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Recall: Image Classification

e Convolution + MLP + Softmax

Prediction Target
----- [ cat
:\ |:| dog < » “Cat”

\\\D monkey Cross-Entropy

[ ] tiger
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Computer Vision Tasks

Classification Semantic Segmentation Object Detection

GRASS, ,
TREE, SKY, ...

Image Captioning Image Generation

—

A cat standing
on the grass
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Today

* Image Segmentation
* Object Detection

* Image Captioning

Machine Learning: Lecture 13 3



Semantic Segmentation

* Segment an image into disjoint regions that have
independent semantics.

Label each pixel in the image with a category

GRASS,

TREE,
SKY, ...

i S MEEFERIZES!

Machine Learning: Lecture 13 4



A Naive Idea

* Classifying Pixels?

Full image

Impossible to classify without context

Q: how do we include context?

Machine Learning: Lecture 13



The Idea

° Sliding Window? Extract Classify center pixel
patch with CNN

Full image ’HTS H
{5 e = e COW

s, 41[ e HH
Cow
Grass

Problem: Very inefficient! Not reusing shared features
between overlapping patches

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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Fully Convolutional?

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

Conv Conv argmax
—_— —_— —_—

\ J
Y _ Predictions:
Convolutions: Scores: Hx W
DxHxw  CXHxW

Problem: convolutions at original image resolution will be very expensive ...

Machine Learning: Lecture 13 7



Fully Convolutional?

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

Downsampling: Upsampling:
Pooling, strided 297

convolution

RNl o R

Med-res: Med-res:
D2 x H/4 x W/4 D2x H/4 x W/4

Low-res:
D3 x H/4 x W/4

— o CxHxW
Input: High-res: High-res:

Predictions:
3xHxW D1 x H/2 x W/2 D4 x H/2 x W/2 H x 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”

111122
1 2 111122
Nearest Neighbor >
3 | 4 313|144
313|144
Input: 2 x 2 Output: 4 x 4
1101120
1 2 O/ 0|00
“Bed of Nails”
3 | 4 3 /0140
O/ 0|00
Input: 2 x 2 Output: 4 x 4
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Upsampling with Transposed Convolution

e Convolution Matrix

We can reformulate convolution as matrix multiplication by
rearranging the kernel matrix into a general matrix.

Inputs (4x4)

Filter (3x3) Output (2x2)
112]6|3
1141
35|21 5|6
Ay D :EI . L /D
'\-#_-,’JF/\-TI-?KflE . 112101211 11413~ :> 7|8
1314 ls 3|31 \ﬂ\a}\tten
b rearrange 1 A
--------------- g 2
e flatten y
y e > 6 v
1141|0143 /0/3/3/1|/0|0f0f0]|0 3 5
BN o/1/4/1/0f[1/4/3|0/3|3/1/0|0|0]0 6
FaVFERE ® 2 =
E‘ﬁ*‘ % olojlojo|1/4|1|o|1]/4|3|/0/3/3/1 0 5 7
/ olojlojojo|1|4|1|0|1/4/3 0|3|3]|1 : 8
Convolution Matrix (4x16) 4
8
Inputs (16x1)

Machine Learning:
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Upsampling with Transposed Convolution

e Transposed Convolution Matrix

Transpose the convolution matrix C (4x16) to CT (16x4).
We can matrix-multiply C' (16x4) with a column vector (4x1) to generate
an output matrix (16x1).

1/0/0/0 K
Deconvolution: Gty o|o 2]
11400 6
ol1/0]o0 3
1/0/1]0 3
Inputs (2x2) |~ | outputs (4x4)
411)4 1 5
3.4/|1 |4 5 2 11216 | 3
. 0/3 |01 6 1| reshape |5 [ 51,1,
Transposed Convolution ® — .
Matrix (4x16) S 0170 7 | 1] Tl2]2]1
3,341 8 | 2 | 713|4/|s
0/1/0/|3 1
cormech 1 value to 9 olo PN o .
values in the output. —
0/0|3|3 3
o/o|1]3 4
o/lo|o|1 8
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Encoder-Decoder Architectures

e U-Net

Skip connections

Convolutions Deconvolutions

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation

Machine Learning: Lecture 13 12



U-Net

164 64
128 64 64 2
input
ima?qe > > - .y . output
i segmentation
L AEEE
MO of o ™ map
vl el g ol = e
| o) & gl gl 83
X| X§ X
N | Off ©
~| s ©
[TeN o] WTe]
'128128
256 128
> o|’|
1 B
S B K S Kot R
ANf N N
’ 256 256 512 256 t

> % 'E 'gl =»conv 3x3, ReLU
—
S = = copy and crop
512 512 1024 512

- —: - § max pool 2x2
[{e} <t o o

¥ 1004 SR 4 up-conv 2x2
I > I >
) Y % =» conv 1x1

[90] N

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation
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TIME for Coding

e Tutorial: Image segmentation with U-Net

https://www.kaggle.com/code/gokulkarthik/image-segmentation-with-
unet-pytorch

NOTE: How to enable GPU in your Kaggle kernel?

- Verify the phone number of your Kaggle account

- Click *“accelerator” in the notebook setting (top right) and then select the GPU
(https://www.kaggle.com/general/97939)

Machine Learning: Lecture 13 14


https://www.kaggle.com/code/gokulkarthik/image-segmentation-with-unet-pytorch

Computer Vision Tasks

Classification
ey o
n 1 dog
-

Image Captioning

A cat standing
on the grasas

Semantic Segmentation

GRASS, CAT,
TREE, SKY, ...

Image Generation

Object Detection

Machine Learning: Lecture 13
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Object Detection

Machine Learning: Lecture 13
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Single Object

* Object detection = Classification + Localization

KD DA BEFR
Cat: 0.9
Dog: 0.05 “Cat”
Car: 0.01 @
Fully < >
. Connected:  Cross-Entropy
ot 7} 4096 to 1000
i + =Loss
CNN__. Full
_________________________ = u y
= F&: Connected:
4096 4096 to 4 L2 Loss

»
>

<
<

#A: an image

(X’ y’ W’ h) (X,’ y” W” h’)
B AR EN B AR

Machine Learning: Lecture 13 17



Multiple Objects?

--7~ DOG: (X, Y, w, h)
>~-DOG: (x, y, w, h)
. CAT: (X, ¥, w, h)

* Problem: each image (CNN) needs a different number of outputs!

Machine Learning: Lecture 13 18



Multiple Objects

* |dea: enumerate different crops of the image, apply a CNN to O
classify each crop as object or background. i

=l <22"""Dog? NO
= ~Cat? NO
— 5 “Background? YES
CNN

Problem: Need to apply CNN to huge
number of locations, scales, and aspect

ratios, very computationally expensive!

Machine Learning: Lecture 13 19



Region Proposals: Selective Search

* Find “blobby” image regions that are likely to contain
objects

* Relatively fast to run; e.g. Selective Search gives 2000
region proposals in a few seconds on CPU

v

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

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

Cheng et al, “BING: Binarized normed gradients for objectness estimation at 300fps”, CVPR 2014
Zitnick and Dollar, “Edge boxes: Locating object proposals from edges”, ECCV 2014
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R-CNN

@ TN EPRAER (dx, dy, dw, dh) | Bbox regr || SVM | @ RASVMRIXIgi#iTo 3K

Bbox regr || SVM s WY .
N %) G/ ROIEHEHEIN I mageNet
SVM . R .
| Bbox regr | -~ oNN || TR R R

CNN

(224x2241%2%)

— DOXR AR INE LK EY]

ROIXS R HYE] iR
I AROI (£92kA)

Problem: Very slow!

Need to do ~2k independent forward
passes for each image!

Girshick et al, “Rich feature hierarchies for accurate object detection and semantic segmentation”, CVPR 2014.
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Fast R-CNN cCrop the conv feature instead!

* Idea: Pass the image through convnet before cropping!

Linear | JAFHEALHR

Linear+

softmax
N H

CNN | Per-Region Network

St S5l

@ wsmEsnmn 2 0N ,
LS LT 0 ROl froma
/" “Slow” R-CNN

Kz
proposal
method. /'
- SVM

onv5” features
SVM
Conv

/ t Conv
@ (ERRBFRMZE
ConvNetdMEZEIE  ConvNet

=]
):'L “Backbone” network:
VGG, ResNet, etc

-

22
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Faster R-CNN  Make ¢NN do proposals !

* Insert a Region Proposal Network (RPN) to predict proposals
from features

Classification Box regr

Classification Box regr

1
N t ’/55 J/QOI pooling

proposals

Sy
Region Proposal Netwo»
feature map t /

Jointly train with 4 losses:
4

1.RPN classify object / not object
2.RPN regress box coordinates
3.Final classification score
4.Final box coordinates

Ren et al, “Faster R-CNN: Towards Real-Time Objgct
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Region Proposal Network

e Imagine an anchor box (§5%&) of fixed size at each point in
the feature map

FEFAS BTN A R B4 B AR

e (A s£)
] D

5B AT B R B AR?
1x20x15

Conv

B AREAARALE
| 4x20x15
EMNE R ST ST N A B AR RS, HE

(e.9. 3 x 640 x 480) (e.9. 512 x 20 x 15)

— Mt A AR B (= ua
FR ) w9 A AR AR ECF)

Machine Learning: Lecture 13
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Region Proposal Network

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

\
__, Anchoris an object?
Kx20x15
Conv
|.] Box corrections
4K x 20 x 15
/
Input Image
(e.g. 3 x 640 x 480) Image features

(e.g. 512 x 20 x 15)

e Sort the K*20*15 boxes by their “objectness” score, take top
~300 as our proposals

Machine Learning: Lecture 13

25



Faster R-CNN

e How fast?

R-CNN Test-Time Speed
R-CNN
SPP-Net
Fast R-CNN - B

Faster R-CNN| 0.2

0 15 30

45

Machine Learning: Lecture 13
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YOLO - Real Time Image Segmentation

e Formulate object detection as a regression problem

""*’L”"‘V“I |
BR[| TR
- VAEE 3
B B B s SXSA
MNA& (iX 2.S=7)

WMNE A/
3xHxW

ARIEBAN A AR
B )2 — /% &

a9 F9 R AR

P 'il‘mMﬁ - -

ﬂ-—/\ﬂﬁéfﬁ-mrﬁzﬂ' BAN H 13
JE 693 FAE: (X, y, h, w, confid)

B/~ R
B FR& TC g b2

A BARE (5 7H]X7X(£5*
HR)OBE B+
onil

Redmon et al. You Only Look Once: Unified, Real-Time Object Detection. CVPR 2016
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YOLO - Real Time Image Segmentation

- - ""'-.A » - -
S x S grid on input ‘ ; Final detections

T

Class probability map
Redmon et al. You Only Look Once: Unified, Real-Time Object Detection. CVPR 2016

Machine Learning: Lecture 13
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Computer Vision Tasks

Classification Semantic Segmentation Object Detection
B ot oSSl emhe
GRASS, CAT, .
TREE, SKY, ...
Image Captioning Image Generation
A cat standing

on the grass
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Image Captioning

* Generate a natural language description for an image.

BN A&

“—AARE—TUETE
L EUE S

w: ERES I Y =y Yo

» YT

Machine Learning: Lecture 13
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Idea: Encoder-Decoder?

Encoder: c = fw(z) Decoder: y:= gv(yt1, ht1, C)
where z is spatial CNN features where context vector c is
fw(.) is an MLP often ho =c

Person wearing hat

CNN 21,0 | 211 | 21,2

5 011489 Features: 'a a
H fq NS 4+
?CENNTIEEXIIEH% HxWxD o berson wearing

Problem: Input is
"bottlenecked" through c
Xu et al, “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015
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CNN with Self-Attention

e We can also apply self-attention to CNN features.

Residual Connection
Guorlas: Attention Weights
C'xHxW ’7 /| Transpose (Hx W) x (HxW)
Input Image 1x1 Conv ’ ity
; CxHxW
] Keys: , / |
“— CxHxW ¢ {

s 1x1 Conv = —V
Features: A
CxHxW CxHxW

Values: —_— V A—
C'xHxW

1x1 Conv
1x1 Conv

Self-Attention Module
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Image Captioning withusing Transformers

c = i hat END
Encodelj. c= T_w(z) person wearing a [ ]
where z is spatial CNN features

T(-) is the transformer encoder Y Y, Y, Y,

|

Z Z 7
0,0 0,1 0,2 C, C C C
2 \‘ o e 22 Transformer decoder
' Zi0| 211 412 { r

z iz Transformer encoder

Extract spati Features: !
W D yO y1 y2 y3

features from a X W X Zoo 1 Zo1 || Zo2 | - R
pretrained CNN

[START] person wearing hat

Perhaps we don't need
convolutions at all?
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Image Captioning using ONLY Transformers

e

0,2

Cyo

i

“ Transformer encoder

y

r
EfE - N

Worth 16x16 Words: Transformers for Imaae Recoanition at Scale”. ArXiv 2020

person wearing hat [END]
Y, Y, Y, Y,
- Transformer decoder
A
Yo Y Y2 Y3

[START] person

wearing hat

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ArXiv 2020
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Vision Transformer (ViT)

Vision Transformer (ViT)

A

Transformer Encoder

L5z

MLP
Head

MLP

i

Norm

Transformer Encoder

[class] embedding [ Lmear PI'OJCCIIOI’I of Flattened Patches

# Extra learnable ' | '

Norm

ST T 1 T 1
T T T

)
'
e -~

Embedded
Patches

i
|
1
|
“ee l
I
|
!
| o—
syt l 1
- SLIDOD NG | | (EE
]
|
I
]
1
1

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ArXiv 2020
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Vision Transformers vs. ResNets

Transfer accuracy [%]

O
wn
"

o
o
1

Average-5 50 ImageNet
@
% @
e » 85 .
] ® ’ &g
@
@
80 1

® Transformer (ViT) ® Transformer (ViT)
ResNet (BiT) ResNet (BiT)
Hybrid Hybrid

102

. . 75 ++
10° 10* 107
Total pre-training compute [exaFLOPs]

Farewell

10°

104
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Vision Transformers for Object Detection

e DE:TR
.~~"".-= no object (o) no object (o)
e transformer
« - : encoder-
decoder
set of image features set of box predictions bipartite matching loss

backbone |
set of image featuresii

class,

FFN (> box

FFN | M

transformer object

decoder

8006

FEN > class,
box

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020
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MRXIRBE SRS

[{'score': 0.9950, 'label': 'cat and dog'},
— {'score': 0.0048, 'label': 'rabbit and lion'},
{'score': 8.81e-05, 'label': 'lion and cheetah'}]

[“Lion and cheetah”,
“Cat and dog”,
“Rabbit and bird”]
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MR AAEE (VLMs)

o HEZEASE I E(text-image) Y KIEEHER

Object Localization

Zero-shot Segmentation

Segment: striped cat

Zero-shot Visual QA

What is the breed of
these cats?

One-shot Learning with Instructions

Striped cats are called tabby

cats. What is the breed of ——

the cats in the image?

Vision
Language
Model

The cats in the image appear
to be domestic shorthair cats.

The cats in the image are tabby cats.
Tabby cats are a common domestic

\—— cat breed and are characterized by
their distinctive coat pattern, stripes
on the body, and a ringed tail.

Machine Learning: Lecture 13
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CLIP: XJEbZUE 35I| 25

1. Contrastive pre-training

pepper the Text
aussie pup Encoder 1

— I I
— I T
Image
Encoder Is IsT

N InTy

I,

I, T,

I3 T,

IyT,

I, T3

I,Ts

IzT3

InTs3

I Ty

I, Ty

13 'TN

InTy

BT 3 5 A —2 B A WA

@ )}‘ éﬁ];% 7, xﬁr\#ﬂﬂ J\XJ:\Q/%VE% ar

HH A E 0P RIEIES .

2. Create dataset classifier from label text

a photo of Text
a {object}. Encoder

Z .
a

3. Use for zero-shot prediction

i I Ln LT LT I Ty

BXaeE: RIBRE %ﬁgi%% ®,
5 K B ST R ] R 6 G A 38 AT 4R

7 i E AR RS89,

Learning Transferable Visual Models From Natural Language Supervision
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IZRRER : BRI

o MHF—HBAMANBRA RHASR &, LEAMALLRDF
HHBAEETHARBEZES, B bs Kk,

Contrastive Loss
exp(sim(v;,t;)/T
P th \‘ Lo = —log < ( ( ist:)/T)
aussic pup , Text > j—1 exp(sim(v;, t;)/7)
Encoder
Y \ 2 v v
T | 2 | Ts - | Tn

P
7N e e . .
o el s [y | Ll || Dissimilar pairs
\ N -
N\ »
—>» b LN | LTy | T3 . [Ty
N \N
\ N
Image 1 5 1 3Ty | I3 Ty | 13T \ I3 Ty
Encoder N \ P . . .
v Similar pairs
: \ A \
N\
\
L IN IN'TI IN'T2 IN'T3 \ Q\IN'TN /
N— /7

Learning Transferable Visual Models From Natural Language Supervision
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IETERER - BIHEE=

o MRBAREMIE XL FHE, AN E AN LTF W RD I
TRA, AR R R

(2) create dataset

o1ane — classifier from la
| text

dog «| A photo of - Text

- ' a 417\1/\,‘/‘2:7"» '. 'E

bird P—

(3) Use for zero-shot prediction v v v v
T T, | T3 TN
Image I T, | I;T, | ;T I,-T
I Encoder —>» L vy et s 1IN
\ 4
. _ o A photo of
Learning Transferable Visual Models From Natural Language Supervision a dog.
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ARZEEIVLM

fiz [ Loss ! =h A | Loss |
B = e [l
I ,
Fusion Decoder 1
sl s f Image Text
E Encod
L skt Encoder Encoder
_________ T '
Encoder-decoder | Loss | Adapted LLM L‘..'-".Tf'f'.._'
) Va I
( Text Encoder » Decoder 1 LLM

T

Image
Encoder

Text
Input

Image Text
Encoder Input
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LLaVA

o Extends large language models like LLaMa with visual
inputs

w#1E X, g @b A

EE L /,
aljalaN T 7
[ BREW H, H,
5[7] =4 a “y ? T
Wtigs N x. g XSRS

_______________ ——

| 7131 ZACL | PAL A

_______________________________
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https://www.google.com/url?q=https%3A%2F%2Fhuggingface.co%2Fdocs%2Ftransformers%2Fmodel_doc%2Fllama

TIME for Coding

e Tutorial: Visual QA with LLaVa

https://colab.research.google.com/github/NielsRogge/Transformers-
Tutorials/blob/master/LLaVa/Inference with LLaVa for multimodal ¢
eneration.ipynb#scrollTo=PuWVA AOinC8q

https://huggingface.co/blog/vims

AR

inputs = processor (prompts, images=[imagel, image?],
padding=True, return tensors="pt").to("cuda")
inputs = processor (prompts[0], imagel,
padding=True, return tensors="pt").to("cuda")
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https://colab.research.google.com/github/NielsRogge/Transformers-Tutorials/blob/master/LLaVa/Inference_with_LLaVa_for_multimodal_generation.ipynb

What's Next?

e Unsupervised Learning

i}%. - Clustering o é“?&

Learn hidden structures

» e K-means 4 : I
% e Gaussion Mixture Generative
- /| density estimation
k3 O
e VAE
e Diffusion
i B o

% ( Dimensional Reduction

Learning data compression
4/~ | © Principal component analysis

FEﬁ K. Auto-encoder y

Machine Learning: Lecture 13



