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[Wang et al. NeurlPS 2017] 3



https://papers.nips.cc/paper/2017/file/147ebe637038ca50a1265abac8dea181-Paper.pdf

Common Solution to Imbalanced Learning

Oversample minority classes
- Works better than undersampling majority classes

- Class weight to give more/less importance in the loss to
minority/majority classes
- Before averaging all losses in a batch, multiply each loss
by the weight associated to the class ground-truth

- Sample weight is like class weight but per sample
- Example: hard mining oo 22 ‘i

- Metric Learning learns a metric not actual classes
- More on it in the next course!
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Multi-Labels Classification

Classification Multi-Labels Classification

Ilcat” {llcatﬂ’ Ildog”}
0,0,0,0,..,1,0, .., 0] [0,0,1,0,..,1,0,..,0]
Softmax activation Sigmoid activation



Sparse & Imbalanced

Category Texture Fabric Shape Part Style
Ramper Hoodie Palm Colorblock Leather Tweed VMldl Bow-F Fringed-H  Mickey Baseball

1%

1,000 clothing attributes

Some are very common others not = class weights can be useful

[DeepFashion, Liu et al. CVPR 2016] 7



http://mmlab.ie.cuhk.edu.hk/projects/DeepFashion/AttributePrediction.html

Object Detection



Object Detection

Bounding boxes around the object: (x,y,w, h)
Class prediction: ¢



Localizing a single class

Prediction Regression:
s ReLU (xJ )’; W; h)
R ERUININEL NS, n L2 Loss

Classification:

Gy
Cross-Entropy

Naive model!
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Localizing a single class

Features maps before global pooling
Prediction Regression:
| o < | - JCED

AP RVRROIVELREL, L2 Loss

Classification:

i
Cross-Entropy

CNN is pretrained on ImageNet

Naive model!
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Localizing multiple classes

Two tasks:
1. Find the regions of interest (Rols) of the image
2. Classify them as either a known class (c¢q, ¢y, ..., ¢;;) or background class

Two families:
-  Two-Stage: first determine which regions may contains an object (1), then classify the

said object (2)
— Fast R-CNN, Faster R-CNN, Mask R-CNN, etc.

- Single-Stage: solve the two tasks together
- SSD, Yolo, RetinaNet, etc.
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Single Stage: Yolo: You Only Look Once

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

1. Resize image to 448x448
2. Extract features with DarkNet and apply object detection procedure
3. Non-max suppression to remove overlapping predictions

[Redmon et al. CVPR 2016] 13



https://arxiv.org/abs/1506.02640
https://github.com/pjreddie/darknet

Single Stage: Yolo: You Only Look Once

( )
FC Layers
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Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers  Conn. layer  Conn. Layer
7x7x64-5s-2 3x3x192 1x1x128 1x1x256 }X4 1x1x512 .5 3x3x1024
Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-s-2 2x2-s2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer ~ Maxpool Layer
2x2-s-2 2x2-s2
\ J

The interesting part is in the FC layers
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Single Stage: Yolo: You Only Look Once

Define hardcoded cells.

The model will predict multiple attributes for
all these cells.

S x S grid on input

Define hardcoded cells
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Single Stage: Yolo: You Only Look Once

B boxes per cell, and the regression head predicts how to
deform them to best fit the object

A 4

it e, ) , 4 =l
g ] L = o i L "_ - ...
Bounding boxes + confidence

2 o Each bounding box has 5 values:

S x S grid on input - x, y: the center of the box relative to the cell center
- w, h: the width and height of the box, so it can be

Define hardcoded cells deformed to better fit an object

- c: the confidence that there is an object in that box
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Single Stage: Yolo: You Only Look Once

i ) BT N
{ v
U

Bounding boxes + confidence

S x S grid on input Each cell (not each box!) has
” an associated class
Define hardcoded cells
Class probability map
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Single Stage: Yolo: You Only Look Once

SxS grld on mput 7all inélrde‘tectior‘\s

Define hardcoded cells

Class probability map
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Single Stage: Yolo: You Only Look Once

( )
FC Layers
448
7
7
12
I
“ N i—
448 3 28 36—\ [
3 43 7 2 7 7
12 56 28 3 3 g >< H ><
| | 1 7 7 7
3 192 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers  Conn. layer  Conn. Layer
7x7x64-5s-2 3x3x192 1x1x128 1x1x256 }X4 1x1x512 }XZ 3x3x1024
Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-s-2 2x2-s2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer  Maxpool Layer
2x2-s-2 2x2-s2
\ J

Last layer predict a vector of size 1470:
1470 =7%X7X(2X54+20)=SXSX(BXx5+0C)

S : number of cells per side
B : number of bounding boxes per cell
C : number of classes (including background class) 19



Single Stage: Yolo: You Only Look Once

Center the box towards the ground-
ob] A2 R Y
Acoord Z Z L [(x" 2:)" + (v — 43) ] truth (GT) center

i=0j=0

s? B
/_ Match the GT box shape

ob] - /o~
+ Aeoora D > 13 [( VWi w‘) (\/h_” > ] (width and height)

1=0 7=0

2 Increase object confidence if GT
) object is actually present

BHRtICE

=0 7=0

S & D bj fidence if GT
noob] 2 ecrease object confidence i
+ Anoob; Z Z L ( -G ) object is actually not present

1=0 =0

S . Increase correct class prediction if
obj )
+ 17 D (pi(e) — Bi(e))’ GT object is actually present

1=0 c Eclasses

S : number of cells per side
B : number of bounding boxes per cell
C : number of classes (including background class) 20



Single Stage: Yolo: You Only Look Once

SxS grld on mput 7all inélrde‘tectior‘\s

How to get only a few
good bounding boxes?

Define hardcoded cells

Class probability map
21



Background + NMS

1. Remove all bounding boxes associated to the class “background”
2. Then apply Non-Max Suppression (NMS)

Among all overlapping bounding boxes, keep the most confident one.

Non differentiable post-processing done in inference!

[Douillard et al. Nato challenge 2018] 22



https://arthurdouillard.com/post/nato-challenge/

Single-Stage: RetinaNet

class+box ( /
subnets /)’ class p
’ subnet
P Py | WxH » | WxH >l WxH
C'S“‘:;:Z;’SX x256 | x4 || x256 xKA
class+box | / ;/ ;
|_subnets | 1
WxH |- __p!| WxH
box X256 X4> %256 >
subnet / /
(a) ResNet (b) feature pyramid net (0) class subnet (top)  (d) box subnet (bottom)
e Fully Convolutional Architecture (FCN)
I:: ____________________________ 4
E 2x up E
E —>{ 1x1 conv E

N Y

[Lin et al. ICCV 2019]
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https://arxiv.org/abs/1708.02002

Single-Stage: RetinaNet’s Focal Loss

FL(p:) = —au(1 — pr)” log(py)

Single-stage models have

a huge imbalance with
CE = —lo =0
many potential Rols that (p) g(p) —; =05
are background. 4 FL(p) = —(1 — p)” log(p1) — =;
oy
3t =3
w
Focal loss reduces the 3
loss if the correct class is 2r _
. . well-classified
predicted with too much examples
fi : - A
confidence 1 —~
0 e — e ——
0 0.2 0.4 0.6 0.8 1

probability of ground truth class

[Lin et al. ICCV 2019] 24



https://arxiv.org/abs/1708.02002

Two Stages: Fast R-CNN

1 Outputs: beX
i Deep \ softmax regressor
- |ConvNet| | =

Rol coFC EaFC

e : pooling
-l Rol g layer [\ FCs
{ E | e |

A prOJECtlon\
A8 Conv N Rol feature
feature map vector ... .

1. Extract features from pixels with “Deep ConvNet”
2. Generate Rols from pixels using Selective Search

3. Index the features using the Rols

25

[Girshick ICCV 2015]



https://arxiv.org/abs/1504.08083

Two Stages: Faster R-CNN

Similar to Fast R-CNN but ditch the
selective search for a Region
Proposal Network (RPN).

Mini-network that slides different
anchors and predict a binary

classification:

background vs non-background

I 2k scores ‘ | 4k coordinates I <= k anchor boxes

cls layer \ ’ reg layer

[ 256-d |
1 intermediate layer

sliding window

conv feature map

[Ren et al. NeurlPS 2015]

classifier

Rol pooling

propoV /

Region Proposal Networky
feature maps

0

conv layers /
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https://arxiv.org/abs/1506.01497

Metric: Precision & Recall

[Wikipedia]

Precision =

Recall =

tp

tp+ fp
tp

tp + fn

relevant elements
I 1

false negatives true negatives

selected elements

How mar lected How many relevant
items are rel nt? items are selected
Precision = Recall = —

r

27


https://en.wikipedia.org/wiki/Precision_and_recall

Metric: Intersection over Union

I Ground truth

Prediction

area of overlap
area of union

Overlap

[Hui’s Medium] 28



https://jonathan-hui.medium.com/map-mean-average-precision-for-object-detection-45c121a31173

Metric: mean Average Precision (mAP)

0.9

0.8

0.7

Precision

0.6
05

0.4
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Recall

Precision-recall curve

AP = /01 p(r)dr

An object is correctly predicted if loU > 0.5 with ground-truth.

AP is the area under the curve for the graph Recall-Precision.

- We want a high precision while not missing an object (recall)
[Hui’s Medium]
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https://jonathan-hui.medium.com/map-mean-average-precision-for-object-detection-45c121a31173

Beyond anchors

Heatmaps Embeddings

7/7

Top-Left Corners

CornerNet, predicting the top-left and
bottom-right corners.

[Law et al. ECCV 2018]

ConvNet

Bottom-Right Corners

localization

convert supervision

RepPoints, predicting points that bound
an object.

recognition :
e . supervision
[Ya ng eta l. ICCV 2019] g, feature extraction
ﬁgtlv + classification
e e[
reP";me
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https://arxiv.org/abs/1808.01244
https://arxiv.org/abs/1904.11490

State of the Art

111 = oo
i | xo II“ I(K,C)
| <~ Jov ™5 awn =S
) Class-agnostic P ! Detection
Detection heads RPN Proposals  Detection heads detection heads roposats heads
(a) one-stage detector (b) two-stage detector (c) Probabilistic two-stage detector

Combining RPN prediction with final class prediction:[CenterNet2, Zhou et al. arXiv 2021]

T s s mEE e EEE | r====C° """ ""5°7
' backbone || encoder i decoder ! prediction heads |
1 I
| setofimage features:i " "
: ' Qoo " T\'. FEN ] G2
I I
i X E | \ FEN no
—__U | transformer \ transformer ! object
3 H decoder ! class
I s
E ! i\ g
1 t ! i
| | no
E [j] E: ‘ |‘1‘| |£| ‘ i: FFN object
1 ! "

object queries

Transformers-based to produce a set of boxes: [Carion et al. ECCV 2020]
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https://arxiv.org/abs/2103.07461v1
https://arxiv.org/abs/2012.07177v2
https://arxiv.org/abs/2005.12872

Segmentation



Semantic Segmentation

o)
20

Each pixel has a class

[kharshit.github.io]


https://kharshit.github.io/blog/2019/10/18/introduction-to-panoptic-segmentation-tutorial

Instance Segmentation

Each pixel has a foreground class and an instance

e 71%

backpack 98% = | "backpack 54
y- =

Vo o =
person 100% Person 100% person 100%

[kharshit.github.io] 34



https://kharshit.github.io/blog/2019/10/18/introduction-to-panoptic-segmentation-tutorial

Panoptic Segmentation

D)
20

Semantic + Instance Segmentation

—————

—

ce\hng’,

~
motorcycle
- A

)

[kharshit.github.io]


https://kharshit.github.io/blog/2019/10/18/introduction-to-panoptic-segmentation-tutorial

Instance Segmentation: Mask R-CNN

[ /
! . AN A
1 RolAlign| —1hi1 9%
21l - [ > LA
/ A1 //
f g g
: A Faster R-CNN
Extend Faster R-CNN with a 4 wi ResNet (19]
new branch made only of 72 | 7o |vec——r— class
Rol X]qui. ress X2048f 2048 | J

convolutions.

The branch predict a class per
pixels per box.

[He et al. ICCV 2017] 36



https://arxiv.org/abs/1703.06870

Semantic Segmentation: Fully Convolutional Network

forward /inference

W
<%

.

A A A
I R

70 P 21

backward /learning

21

Predict 21 classes per features/logits pixels, upscale the prediction to image size
and classify per pixel with cross-entropy.

[Long et al. CVPR 2015] 37



https://arxiv.org/abs/1411.4038

Semantic Segmentation: Fully Convolutional Network

“tabby cat”
000 o0
= R G | \ |
conv olutlonahzatlon
; tabby cat heatmap

o0
Init the network with model pretrained on ImageNet.
And convert the last FCs layers into 1x1 convolutions... while keeping weights!
FC weight: C; XC,

Conv weight: C;XC,XkXk

[Long et al. CVPR 2015] 38



https://arxiv.org/abs/1411.4038

Semantic Segmentation: U-Net

164 64
128 64 64 2
input
imc’:z;e > > »|s|o] OUtPUL
; segmentation
tile ol S S S
gl & & & map
NI K ol & o
| bf B 2] I
x x| X
AN| Off ®©
~| =) ©
| O w
’128 128 ]
256 128
BB
HEE <Ll Sl 3
N N N t
' 256 256 512 256

Ngltltf’l gﬂtl?l =»conv 3x3, RelLU
© © -~ N o
— 0 o t S S

¥ 512 s12 1024 512 copy and crop
o > e e e § max pool 2x2
© 3§ 1o 45 B 4 up-conv 2x2
Ng-?g E =» conv 1x1

Upsample the small features maps with transposed convolution

[Ronnerberger et al. MICCAI 2015] 39



https://arxiv.org/abs/1505.04597

Transposed Convolution

Add padding inside the
input features.

[vdumoulin's github] 40



https://github.com/vdumoulin/conv_arithmetic

Semantic Segmentation: Hourglass Network

Stack of Hourglass, which are similar to U-Net
Each hourglass is trained to predict the final segmentation map.

The N+1 hourglass refines the results of the N hourglass, as in boosting.

[Newell et al. ECCV 2016] 41



https://arxiv.org/abs/1603.06937

Semantic Segmentation: Deeplab v2-v3

Small Resolution D E

. i T T T T r ——
L7 M LT — L7 ~ g A 'Spag.l /P);ra/mid Pooling/A

t ! ! 1 2X up _ : ——
L7 7 L7 —q L7 convamon L1 q

I 1 2xup b o=
(a) Image Pyramid (b) Encoder-Decoder (c) Deeper w. Atrous Convolution (d) Spatial Pyramid Pooling
Multi-Scale U-Net like

. : Deeplab v2 Deeplab v3

Images architectures

[Deeplab v2, Chen et al. TPAMI 2016], [Deeplab v3, Chen et al. arXiv 2017 ] 42



https://arxiv.org/abs/1606.00915
https://arxiv.org/abs/1706.05587

Semantic Segmentation: Deeplab v2

Small Raesolution LU
==
s
=
ST

Image Image

(c) Deeper w. Atrous Convolution

Dilated (Atrous) convolutions.

—> Larger receptive field-of-view
Add padding inside kernel —> Add also a lot of padding around the
input features to keep large resolution

[Deeplab v2, Chen et al. TPAMI 2016], [vdumoulin's github] 43



https://arxiv.org/abs/1606.00915
https://github.com/vdumoulin/conv_arithmetic

Semantic Segmentation: Deeplab v3

Conv Conv Conv
kernel: 3x3 kernel: 3x3 kernel: 3x3
rate: 1 rate: 6 rate: 24
rate = 24
p—
rate=1 rat<e_>= :
Atrous Spatial Pyramid Pooling (ASPP): . E]
- Combine multiple dilation rate, each
Feature map Feature map Feature map

seeing a different “scale”
Figure 1. Atrous convolution with kernel size 3 X 3 and different

rates. Standard convolution corresponds to atrous convolution
with rate = 1. Employing large value of atrous rate enlarges the
model’s field-of-view, enabling object encoding at multiple scales.

(a) Atrous Spatial
Pyramid Pooling
o 1x1 Conv

Convl rate=2 EE 3x3 Conv Concat
+ rate=6 N

Pooll Blockl Block2 Block3 Block4 23 conv | 1x1 Conv

. > [ rate=12 —_—
’l
3x3 Conv
) output P © G .
Image strige 4 8 16 16 | rate=18 16

(b) Image Pooling

[Deeplab v3, Chen et al. arXiv 2017 ] 44



https://arxiv.org/abs/1706.05587

Semantic Segmentation: Deeplab v3

Conv Conv Conv
kernel: 3x3 kernel: 3x3 kernel: 3x3
rate: 1 rate: 6 rate: 24
rate = 24
p—
rate=1 rat<e_>= :
Atrous Spatial Pyramid Pooling (ASPP): . E]
- Combine multiple dilation rate, each
Feature map Feature map Feature map

seeing a different “scale”
Figure 1. Atrous convolution with kernel size 3 X 3 and different

rates. Standard convolution corresponds to atrous convolution
with rate = 1. Employing large value of atrous rate enlarges the
model’s field-of-view, enabling object encoding at multiple scales.

(a) Atrous Spatial
Pyramid Pooling
o 1x1 Conv

Convl rate=2 EE 3x3 Conv Concat
+ rate=6 N

Pooll Blockl Block2 Block3 Block4 23 conv | 1x1 Conv

. > [ rate=12 —_—
’l
3x3 Conv
) output P © G .
Image strige 4 8 16 16 | rate=18 16

(b) Image Pooling

[Deeplab v3, Chen et al. arXiv 2017 ] 45



https://arxiv.org/abs/1706.05587

Two key ideas for segmentation

—_—
maps block

strided upsampl
ipsample
N cony. /

Figure 1. A simple example of a high-resolution network. There are four stages. The 1st stage consists of high-resolution convolutions.
The 2nd (3rd, 4th) stage repeats two-resolution (three-resolution, four-resolution) blocks. The detail is given in Section 3.

Multi-scale/resolution is very important to detect all kinds of object. [Sun et al. CVPR 2019]

pm e e frmmmmm—m——— i —— N
! Fe———— \ R
1 : x y Z. &
Conv | ' i ' | Con "W ' w - . W
1><I g @:—2. _ ConcaD—:—r 1x;’ Wxwxd FxEXC ExgxzC XX AC XX 8C MLP
| I 5 | ~ - N T e LN
Hxwx128' U (HXWx16)x8, U (HXWx16)x8 ' HXWx256 Fo ' : ) : : v:§
I " HXWX128 1 gy on HXWx128 | af SSwin | Con@ i OWI Lo @ W o ( CSWR
\ Multi-Head Attention , Multi-Head Attention | el Block . Block = [ Block | = [ Block Cross-Shaped
\_ Height-Axis ! Width-Axis ’ gE (swy) : (swz) (sw3) ! (sws) Window Self-Attention
------------------ ettt any EL : : [
N E ) XN A X N, XN; ! ) X Ny LN
Stage 1 Stage 2 Stage 3 Stage 4 CSwin Transformer Block
HXWx256 HXWx256

Attention to far away pixels is also important. Thus, transformers will probably be a good
[Wang et al. ECCV 2020] choice.

[Dong et al. arXiv 2021]
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https://arxiv.org/abs/1904.04514v1
https://arxiv.org/abs/2003.07853
https://arxiv.org/abs/2107.00652v2

Given fixed method, two possible improvements

Better backbone:

- Larger, wider, deeper, with all modern tricks (EffNet vs ResNet vs VGG)
- Pretrained on a dataset as large as possible (ImageNet, JFT300M, Instagram1B)

Better augmentation and regularization:

- Many data augmentation are possible (erasing, copy-pasting, etc.)
- Regularization trick may help (which kind of normalization? DropPath? Focal Loss?)
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Small break,
then coding session!



