consistency.

» Unlike traditional sensors that capture redundant or noisy information, event cameras
focus on meaningful changes, enabling robust performance in low-light scenarios, and
thus can be used as complementary source of information about the scenes.

-n g4 L% e g s
.'1 -l ax‘)%\;k A:"_ 3 1(3{ ;‘ (‘g % “‘, ‘:
T R s SX T

Input dark video Input events Output enhanced video

Eker et al., EeveeDark: Efficient Event-Guided Video Enhancement in Low-Light Conditions, under review

298



Low-Light Video Enhancement

PreprOCESSing Y ————Amplification Rati
Bayer RAW 2 Y /2B | I e e e e e e e e e i e

1
- 1
Binary U-Net

RAW !

Encoder 1

1

y |

z EA}I--)

» |

g 2 [
g ) = F,fused

p Binary U-Net | t
§ Event 1
g Encoder I Efficient Multi Modal Fusion Block |

Va

tO Sequence of Events tl
| ] L ] 1 |
1

1
Go Gl Gz went Voxel Grouping - o - =
Shallow Encoding and Efficient Binary Fusion
H/2 x W/2 x 4
Shift Encoder
1 s s s
i ow, 2 f ow, 2 i ow, 2 $ ow,2 i o
=l =l =0 =0 Binary U-Net ]
@ 23524_. 2 gga:§<—. 2 gai".g(—a gazg‘ Dercyoder 2
e e 8m5: |2 ¥ F5 ]2 g8 F5 2 =855 <
| 3 |w 2 o : 3 @ : o N 3 |« 2 o : 3 @ : o
D e o = = = [ =
. ° = ;L2 S ooy Fotitrent Enhanced
Y \ 4 \ 4 \4 g T ¥ RAW
EGSG ~ | EGSG - | EGSG - | EGSG - “ Restoration ;
Block [<— 8 Block [<~ 3 Block [<— § | Block <« H Camera ISP

o : 0 : [s) : 0
V| < L& < N = < ] c <
i o Vi @ y o o VA @ -] o VAaw -] a VA ©
H 52855 8,5 2885 D 8L, 5 8885 §Jr‘» 2883 8>

e FE53 3 27982 = 2 Fg&3 T 2 |Falal|

+ 0 + © + o = 5 - .
. t1 I Enhanced

Shift Decoder RGB

Eker et al., EeveeDark: Efficient Event-Guided Video Enhancement in Low-Light Conditions, under review 299



Low-Light Video Enhancement

An Efficient Event-Guided Framework
for Low-Light Video Enhancement

(Supplementary Material)

Eker et al., EeveeDark: Efficient Event-Guided Video Enhancement in Low-Light Conditions, under review



Learned ISP

Exposure .
P Noise Module
Module Noise level
= oise level map
3-8
| }
I
L -: ] -0~
256 512 212 512 1024 256
128 256 512 128
64128 256 64 |
4 464 128 64 4 4
|
. NLF Uosam
psampling 2x2
I Input raw I +Conv 3x3+ReLU
“ = ] Parameters I] Concatenation of
concatenation attention map
Conv 3x3+
! ReLU (x2) I Output raw
I . - . l, I Max-pooling 2x2 = Linear transformation
r' N
256 512 . .
128 200 o1z 256 T256 128 Upsampling 2x2 €3> Adaptive attention
128 64
3264 L Copy and Additi
¢ 2 52 64 324 ] concatenation o on
] Conv 3x3 o Multiplication
Output of noise Noise level
Aperture MOdUIe ] mosule function model

Key idea: deep neural networks as a controllable camera simulator to synthesize raw image data

under different camera settings, including exposure time, 1SO, and aperture.

(Ouyang et al., CVPR 2021) 4,



Learned ISP

GT

(Quyang et al., CVPR 2021) 5,



Learned ISP

Input Exposure Module Noise Module Full Model Ground Truth

HHHH

e
b+

(Ouyang et al., CVPR 2021) 503



Invertible ISP

Overall pipeline

Rendered RGB

........................................

Invertible block [ First split
JPEG simulator [ ] Second split

Forward pass

Coﬁcat
Differentiable T
JPEG Simulator E]\Q\{j
Split

invertible 1 X 1 conv

Invertible block f;

S

J9Ae| Buljdnoa aulyy

Bayer RAW Demosaiced RAW

Inverse pass
Compressed RGB

L=|lf(x) =yl +Alf 7 (y) —x][1,

Key idea: Use invertible neural networks to design the invertible structure and
integrate a differentiable JPEG simulator to enhance the network stability to JPEG



Invertible ISP

Camera RAW

RAW error map

Our rendered RGB Applications

— N

ino

4 dsl

Inverse | ISP f~1

0.50

Image retouching

Other application
(i.e., RAW compression)

Our recovered RAW
(PSNR: 45.26)

(Xing et al., CVPR 2021) 55



Image Denoising via Invertible ISP

Denoise

Neural Raw 5
/') Network Process
Add Shot and
Read Noise T
Noisy Shot and Read Denoised Denoised sRGB
—> Unprocess —> Raw Image Noise Level Raw Image B Toss
sRG]i%mTare;ining Raw Image q /
8 Process
Noise-free sSRGB
Unprocess Raw Process
sRGB Training  Invert Tone Gamma sRGB to Invert WB & Raw I (Denoised) WB and Device RGB Gamma
Image Mapping Decompression  Device RGB Digital Gain aw image Raw Image Demosaiced to sRGB Compression

Key idea: Transform sRGB images into RAW domain and perform denoising there
(Brooks et al., CVPR 2019) 344



Image Denoising via Invertible ISP

- -——a
- ==
- ~-~—a

-
-
-
-
-

- ==
- -
-
P -
- -
- -
- ~~o
- -

- -~

Denoised Raw

4x4x512

8x8x256 8x8x256

16x16x128 16x16x128

32x32x64 32x32x64

64x64x8  64x64x32 64x64x32 64x64x4

Input/Output Convolutional 2x Downsampling 2x Upsampling
Layers Layers Layers Layers

(a) Noisy Input (b) Our Model (BrOOkS et al., CVPR 201 9) 307



Image Denoising via Invertible ISP

(a) Noisy Input, PSNR = 18.76 (b) Ground Truth (c) N3Net [31], PSNR = 32.42 (d) Our Model, PSNR = 35.35

(Brooks et al., CVPR 2019) 345



Image Enhancement

LOW-RES COEFFICIENT PREDICTION §3.1.2 local features L

§3.2 bilateral grid
ﬁ ﬁ . of coefficients
& ..
§3.1.4 fusion
P S

low-res input I §3.1.1 low-level features §* §3.1.3 global features G*

full-res input 1

FULL-RES PROCESSING

§3.4.1 guidance mapg §3.3 sliced coefficients A

Key idea: Learn to imitate a reference operator, work much faster
(Gharbi et al., SIGGRAPH 2017) 54



Image Enhancement

HDR+ 32.7 dB

P Sy A P |
2 A SRS &

reference our output

(cropped) (cropped) difference

(Gharbi et al., SIGGRAPH 2017) 5

input reference our output



Image Enhancement

(Gharbi et al., SIGGRAPH 2017) 4,



Image Enhancement

(Gharbi et al., SIGGRAPH 2017) 5,



Image Enhancement

(Gharbi et al., SIGGRAPH 2017) 55



Image Enhancement - Restormer

HxWxC

3x3
Dconv.

OROROD><=

Multi-Dconv Head

Transposed Attention

Gated Dconv

Feed-Forward Network
[Norm JLayer Normalization

Depth-wise Convolution

Downsample

Upsample

Element-wise Addition
Element-wise Multiplication

Matrix Multiplication

Concatenation
Reshape
GELU Activation

» Key idea: Make the VIT more efficient so that it can be applied for dense

I

3

>

X

(@)X
[Norm|

HxWx2C HxWx3 (]
— q
F, R

1x1
A 4
3x3
Dconv

T
3
>
3
2

1x1

A/
3x3
conv| o

b

Transformer | HXWxC Transformer [ HXWx2C | Transformer
Block | Block | Fy Block |,
HxWxC > HxWx2C Refinement
HxWxC
HWyoc GDEN
Transformer | .2_2 (GDFNJ 4
Block X L2 MDTA
lélx\%[x2C
Skip Connections ngé‘/xzc
H,W
Transformer | 4% X4C Transformer
Block | 5 Block x| 5
x | [ElY
PR (]
AxWxC |£
Traglsfo[(mer
H.W oC
§x§x80 xLg %ngVXSC

3x3

C >(So

CxAW

3x3

[ix1 ] [IxT ] [Ix1]
3x3

|Dconv Dconv| [Dconv,

Transposed-Attention
Map (A)

A A

ftmax CxC

\% AWxE :l AWxC j_ﬁxwxé A
_<R> > x | -

prediction tasks like image enhancement -> a unified architecture
(Zamir et al., CVPR 2022) ;.4

(a)

>

¥



Image Enhancement Restormer

. ---
B

WA g m
Y il Wit i Iv;.l,'w{' iy
g ity by Ly ' iy i PSNR 18.76 dB 20.23 dB 23.66 dB 25.52 dB
| (U " " A SRR Reference Rainy DerainNet [21] SEMI [81] UMRL [87]
Lo [ L A0 i vl i
¥ AR A
WA '.ﬂ.'r R AR
1 i RUAUA W 1 A A
18 76 dB 26.88 dB 27.16 dB 29.86 dB 32.15dB 33.97 dB
Rainy Image RESCAN [43] PreNet [64] MSPFN [32] MPRNet [93] Restormer
-_
PSNR 19.45 dB 23.85 dB 23.56 dB 23.86 dB
— Reference Blurry Gao et al. [23] DBGAN [100] MTRNN [58]
19.45 dB - 24.85 dB 25.20 dB 25.67 dB 24.33 dB 26.96 dB
Blurry Image DMPHN [94] Suin et al. [71] MPRNet [93] MIMO-UNet+ [14] Restormer

(Zamir et al., CVPR 2022) 35



Image Enhancement - Restormer

R R 3
. -~ v
x 2 :— L
b >
= A

PSNR 27.61 dB 31.83 dB 30.12 dB 31.74 dB 32.83 dB
DnCNN [101]  DRUNet [99] DeamNet [63] SwinlR [44] Restormer

Reference

-
Noisy ; 14 81 dB | PSNR 33.83 dB 35.09 dB 34. 86 dB 35.20 dB 35.63 dB
Image Noisy Reference FFDNet [103] DRUNet [99] IPT [ SwinlR [44] Restormer
Noisy 18.16 dB PSNR 31.36 dB 30.25 dB 31.17 dB 31.15dB 31.57 dB
Image Noisy Reference MIRNet [92] DeamNet [63] MPRNet [93] Uformer [80] Restormer

(Zamir et al., CVPR 2022) 36




Deep HDR Reconstruction

Input LDR Images

Alignment with

Optical Flow
1) Direct
CNN
mp Fig.6
HDR Merger

Aligned Images 2) Weight Estimator (WE) .
&

Aligned LDR Images

Estimated
HDR Image

-; ,,‘ » CNN » » Alpha Blend
\ Fig. 6 Eq.6
“LoR  HR Blending Etimated
HDR Merger elghts mage
Aligned Images 3) Weight and Image Estimator (WIE)
CNN ./ Alpha Blend
Fig. 6 [P ﬂ | V% Eq.6
|

Blending Refined
Weights Aligned

HDR Merger

Estimated
HDR Image

HDR Merger
Sec.3.2

Final HDR Image Final Tonemapped
HDR Image

Tonemapper

6 100 100 50 n

Key idea: Cast HDR reconstruction problem
as a learning problem

(Kalantari and Ramamoorthi, SIGGRAPH 2017) 55



Deep HDR Reconstruction

—~

LR Images OurTonemapp HDR Image Kang (40.02 dB) Sen (46.12 dB) Ours (48.88 dB) Ground Truth

(Kalantari and Ramamoorthi, SIGGRAPH 2017) 55



Deep HDR Reconstruction

Kangetal. Ohetal Sen et al. Hu et al. Ours Ground

37.24 36.27 41.85 38.23 43,58 Truth
(Kalantari and Ramamoorthi, SIGGRAPH 2017) 59




Deep HDR Video Reconstruction

___________________________________________ -
I
- I
Flow; ¢4 I
I
I
: I
- b b
A Aligned LDR,_,
1-S1 - i (Zt—1->t)
Encoder —» Multi-size _ Decoder H.DR domain
Large Kernel Alignment Loss
Y
' Reconstructed HDR
Flow Net R t
FlOWt_)t+1 |
Aligned LDR; 44

(Z‘t+1—>t)

Key idea: Cast HDR video reconstruction problem as a learning problem, and use
an HDR-domain alignment loss, an efficient flow network with a multi-size large

kernel, and a new HDR flow training scheme (Xu et al., CVPR 2024)



Deep HDR Reconstruction

. m
' 2 HDRFlow,
Input LDR images _ (Ours)

— —_—

—

)

(Xu et al., CVPR 2024) 3,



Deep HDR Reconstruct

n
Y
Our Result Our Result
. £
I )
X &
. = § ‘ l
3
7 Q|
Tl P
LL‘ g .
LN \\3 .

SN IahEE

Kalantari et al. Chen et al. Ours Kalantari et al. Chen et al. Ours

(Xu et al., CVPR 2024) 3,




Deep Optics for HDR Imaging

LDR Image, 0 EV Optical Setup

E2E Reconstruction, 0 EV

.
{
\
X \
3"
} )\
2 ) ‘_’i‘,‘ )

(a) Star PSF

(b) E2E PSF

Key ideas:
* Minimize difference between reconstruction and tone-mapped GT images

. ' i ' nd electroni r
Jointly train an optical encoder and electronic decode (Metzler et al.. CVPR 2020) s



Deep Optics for HDR Imaging

oh 1

T
~ Surface
* Profile ¢

(Metzler et al., CVPR 2020) 5,4



Deep Optics for HDR Imaging

LDR Image E2E Measurement E2E Reconstruction

(Metzler et al., CVPR 2020) 3,5



Image Relighting

Desired l.lght

#—|  Encoder Decoder |—

s

Input Image Output Image

(Sun et al., ACM TOG 2019) 35



Image Relighting

Spatial Resolution: 256 x 256 128 x 128 64 x 64 32x32 16x 16
True Source| |31 5 . J16x32x3 | Output
Target| 3 Image | 3 3 6464128128256256512512512512 32 | Source
Image 29 16x32x1 g Light
__;_I —; ——;— ——;— -—;— __;_I _‘;_l ‘_; 1 ; | _§_I
Output 132! 6 ‘64! 128! 128 1 1256, 1256, 512 512 512, : 1,(6 Target 1x6 True
Target| 3 [« — 3] ' ' ' T ' 1T ' ' ' s120«{ Ha2|, 32 | Source
Image 32 64 3 123 128 256/« 256 512 512 256 : Light X | Light
k-dimensional input/label k-dnensional activation k x k conv layer weighted average tiling concatenation loss

Residual connections bottleneck

(Sun et al., ACM TOG 2019) 327



Image Relighting

Light-stage dataset capture (Google)
(Sun etal.,, ACM TOG 2019) 5.5



Image Relighting

OLAT photos

(columns)
\
Re-rendered Environment
Image map

2

(a) OLAT images (7 cameras). (b) Ground-truth renderings.

(Sun et al., ACM TOG 2019) 359



Image Relighting

'
“. -

(a) Input image and estimated lighting (b) Rendered images from our method under three novel illuminations

(Sun et al., ACM TOG 2019) 33



Image Relighting

Now a feature in Google Pixel phones

d

Portrait light Brightness ontra

(Sun et al., ACM TOG 2019) 33;



Gradient-Domain Rendering
Reconstruction |

Key idea: Cast gradient-domain rendering as a learning problem
(Kettunen et al., SIGGRAPH 2019) 33,



Gradient-Domain Rendering

Input (16 feat.) Output (RGB)

f il il.s; ]“} [ [ i
il eI

ar —

Line

SIBIEIE 60 SIBIEIE
|| || ol oTlcT ofc? o 8 o||co||o
Full Res. Half 1/4 1/8 1/4 Half Full

Based on DenseNet [Huang2016] and U-Net [Ronneberger2015]
(Kettunen et al., SIGGRAPH 2019) 335



Gradient- Domain Rendermg
& R \"Z |

y)

-sxmw"l w -4
'“w < a::-a-- S

(Kettunen et al., SIGGRAPH 2019) 33,4



Gradient-Domain Rendering

Screened Poisson, 4 spp Ours, 4 spp (Equal Time)

e -

720p: Rendering Time + 1 sec Rendering Time + 0.3 sec

(Kettunen et al., SIGGRAPH 2019) 335



Beproom CUTTING RUNNING
BoARD Man

BOOKSHELF KiTcHEN .
(Failure)

Gradient-Domain  pstijmges =
Rendering el

16 (40)

| c<KPCN | b.NFOR | aLjScPois.|  Input

d. Ours

Ground Truth |

- 1024 (2560)
(Kettunen et al., SIGGRAPH 2019) 335
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Next Lecture:
Deep Generative Models



