Lecture 9:
Detection, Segmentation,
Visualization, and Understanding
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Administrative Announcements

« Afixtoassignment 2 notebook has been posted in course webpage. See
Edstem posts for details.

* Make sure to start Assignment 2 early. Itis the longest of the three assignments,

and the midterm and project milestone deadlines follow closely after the
Assignment 2 deadline.
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Student Spotlights

e Thank you for yourengagement and improving the course experience!
o Ben Wengreen

Arunabh Sharma

Warren Chan

Eyas Taifour

Ali Ahmad

Florencio Sedano

o O O O O
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Last time: Transformer
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Three Ways of Processing Sequences

Recurrent Neural Network Convolution Self-Attention

Y11 Y2 T Y3 T Ya Yi| | Y2 Y3 | Vs

X1 X2 X3 X4 X1 X5 X3 X4
Works on 1D ordered sequences Works on N-dimensional grids Works on sets of vectors
(+) Theoretically good at long (-) Bad for long sequences: need to (+) Great for long sequences; each
sequences: O(N) compute and stack many layers to build up large output depends directly on all inputs
memory fora sequence of length N receptive fields (+) Highly parallel, it’s just 4 matmuls
(-) Not parallelizable. Need to (+) Parallelizable, outputs can be (-) Expensive: O(N?) compute, O(N)
compute hidden states sequentially  computed in parallel memory for sequence of length N
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Vision Transformers (ViT)

Inputimage:
e.g. 224x224x3

Dosovitskiy et al, “An Imageis Worth
16x16 Words: Transformers for Image
Recognition at Scale”, ICLR 2021
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Vision Transformers (ViT)

A YT &

%

Catimage is free for commercial
use under a Pixabay license
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Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT)

N input patches, each of E ﬁ E ;a N\ - .
shape 3x16x16 ' ' : B 4 a

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

Catimage is free for commercial
use under a Pixabay license
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https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT)

Linear projectionto D-
dimensional vector
- , =
N input patches, each of E - ¥ a
shape 3x16x16 , ‘ ' |

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021
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Catimage is free for commercial
use under a Pixabay license



https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT)

Add positional embedding:
learned D-dim vector per
position + + + + + + + + +

Linear projectionto D-
dimensional vector

N input patches, each of E ' !
shape 3x16x16 ‘

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

<

Catimage is free for commercial
use under a Pixabay license

Fei-Fei Li & Ehsan Adeli & Durante & Johnson & Xiang Lecture9- 10 April 28, 2026



https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT)

— 0 0 0 0 000 0 @

Exact same as NLP
Transformer! TranSfO rmer
Add positional embedding:
learned D-dim vector per
position + + + + + + +

+ +
Linear projectionto D-
dimensional vector
N input patches, each of E : - |
shape 3x16x16 ! I - | ﬂ

- ” Catimage is free for commercial
Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license
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https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT)

1 000000008

Exact same as NLP
Transformer! TranSfO rmer
Add positional embedding: Specia!lex_tra input:
learned D-dim vector per classification token

position (D dims, learned)

+ + + + + +
Linear projectionto D-
dimensional vector
N input patches, each of E ' s i
shape 3x16x16 ' ‘ ' | a

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

+ + +

Catimage is free for commercial
use under a Pixabay license
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https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT)

Linear projectionto
C-dim vector of
predicted class
scores

— 0 0 0 0 000 0 @

Exact same as NLP
Transformer! TranSfO rmer
Add positional embedding: Specia!lex_tra input:
learned D-dim vector per clas§|f|cat|on token
position + T L L + + + (D dims, learned)

+ +
Linear projectionto D-
dimensional vector
N input patches, each of E ' s i
shape 3x16x16 ' ‘ ' | a

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

Catimage is free for commercial
use under a Pixabay license
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https://pixabay.com/photos/cat-funny-cat-cute-cat-cute-4262034/
https://pixabay.com/service/license/
https://pixabay.com/service/license/

Vision Transformers (ViT) - a similar approach (different classifier)

BEEEL p

Inputimage: ig

e.g. 224x224x3
Dosovitskiy et al, “An Imageis Worth Brea k Into patChes
6x16 Words: Transf forl
Recogitionat Sealeh ICLR 2001 e.g. 16x16x3
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Vision Transformers (ViT)

Inputimage: =
e.g. 224x224x3 = —

I

Dosovitsldy etal, “An mageis Worth Breakinto patches  Flatten and apply a linear

16x16 Words: Transf forl —
Recognition at Scale” ICLR 2021 e.g. 16x16x3 transform 768 =>D
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Vision Transformers (ViT)

1 4 1 t
Layer Normalization

MLP || MLP || MLP || MLP

Layer Normalization

\ Self-Attention

t t t
l— § ¥ —
I I I I

Layer Normalization

MLP |[MLP | MLP |[MLP

Layer Normalization

\ Self-Attention
t t t

¥ [ L3 ¥
t + t t

Inputimage: g
e.g. 224x224x3 ——— L1 t
— ~ D-dim vector per patch are
Dosovitskiy et al, “An Imageis Worth Break into patCheS Flatten and apply a linear the inPUtveCtorS to the
ot s Ao e.g. 16x16x3 transform 768 =>D Transformer
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Vision Transformers (ViT)

1 4 1 t
Layer Normalization

MLP || MLP || MLP || MLP

Layer Normalization

\ Self-Attention
t t t

[ S————
I Y S S |

'Layer Normalization -

> e Use positional

MLP |[MLP | MLP |[MLP encoding to tell
the transformer

the 2D position

Layer Normalization

\ Self-Attention
. DS S I N — of each patch
Inputimage: g e !
e.g. 224x224x3 ——— L1 t
1 D-dim vector per patch are
Dosovitskiy et a, “An mage s Worth Break into patches Flatten and apply alinear the inputvectorsto the
ot s Ao e.g. 16x16x3 transform 768 =>D Transformer
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Vision Transformers (ViT)

4 4 4 [

I Layer INormallization' D on at use an y

MLP | MLP |[ MLP |[ MLP masking; each
image patch can
look at all other
ooAltenton image patches

[ S————
I Y S S |

Layer Normalization

Layer Normalization

Use positional

MLP |[MLP | MLP |[MLP encoding to tell
the transformer
the 2D position

Layer Normalization

Self-Attention
. L tot . of each patch
Input image: g 1
e.g. 224x224x3 ——— L1 t
— 1 D-dim vector per patch are
Dosovitskiy et al, “An Imageis Worth Break into patches Flatten and apply alinear the input vectorsto the
Transformer

6x16 Words: Transf forl —
R ognition ot Seslor 1CLR 20010 e.g. 16x16x3 transform 768 =>D
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Vision Transformers (ViT) Transformer

gives an output
SN vector per patch

4 4 4 [
t 1 1 t
Layer Normalization

Don’tuse any
MLP | MLP |[ MLP |[ MLP masking; each
image patch can
look at all other
ooy atenflon image patches

[ S————
I Y S S |

> ' Layer Normalization'

Layer Normalization

Use positional

MLP |[MLP | MLP |[MLP encoding to tell
the transformer
the 2D position

Layer Normalization

Self-Attention
. L tot . of each patch
Inputimage: g e !
e.g. 224x224x3 ——— L1 t
1 D-dim vector per patch are
Dosovitskiy et a, “An mage s Worth Break into patches Flatten and apply alinear the inputvectorsto the
ot s Ao e.g. 16x16x3 transform 768 =>D Transformer
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Average p

Vision Transformers (ViT)

ool NxD vectors to

1xD, apply a linear layer D=>C to
predict class scores

1

) |

Pooling |

4 4 4 [

Layer Normalization

MLP || MLP || MLP || MLP

Layer Normalization

Self-Attention
Lt t t |

¥ [ [ ¥

+ + 4 I

Inputimage:

Layer Normalization

MLP |[MLP | MLP |[MLP

Layer Normalization

Self-Attention
t t

¥ [ L3 ¥
t + t t

&

e.g. 224x224x3

1

I P

Flatten and apply alinear
transform 768 => D

Break into patches
e.g. 16x16x3

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

Transformer
gives an output
vector per patch

Don’tuse any
masking; each
image patch can
look at all other
image patches

Use positional
encoding to tell
the transformer
the 2D position

of each patch

D-dim vector per patch are
the input vectorsto the

Transformer

Fei-Fei Li & Ehsan Adeli & Durante & Johnson & Xiang Lecture9- 20

April 28, 2026



Tweaking Transformers

The Transformer architecture has not changed
much since 2017.

But a few changes have become common:

Y1

4
1

Y2 Y3 Ya
4

4 4
1

1 1
Layer Normalization

d

[ |
MLP || MLP || MLP || MLP

Layer Normalization

5

Self-Attention
t t t t
t t t t
X, X, X3 X4
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Pre-Norm Transformer Vi Y, Vs Vs
4

4 4 4
1 1

1 1
Layer Normalization

is outside the > 5
residual connections I I

[ |
MLP || MLP || MLP || MLP

Kind of weird, the model can’t
actually learn the identify function

Layer Normalization

5

Self-Attention
t t t t
T
1 1 1 1
X1 X, X3 X,

Baevski & Auli, “Adaptive Input Representations for Neural Language Modeling”, arXiv 2018
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Pre-Norm Transformer Vi Y, Vs Vs

—J:

is outside the [ ] ] ]

residual connections MLP MLP MLP MLP
4 4 4 4
Kind of weird, the model can’t |
actually learn the identify function Layer Normalization
5
Self-Attention

Layer Normalization
t t t t
t t

t t

—

Xy X X3 X,

Baevski & Auli, “Adaptive Input Representations for Neural Language Modeling”, arXiv 2018
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RMSNorm

Replace Layer Normalization
with Root-Mean-Square
Normalization (RMSNorm)

Input: x [shape D]
Output: y [shape D]
Weight: y [shape D]

Xi

= Ris

Vi

1 N
RMS(x) = |e + —2 X2
N £aj—q

Trainingis a bit more stable

Zhangand Sennrich, “Root Mean Square Layer Normalization”, NeurlPS 2019
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Y1 Y2 Y3 Yaq
De
| | | |
MLP || MLP || MLP || MLP
4 4 I 4 4
RMSNorm
A
¥
Self-Attention
RMSNorm
t t t t
1 1 1 1
X1 X X3 X4

April 28, 2026



SwiGLU MLP

Classic MLP:

Input: X [N x D]
Weights: W, [D x 4D]
W, [4D x D]
Output: Y =0(XW;)W, [N x D]

SwiGLU MLP:

Input: X [N x D]
Weights: W, , W, [D x H]
W3 [H x D]
Output:
Y = (c(XWy) © XW,)Ws

Setting H =8D/3 keeps
same total params

Shazeer, “GLU Variants Improve Transformers”, 2020

Y1 Y2 Y3 Ya

I
MLP || MLP || MLP || MLP
i

4 I 4 4
RMSNorm
A
¥
Self-Attention
RMSNorm
t t t t
1 1 1 1
X1 X X3 X4
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Mixture of Experts (MoE) Vi Y Y3 Ya

Learn E separate sets of MLP weights in
each block; each MLP is an expert D
_ I I | I
W;: [Dx 4D]=>[E xD x4D]
W,: [4D x D] => [E x 4D x D] MLP || MLP || MLP || MLP
1 4 I 4 L
RMSNorm
A
¥
Self-Attention
RMSNorm
t t t t
S
f f f f
Xy X5 X3 Xy

Shazeer et al, “Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer”, 2017
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Mixture of Experts (MoE) Vi Y Y3 Ya

Learn E separate sets of MLP weights in
each block; each MLP is an expert P

_ | | | l
W;: [Dx 4D]=>[E xD x4D]
W,: [4D x D] => [E x 4D x D] MLP || MLP || MLP || MLP

1 4 I 4 L

Each token gets routed to A< E of the RMSNorm
experts. These are the active experts. A
Increases params by E, Y .
But only increases compute by A Self-Attention
All of the biggest LLMs today (e.g. GPT4o0, RMSNorm
GPTA4.5,Claude 3.7, Gemini 2.5 Pro, etc) - 1 1 1 1
almost certainly use MoE and have > 1T 3 3 3 3
params; but they don’t publish details ' ' ' '
anymore Xy X5 X3 Xy
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Tweaking Transformers

The Transformer architecture has not changed
much since 2017.

But a few changes have become common:

- Pre-Norm: Move normalization inside
residual

- RMSNorm: Different normalization layer

- SwiGLU: Different MLP architecture

- Mixture of Experts (MoE): Learn E different
MLPs, use A<E of them per token. Massively
increase params, modest increase to
compute cost.

\
A

I
MLP || MLP || MLP || MLP
i

4 I 4 4
RMSNorm
A
¥
Self-Attention
RMSNorm
t t t t
1 1 1 1
X4 X X3 X4
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Today

e Transformers Recap

e Computer Vision Tasks
o Semantic Segmentation
o Object Detection
o Instance Segmentation

e Visualization & Understanding
o Model Layers Visualization
o Saliency Maps
o CAM & Grad-CAM
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Computer Vision Tasks

Semantic Object Instance
Segmentation Detection Segmentation

Classification

GRASS, CAT, TREE, DOG, DOG, CAT DOG, DOG, CAT
“ VAN KY VARN Y
Y Y Y
No spatial extent No objects, just pixels Multiple Object Ihisimage - CC public domain
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https://pixabay.com/en/pets-christmas-dogs-cat-962215/
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Recall: Image Classification: A core task in Computer Vision

(assume given a set of possible labels)
{dog, cat, truck, plane, ...}

A 4

cat

hisimage by Nikita is
licensed under CC-BY 2.0
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https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/
https://creativecommons.org/licenses/by/2.0/
https://creativecommons.org/licenses/by/2.0/

Semantic Segmentation

Semantic
Segmentation

GRASS, CAT, TREE,

S SKY )
Y

No objects, just pixels
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Semantic Segmentation: The Problem

GRASS, , IREE,
SKY, ...

Paired training data: for each training image,
each pixel is labeled with a semantic category.

At test time, classify each pixel of a new image.

Fei-Fei Li & Ehsan Adeli & Durante & Johnson & Xiang Lecture9- 33 April 28, 2026



Semantic Segmentation Idea: Sliding Window
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Semantic Segmentation Idea: Sliding Window

Impossible to classify without context

Q: how do we include context?
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Semantic Segmentation Idea: Sliding Window

Q: how do we model this?
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Semantic Segmentation Idea: Sliding Window

Classify center pixel

Extract patch with CNN
4 i \
Cow
= \
..." : COW
= \
Grass

Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013
Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014

Fei-Fei Li & Ehsan Adeli & Durante & Johnson & Xiang Lecture9- 37 April 28, 2026



Semantic Segmentation Idea: Sliding Window

Classify center pixel

Extract patch

with CNN
1 “'q IIII |
o Cow
1 “'q : |
00 Cow
1 “'q : |
; Grass

Problem: Very inefficient! Not
reusing shared features between

overla P pl ng patC hes Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013
Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014
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Semantic Segmentation Idea: Convolution

Full image

Anintuitive idea: encode the entire image with conv net, and do semantic segmentation on
top.

Problem: classification architectures often reduce feature spatial sizes to go deeper, but
semantic segmentation requires the output size to be the same as input size.
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Semantic Segmentation Idea: Fully Convolutional

Design a network with only convolutional layers
without downsampling operators to make predictions
for pixels all at once!

Conv Conv

Conv argmax
e —_—

Y Scores: Predictions:

CxHxW HxW
Convolutions:

DxHxW
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Semantic Segmentation Idea: Fully Convolutional

Design a network with only convolutional layers
without downsampling operators to make predictions

for pixels all at once!

Conv argmax
e —_—

Conv Conv

J
Predictions:

Y Scores:
CxHxW HxW

) Convolutions:
Problem: convolutions at D x H x W
original image resolution will be

very expensive...

April 28, 2026
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Semantic Segmentation Idea: Fully Convolutional

Design network as a bunch of convolutional layers, with
downsampling and upsampling inside the network!

Med-res: Med-res:
D,xH/4x W/4 D,xH/4 x W/4
Low-res:
D;xH/4x W/4
Input: High-res: High-res: ~CXHXW Predictions:
3xHxXxW DixH/2xW/2 D;xH/2xW/2 HxW

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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Semantic Segmentation Idea: Fully Convolutional

Downsampling: Design network as a bunch of convolutional layers, with Upsampling:

Pooling, strided downsampling and upsampling inside the network! 227

convolution Med-res: Med-res:

D,xH/4x W/4 D,xH/4 x W/4
Low-res:
D;xH/4x W/4
; InEUt;N High-res: High-res: ~CXHXW Predictions:
XA X D1 xH/2x W/2 D, x H/2 x W/2 Hx W

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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In-Network upsampling: “Unpooling”

i “Bed of Nails”
Nearest Neighbor 112l 1lolalo
1|2 11112 2 12 o/ 0|0 o0
— —
3 4 31 3|4 4 3 4 3,014 0
3 3|4 4 O 0}J0 0
Input:2 x2 Output: 4 x 4 Input:2x2 Output: 4x 4
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In-Network upsampling: “Max Unpooling”

Max Pooling

Max Unpoolin
Remember which element was max! P 5

Use positions from

1 2 & 3 pooling layer 0 0 ) 0
3 512 1 5 | 6 12 0o 1 00
: _> o 0 o _> _>
3 4 0/ 0 0 0
1 2 2 1 [ 8 Rest of the network
7 3 4 8 3 0 0O 4
Input: 4 x4 Output: 2x 2 Input:2 x2 Output:4x 4

Corresponding pairs of
downsampling and
upsampling layers
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Learnable Upsampling

Recall: Normal 3 x 3 convolution, stride 1 pad 1

Input: 4 x 4 Output: 4x 4
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Learnable Upsampling

Recall: Normal 3 x 3 convolution, stride 1 pad 1

A\ 4

Dot product
between filter
and input

Input: 4 x 4 Output: 4x 4
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Learnable Upsampling

Recall: Normal 3 x 3 convolution, stride 1 pad 1

A\ 4

Dot product
between filter
and input

Input: 4 x 4 Output: 4x 4
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Learnable Upsampling

Recall: Normal 3 x 3 convolution, stride 2 pad 1

Input: 4 x 4 Output: 2x 2
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Learnable Upsampling

Recall: Normal 3 x 3 convolution, stride 2 pad 1

A\ 4

Dot product
between filter
and input

Input: 4 x 4 Output: 2x 2
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Learnable Upsampling

Recall: Normal 3 x 3 convolution, stride 2 pad 1

Filter moves 2 pixels in the
input forevery one pixelin

v

the output
Dot product
between filter Stride gives ratio between
and input movementin input and
output

We can interpret strided
Input: 4 x4 Output: 2x 2 convolution as “learnable
downsampling”.
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Learnable Upsampling: Transposed Convolution

3 x 3 transposed convolution, stride 2 pad 1

Input:2 x 2 Output:4x 4
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Learnable Upsampling: Transposed Convolution

3 x 3 transposed convolution, stride 2 pad 1

Input gives
weight for
filter

Input:2 x 2 Output:4x 4
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Learnable Upsampling: Transposed Convolution

3 x 3 transposed convolution, stride 2 pad 1

v

Filter moves 2 pixels in the

Input gives output for every one pixel
weight for in the input
filter

Stride gives ratio between
movement in output and
input

Input:2 x 2 Output:4x 4
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Learnable Upsampling: Transposed Convolution

Sum where

3 x 3 transposed convolution, stride 2 pad 1
output overlaps

s
> Filter moves 2 pixels in the
Input gives output for every one pixel
weight for in the input
filter
Stride gives ratio between
movement in output and
input
Input:2 x 2 Output:4x 4
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Learnable Upsampling: Transposed Convolution

Sum where

3 x 3 transposed convolution, stride 2 pad 1
output overlaps

s
> Filter moves 2 pixels in the
Input gives output for every one pixel
weight for in the input
filter
Stride gives ratio between
movement in output and
input
Input:2 x 2 Output:4x 4
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Learnable Upsampling: 1D Example

Input Filte

a/;(/
bxz

|

—

_—
—~—

Output contains
copies of the filter
weighted by the
input, summing at
where at overlaps in
the output
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Semantic Segmentation Idea: Fully Convolutional

Downsampling: Design network as a bunch of convolutional layers, with
Pooling, strided downsampling and upsampling inside the network!
convolution Med-res: Med-res:
D,xH/4x W/4 D,xH/4 x W/4
Low-res:
D;xH/4x W/4
Input: High-res: High-res:
3xHxXxW D, xH/2x W/2 D;xH/2xW/2

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015

Upsampling:
Unpoolingor strided
transposed convolution

Predictions:
HxW
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U-Net

64 64

128 64 64 2
input
: output
image ,
ge o *1* ™| segmentation
tile sl 5 g map

=»conv 3x3, RelLU
copy and crop
¥ max pool 2x2
# up-conv 2x2
= conv 1x1

Ronneberger et al. (2015) U-netArchitecture

April 28, 2026
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U-Net

input
image
tile

Ronneberger et al. (2015) U-netArchitecture
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64 64

>

- Increases field of view

- Lose Spatial Information

284
8

512 512 1024 512
-
R 1024 4
=) ©
™ o

output
segmentation

map

388 x 388 '

=»conv 3x3, ReLU
copy and crop

¥ max pool 2x2
# up-conv 2x2
= conv 1x1
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U-Net

64 64
128 64 64 2
input
: output
IMAgE || at htl bt segmentation
tie 2 EEERY
- Create High Resolution

' 128 128 Mapping

3l &
=] e
ol v I
56 256 512 256
A b et 3 ':‘I"I = conv 3x3, RelLU
Ei N o
2l =l S s copy and crop

== 7 e # max pool 2x2

8 2¢ 1024 43 8 4 up-conv 2x2
Sl S >
}_'- D_ > = conv 1x1
o™ o

Ronneberger et al. (2015) U-netArchitecture
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U-Net

64 64
Concatenate with high-resolution feature maps 128 64 64 2
fromthe downsampling Phase
input
: output
image )
ge o> ael hatl et segmentation
tile al o o g
2 2 map

=»conv 3x3, ReLU
copy and crop

¥ max pool 2x2
# up-conv 2x2
= conv 1x1

Ronneberger et al. (2015) U-netArchitecture
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Semantic Segmentation: Summary
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Semantic Segmentation

Label each pixelin the
image with a category label

Don’t differentiate
instances, only care about
pixels
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https://pixabay.com/p-1246693/?no_redirect
https://pixabay.com/en/cows-two-cows-dairy-agriculture-1264546/

Object Detection

Instance
Segmentation

DOG, DOG, CAT
_/

—

» Object
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Object Detection

Object Instance
Detection Segmentation

/

Y

Multiple Object
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Object Detection: Single Object

(Classification + Localization)

Class Scores
Fully Cat: 0.9

Connected: Dog: 0.05
4096 to 1000 Car:0.01

(e | e |

: | § ..1 ":‘.'.w Ll L
Vector: Fully
Connected:

4096 4006 t0 4 Box
Coordinates
(X) y) W) h)
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https://pixabay.com/p-1246693/?no_redirect
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Object Detection: Single Object Correct label:
(Classification + Localization) Cat l

Class Scores

Fully Cat: 0.9 , Softmax

Connected: Dog: 0.05 Loss
4096 to 1000 Car:0.01

N ] il [
PTIIIRIERR ' . Fully
Thisimageis CCO public domain VeCtor' Connected;

4096 4096104 Box

Coordinates — L2 Loss
L. (X,y, w, h) T
Treat localization as a

regression problem! Correct box:
(X%, y’, w’, )
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https://pixabay.com/p-1246693/?no_redirect
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Object Detection: Single Object Correct label:
(Classification + Localization) Cat l

Class Scores

Fully Cat: 0.9 , Softmax

Connected: Dog: 0.05 Loss
4096 to 1000 Car:0.01

- “ Multitask Loss T s

Ay e R T e 4 TN I
G ' . Fully
Thisimage is CCO public domain VeCtor. Connected:

4096 4906104  Box
Coordinates — 2 Loss

(x,y, w, h) T

Treat localization as a

regression problem! Correct box:
(X%, y’, w’, )
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https://pixabay.com/p-1246693/?no_redirect
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Object Detection: Multiple Objects

Ea ) iﬁm DUCK: (x, y, w, h)

= ¢ g?_JQ tL{ DUCK: (x, y, w, h)
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Each image needs a different

Object Detection: Multiple Objects |, iber of outputs!

CAT: (x,y,w, h) 4 numbers

DOG: (x,y, w, h)

DOG: (x,y,w, h) 12 numbers
CAT: (x,y, w, h)

L DUCK: (%, y,w,h)  Many
= ."'.. " A __." |."“".|
L t x‘f;.mtfw{ DUCK: (x,y,w, h)  numbers!
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Object Detection: Multiple Objects

Apply a CNN to many different crops of the
image, CNN classifies each crop as object or
background

Dog? NO
Cat? NO
Background? YES
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Object Detection: Multiple Objects

Apply a CNN to many different crops of the
image, CNN classifies each crop as object or
background

Dog? YES
Cat? NO
Background? NO
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Object Detection: Multiple Objects

Apply a CNN to many different crops of the
image, CNN classifies each crop as object or
background

Dog? YES
Cat? NO
Background? NO
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Object Detection: Multiple Objects

Apply a CNN to many different crops of the
image, CNN classifies each crop as object or
background

Dog? NO
Cat? YES
Background? NO

Q: What’s the problem with this approach?
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Object Detection: Multiple Objects

s L

Apply a CNN to many different crops of the

image, CNN classifies each crop as object or
background

Problem: Need to apply CNN to huge number
of locations, scales, and aspect ratios, very
computationally expensive!

Fei-Fei Li & Ehsan Adeli & Durante & Johnson & Xiang Lecture9- 76

Dog? NO
Cat? YES
Background? NO
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Region Proposals: Selective Search

e Find “blobby” image regions that are likely to contain objects
e Relativelyfasttorun; e.g. Selective Search gives 2000 region
proposals in a few seconds on CPU

A 4

Alexe et al, “Measuring the objectness of image windows”, TPAMI 2012

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013

Chengetal, “BING: Binarized normed gradients for objectness estimation at 300fps”, CVPR2014
Zitnick and Dollar, “Edgeboxes: Locating object proposals from edges”, ECCV 2014
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R-CNN

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.

In pUt Im age Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

R-CNN

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

R-CNN

LS Warped image regions
(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.

In pUt Im age Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

R-CNN

Conv
Net

Conv
Net

Forward each region
through ConvNet
(ImageNet-pretranied)

ﬁ Warped image regions

(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

R-CNN

SvMs | Classify regions with

Net

SVMs
SVMs
Conv
Net
Conv

Conv
Net

SVMs

Forward each region
through ConvNet
(ImageNet-pretranied)

ﬁ Warped image regions

(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Predict “corrections” to the Rol: 4 numbers: (dx, dy, dw, dh)

R-CNN
Bboxreg || SYMs | Classify regions with
Bboxreg || SVMs SVMs
sboxreg | [svis | "9 Cony Forward each region

Conv Net through ConvNet

Net (ImageNet-

Conv f pretranied)
Net E Warped image regions

(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Predict “corrections” to the Rol: 4 numbers: (dx, dy, dw, dh)

Bboxreg || SVMs |  Classify regionswith prophiem: Very slow!

R-CNN
Bboxreg || SVMs
Bboxreg || SVMs ‘
Conv
Conv Net
Conv Net
Net !f

SVMs Need to do ~2k

independent forward

Forward each :
passes for each image!

region through
ConvNet

ﬁ Warped image regions

(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic
segmentation”, CVPR2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Predict “corrections” to the Rol: 4 numbers: (dx, dy, dw, dh)

“Slow” R-CNN

Bboxreg || SVMs |  Classify regionswith prophiem: Very slow!

Bbox reg || SVMs SVMs Need to do ~2k
Bboxreg || SVMs o Forward each independent forward
Conv : passes for each image!
Conv Net region through
Conv Net ConvNet |dea: Pass the image
ﬁ , , through convnet
Warped |m§gelr reglons before cropping! Crop
(224x224 pixels) the conv feature

Regions of Interest ;. ctaqd!
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic

segmentation”, CVPR2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Fast R-CNN

“Slow” R-CNN

SVMs
'
Conv
Conv Net
Net

Inputimage

Input image

Girshick, “Fast R-CNN”, ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Fast R-CNN

“Slow” R-CNN

%
L
/ /“Conv5” Conv
‘.‘ features i
« ” Run whole image
Backbone through ConvNet
network:
AlexNet, VGG, 4  ConvNet
ResNet,etc £

Inputimage

Girshick, “Fast R-CNN”, ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Fast R

Regions of

-CNN

Interest (Rols)

from a proposal

ﬁ@:i/ ‘conv5”

method

“Backbone”
network:

AlexNet, VGG,

ResNet, etc

Girshick, “Fast R-CNN”, ICCV 2015. Figure col

ConvNet

pyright Ross Girshick, 2015; source. Reproduced with permission.

features
Run whole image

through ConvNet

Inputimage

“Slow” R-CNN
=
! |
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Fast R-CNN

“Slow” R-CNN

oo =
nterest (Rols —
L/ =7 (7 Crop+Resizefeatures e
from a proposal LJ
method &M‘co nv5” features . Cony
y , t Run whole image
Backbone through ConvNet
network:
AlexNet,VGG, 4  ConvNet E
ResNet,etc £ - :
_ Input image

Girshick, “Fast R-CNN”, ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Fast R-CNN

Object Linear +
category Lsoftmax

i w Per-Region Network “Slow” R-CNN
Regions of ~ CNN g _

Interest (Rols) ’ 1 B . cecie
+ t
/7 /7 Crop+Resizefeatures T

froma proposal
method &5/ ‘conv5” features

« ” Run whole image
Backbone through ConvNet

network:
AlexNet, VGG,
ResNet, etc é

Linear | Box offset

ConvNet

Input image

Girshick, “Fast R-CNN”, ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Fast R-CNN

Object Linear +
category Lsoftmax

Linear | Box offset

“Slow” R-CNN

Regions of CNN Per-Region Network

Interest (Rols) 7 4+ B ey !
from a proposal L/ ,—7 /7 |Crop+Resizefeatures 1+

method — &5 “conv5” features

« ” Run whole image
Backbone through ConvNet

network:

AlexNet, VGG,

ResNet, etc \éj : <" Inputimage
5 M (NS "

Girshick, “Fast R-CNN”, ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.

ConvNet

Input image
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https://dl.dropboxusercontent.com/s/vlyrkgd8nz8gy5l/fast-rcnn.pdf?dl=0

Region Proposal Network

»
e B
" |

» , W
Wl s b b AL 't Y e
P R 5 TR T XTI TR
Bdiat M. o 314‘:4"‘(‘
bl Pw'“ ; | : .A‘ &‘-‘,'
?n!‘g‘ 3 S ‘
e & (,\ A 9
o %@ N TRE |

Input Image
(e.g. 3x 640 x480) Image features
(e.g.512 x20 x 15)
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Region Pro p()sal NetWOrk Imagine an anchor box of

fixed size at each pointin
the feature map

Input Image I
(e.g. 3x 640 x480) Image features
(e.g.512 x20 x 15)
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RegiOn PrO p()sal NetWOrk Imagine an anchor box of

fixed size at each pointin
the feature map

S Anchor is an object?
1x20x15

Conv

S
e
o
S
e ek
-~}

.,‘.‘,W L [ ,}:."
3:’*\:’.\“&* BRERER LN B etiand T3
nout | I At each point, predict whether
nputImage .
(e.g. 3x 640 x480) Image features the corresponding anchor

contains an object (binary

(e.g.512x20x15) e
classification)
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RegiOn PI’O p()sal NetWOrk Imagine an anchor box of

fixed size at each pointin
the feature map

'\
Anchor is an object?
1x20x 15
Conv
Box corrections
- — 4x20x15

For positive boxes, also predict a
corrections from the anchor to
the ground-truth box (regress 4

numbers per pixel)

Input Image
(e.g. 3x 640 x480) Image features
(e.g.512 x20 x 15)
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Region Proposal Network

\’i-.’w NN

I

NG Y

.f; ™

N P,-, R

anas ‘-'.,.'
Zad-er INTELTE CR L THN
:}"\ .\%‘L ! " \h}‘&‘ A

7 1

Input Image
(e.g. 3x 640 x480)

Image features
(e.g.512x20x15)

In practice use K different
anchor boxes of different
size / scale at each point

Anchor is an object?

Kx20x15
Conv

Box transforms

e
| — 4Kx20x 15
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In practice use K different

Region PrOpOsal NetWOrk anchor boxes of different

size / scale at each point

il | .
5 ? , ' Anchor is an object?
S
- Kx20x15
I I Conv
s o A A | yE EN Box transforms
BRI K 1T R Vi B T 4Kx20x15
VAR Slatl ' N Al b _-/
Y TR sort the K*20*15 boxes by
Input Image their “objectness” score, take
(e.g. 3x 640 x 480) Image features top ~300 as our proposals

(e.g.512 x20 x 15)
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Single-Stage Object Detectors: YOLO / SSD / RetinaNet

Within each grid cell:

- Regress from each of the B
base boxes to a final box with
5 numbers:

(dx, dy, dh, dw, confidence)

- Predict scores for each of C
classes (including
background as a class)

- Looks alot like RPN, but
category-specific!

Inputimage Divide image into grid
3XxHxXxW 7x7
Output:

7Tx7x(5*B+C)

Image a set of base boxes
Redmon et al, “You Only Look Once:

Unified, Real-Time Object Detection”, CVPR 2016 centered at each grld cell

Liu et al, “SSD: Single-Shot MultiBox Detector”, ECCV 2016 H B _ 3
Lin et al, “Focal Loss for Dense Object Detection”, ICCV 2017 ere -
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YOLO (You Only Look Once)
real-time object detection

T R S
_ib“ i

S x S grid on input

Class probability map

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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YOLO

Rl
Al
s

|
- |
-1 =
el | =

SxS Grid

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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YOLO

It et L1 —- For each box output:
£ ; = 4 * P(object): probability that the box contains an object
= «  Bbounding boxes (x,y, h,w)

P(class): probability of belonging to a class

—_—
|

| |
P
L

SxS Grid

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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YOLO

It e 1k For each box output:
£ ; 4 * P(object): probability that the box contains an object
= «  Bbounding boxes (x,y, h,w)

P(class): probability of belonging to a class

B=2

—_—
|

| |
P
L

SxS Grid

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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YOLO

It e 1k For each box output:
£ ; 4 * P(object): probability that the box contains an object
= «  Bbounding boxes (x,y, h,w)

P(class): probability of belonging to a class

B=2

\
£l
=

b5

SxS Grid

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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= :\;fum S Many bounding boxes with
S e | different object probabilities
oy ket T ﬁm
1 1
| ’ i »
‘, i 1

SxS Grid

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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EREEEEE | L
SxS Grid

Redmon et al. "You only look once: unified, real-time object detection (2015)."
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Object Detection with Transformers: DETR

Simple object detection pipeline: directly output a set of boxes from a Transformer
No anchors, no regression of box transforms

Match predicted boxes to GT boxes with bipartite matching; train to regress box coordinates

no object (o)

- transformer
T encoder-
decoder

set of image features

Carion et al, “End-to-End Object Detection with Transformers”, ECCV2020
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Object Detection with Transformers: DETR

= transformer
T encoder-
decoder

set of image features

I
set of image features:
I

Carion et al, “End-to-End Object Detection with Transformers”, ECCV2020
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Object Detection with Transformers: DETR

= transformer
T encoder-
decoder

set of image features

Carion et al, “End-to-End Object Detection with Transformers”, ECCV2020
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Object Detection with Transformers: DETR

= transformer
T encoder-
decoder

set of image features

backbone | encoder

|

|

I

|

D [ fCIRIImImInE
| i

1 ! :

! ! transformer

encoder

S N S
ooooog--g

Carion et al, “End-to-End Object Detection with Transformers”, ECCV2020
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Object Detection with Transformers: DETR

= transformer
= encoder-
decoder

encoder

transformer

transformer
encoder

decoder

TILT N

[ I 4
oooooo--0g

object queries

Carion et al, “End-to-End Object Detection with Transformers”, ECCV2020
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Object Detection with Transformers: DETR

,,,, .-= no object (o)
transformer
encoder-
decoder
set of image features set of box predictions bipartite matching loss
——————————————— T TITE TEEEEE TTETT T TITA rTe s SeSEEs SSEiERS g rE Beeaine Sensasssh
backbone || encoder | decoder ' prediction heads

|
set of image features:I
|

: Iy
i } EE i
i ! ! PPN ] e | |
' :: ! : .
: ' transformer :: transformer | PN ol?jgct, i
encoder EE decoder ! — CESS' |
S ! =
ooooog--0 :i ﬁ &I |£ ﬁ :E FFN roct] !
! ! :

Carion et al, “End-to-End Object Detection with Transformers”, ECCV2020
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Instance Segmentation

Instance
Segmentation

DOG, DOG, CAT

\— 4
Y

Multiple Object
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Object Detection:
Faster R-CNN

on los: ” pooling
: F}rcpcseV /
Object |
Detection Region Proposal Network
;'(' feature map'

DOG, DOG, CAT —
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Instance Segmentation:
Mask R-CNN

> ropcE al5/ /
Instance

Segmentation Region Proposal Network by

He et al, “Mask R-CNN”, ICCV 2017
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Add a small mask
network that operates
on each Rol and
predicts a 28x28 binary
mask

April 28, 2026



Mask R-CNN

‘ Classification Scores: C

Box coordinates (per class): 4 * C

AN

AN
AN

/

Rol Align )/

\ 4

SO N NN

N N N\ N\

256 x14 x 14

He et al, “Mask R-CNN?”, arXiv 2017
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Mask R-CNN

‘ Classification Scores: C

Box coordinates (per class): 4 * C

He et al, “Mask R-CNN?”, arXiv 2017

///
AL
//
vd / >
1) / Conv /' Conv
/" Rol Align )/ )/
/
/
256 x14 x 14 256 x14 x 14 Predict a mask for

each of C classes

Cx28x28
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Mask R-CNN: Example Mask Training Targets
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Mask R-CNN: Example Mask Training Targets
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Mask R-CNN: Example Mask Training Targets
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Mask R-CNN: Example Mask Training Targets
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Mask R-CNN: Very Good Results!

He et al, “Mask R-CNN”, ICCV 2017
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Mask R-CNN
Also does pose

He et al, “Mask R-CNN”, ICCV 2017
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Recap: Lots of computer vision tasks!

Semantic Object Instance
Segmentation Detection Segmentation

Classification

: = _— =
GRASS, CAT, TREE, DOG, DOG, CAT DOG, DOG, CAT
“ VAN KY VARN Y
Y Y Y
No spatial extent No objects, just pixels Multiple Object Ihisimage - CC public domain
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https://pixabay.com/en/pets-christmas-dogs-cat-962215/
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Today

e Transformers Recap

e Computer Vision Tasks
o Semantic Segmentation
o Object Detection
o Instance Segmentation

e Visualization & Understanding
o Model Layers Visualization
o Saliency Maps
o CAM & Grad-CAM
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Interpreting a Linear Classifier: Visual Viewpoint

airplane N o S = P o ns
i ' fe Z *_ ) S r 29
- a2
02 | 0.5 1.5 13 0 25
W
01 2.0 21 0.0 02 | 03
\ \ \
b 11 3.2 12
Y Y v
Score -96.8 437.9 61.95

hiliﬁi.ﬁﬁiﬁ
horse truck
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First Layer: Visualize Filters T

SEES
SN2\ =
SENEFE
== NN E

AZAE NS
o -

~

- —

AlexNet:
64x3x11x11

Krizhevsky, “One weird trick for parallelizing convolutional neural networks”, arXiv2014
He et al, “Deep Residual Learningfor Image Recognition”, CVPR 2016
Huang et al, “Densely Connected Convolutional Networks”, CVPR 2017
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First Layer: Visualize Filters

EEOERLER
DLEKEEZEERS
L d-D R

/- ENERS]

& [Hl‘i /
SLIS l'ﬂ

TERMTE S
HZNEEN SEH G E
l// 'd—‘. . \‘ (\2;(‘
ResNet-18: ResNet-101: DenseNet-121: EQ,;H__\-.E.: : £
64x3XTXT 64x3XTXT 64x3XTXT o\ * =
AlexNet:

64x3x11x11

Krizhevsky, “One weird trick for parallelizing convolutional neural networks”, arXiv2014
He et al, “Deep Residual Learningfor Image Recognition”, CVPR 2016
Huang et al, “Densely Connected Convolutional Networks”, CVPR 2017
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Which pixels matter: Saliency via Backprop

Forward pass: Compute probabilities

v

Simonya d Idi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models and
Salief O/M ps” ICLRW rkshop 20
Figures copyr gh n Simonyan d Vedaldi, and Andrew Zisserman,2014; reproduced with permission.
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Which pixels matter: Saliency via Backprop

Forward pass: Compute probabilities

a
>
ot KT
1 1I'I By
| =N \ e
N Far-
| R N
| o .
e
F |
! |
W
Ha o
aaaaa po

a

Compute gradient of (unnormalized) class score
with respect to image pixels, take absolute value
and max over RGB channels

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models and
Saliency Maps”, ICLRWorkshop 2014.
Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman,2014; reproduced with permission.
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Saliency Maps

Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification Models and
Saliency Maps”, ICLRWorkshop 2014.

Figures copyright Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman,2014; reproduced with permission.
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € REXWxK F e RK S € R¢

Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € RHXWxK F € RX S € R¢
F, = 1 i
k — HW h,w h,W,k

Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € REXWxK F e RK S € R¢
F, = 1 S = Z Wy o F
k=T hjwfh,w,k c = 2, Wil

Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € REXWxK F e RK S € R¢

1 1
F, =—— Sc = Z Wy o Fie = —Z w
k HW h)wfh,w’k Cc K kclt'k HW k k,c h'wfh,W,k

Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € REXWxK F e RK S € R¢

1 1
F, =—— Sc = Z Wy o Fie = —Z w
k HW h)wfh,w’k Cc K kclt'k HW k k,c h'wfh,W,k

= HW 2 g Wk,th,W,k
h,w k
Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € REXWxK F e RK S € R¢

1 1
F, =—— Sc = Z Wy o Fie = —Z w
k HW h)wfh,w’k Cc K kclt'k HW k k,c h'wfh,W,k

= HW g g Wk,th,W,k
h,w k
Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

W
Last layer CNN features: Pooled features: Class Scores:
f € RHXWxK F € RX S € R¢
1 1 Class Activation Maps:
F = HW h,wfh,w,k Sc = Zka,ch = Wzkwk,c h'wfh,w,k M € RCHW

= — E E Wi hwk Mcpw = § Wief hwk
HW Lap w Laj k
Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Class Activation Mapping (CAM)

church
0.146

Class activation maps of top 5 predictions Class activation maps for one object class

Zhou et al, “Learning Deep
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. . . Problem: Can only
Class Activation Mapping (CAM)  apply to last conv layer

church
0.146

Class activation maps of top 5 predictions Class activation maps for one object class

Zhou etal, “Learning Deep Features for Discriminative Localization”, CVPR 2016
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Gradient-Weighted Class Activation Mapping (Grad-CAM)

1. Pick any layer, with activations A € RE*W>*K

Selvaraju et al, “Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization”, CVPR 2017
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Gradient-Weighted Class Activation Mapping (Grad-CAM)

1. Pick any layer, with activations A € RE*W>*K
2. Compute gradient of class score S, with respect to A:
aS.

e REXWXK
04

Selvaraju et al, “Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization”, CVPR 2017
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Gradient-Weighted Class Activation Mapping (Grad-CAM)

1. Pick any layer, with activations A € RE*W>*K

2. Compute gradient of class score S, with respect to A:

aS = ]RHXWXK

A
3. Global Average Pool the gradients to get weights a € RX:

a
kKT HW hwaAhwk

Selvaraju et al, “Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization”, CVPR 2017
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Gradient-Weighted Class Activation Mapping (Grad-CAM)

1. Pick any layer, with activations A € RE*W>*K

2. Compute gradient of class score S, with respect to A:

aS = ]RHXWXK

A
3. Global Average Pool the gradients to get weights a € RX:

a
kKT HW hwaAhwk

4, Compute activation map M€ € RFEW;

Mﬁ,w = RelLU (Z OlkAh’W,k)
k

Selvaraju et al, “Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization”, CVPR 2017
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Gradient-Weighted Class Activation Mapping (Grad-CAM)

(d) Guided Grad-CAM “Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’
P & T

s

(g) Original Image (h) Guided Backprop ‘Dog’ (i) Grad-CAM ‘Dog”  (j)Guided Grad-CAM ‘Dog’ (k) Occlusion map for ‘Dog’ (I)ResNet Grad-CAM ‘Dog’

Selvaraju et al, “Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization”, CVPR 2017
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Visualizing ViT features

IiillllIiillllllllﬁiﬂlhﬁiIiIIIII
CHE - HE¢ BE
ﬁiilIII”I!‘IE%;IIIIIIII%%%?IIIIEIII

Chen etal., When Vision Transformers Outperform Resnets Without Pre-training Or
Strong Data Augmentations, ICLR2022; Paul and Chen, Vision Transformers are Robust
Learners, AAAI 2022. Reproduced foreducational purposes.

basketball
(95.13%) beacon (99.81%)

American_black_bear basketball
(92.99%)

(87.74%)

-confidence

=
2
I
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Today

e Transformers Recap

e Computer Vision Tasks
o Semantic Segmentation
o Object Detection
o Instance Segmentation

e Visualization & Understanding
o Model Layers Visualization
o Saliency Maps
o CAM & Grad-CAM
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Next time: Video Understanding
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