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x|y g orF3 HAEESE MNIST ¢4
e o|A|= tensorflows &8 (torch® 13 71%5)
[} TIMEZOR MNIST 2I517/(SGD ZEITIolX)

01 import numpy as np

02 1import tensorflow as tf

03 import tensorflow.keras.datasets as ds

04

05 from tensorflow.keras.models import Sequential

06  from tensorflow.keras.layers import Dense

07 from tensorflow.keras.optimizers import SGD

08 12 LR 2 HSH

09 (x_train,y_train),(x_tpst,y_test)=ds.mnist.load_data() —

10 x_train=x_train.reshape(60000,784) [0,1]2 A&}

11 x_test=x_test.reshape(10000,784) J

12 x_train=x_train.astype(np.float32)/255.0 H|O|E{ &H]

13 x_test=x_test.astype(np.float32)/255.0

14 y_train=tf.keras.utils.to_categorical(y_train,10)

15 y_test=tf.keras.utils.to_categorical(y_test,10) —
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2y Mg chE HAEEOC2 MNIST QA

e o|A|= tensorflow& &£ (torchZ % 7I5)
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25

mlp=Sequential() \ l UH3 =Y
mlp.add(Dense(units=512,activation="tanh',input_shape=(784,)))

mlp.add(Dense(units=10,activation="softmax")) |

>

MSE &4 gt SGD ZE|ato]z] HEE
mlp.compile(loss="MSE',optimizer=SGD(learning_rate=0.01),
metrics=['accuracy'])
mlp.fit(x_train,y_train,batch_ 51ze 128, epochs 50,validation_

data=(x_tést,y_test),verbose= NHD _

res=mlp.ejaluate(x_test,y_test,verbose=0)

print("@#==",res[11*100) @ —

=4 21 oju| efx| 2] HieH 4

ek

o2 7-3 LIS MEZo 2 MNIST 214517 |(Adam SEI0}o| %)

07

0733t 212 A QIS CH2 B22 [Z20# 7-2]1 28
from tensorflow.keras.optimizers import Adam

mlp.compile(loss='MSE",optimizer=Adam(learning_rate=0.001),metrics
=['accuracy'])
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2y Mg chE HAEEOC2 MNIST QA

+ of|A|= tensorflowE &8 (torchZ & 7t5)

Epoch 1/50 (D

469/469 - 1s - loss: 0.0876 - accuracy: 0.2390 - val_loss: 0.0842 - val_accuracy:
0.3410 - 1s/epoch - 3ms/step

Epoch 2/50

469/469 - 1s - loss: 0.0805 - accuracy: 0.4025 - val_loss: 0.0764 - val_accuracy:
0.4418 - 1s/epoch - 2ms/step

Epoch 49/50

469/469 - 1s - loss: 0.0189 - accuracy: 0.8870 - val_loss: 0.0179 - val_accuracy:
0.8941 - 1s/epoch - 2ms/step

Epoch 50/50

469/469 - 1s - loss: 0.0187 - accuracy: 0.8874 - val_loss: 0.0178 - val_accuracy:
0.8946 - 1s/epoch - 2ms/step

X &E= 89.4599974155426|(2




e SGD2} Adam A5 Jeljz 2 H|@

D2 7-4 OIS TMEECZ MNIST 24517 [(SGD2F Adame| &S 12H= H|x)

91 import numpy as np

02 import tensorflow as tf

03 import tensorflow.keras.datasets as ds

04

05 from tensorflow.keras.models import Sequential
96  from tensorflow.keras.layers import Dense

07 from tensorflow.keras.optimizers import SGD, Adam
08

09 (x_train,y_train),(x_test,y_test)=ds.mnist.load_data(
10  x_train=x_train.reshape(60000,784)

11 x_test=x_test.reshape(10000,784)

12  x_train=x_train.astype(np.float32)/255.0

13 x_test=x_test.astype(np.float32)/255.0

14 y_train=tf.keras.utils.to_categorical(y_train,10)

15 y_test=tf.keras.utils.to_categorical(y_test,10)

16

17 mlp_sgd=SequentialQ

18 mlp_sgd.add(Dense(units=512,activation="tanh',input_shape=(784,)))
19 mlp_sgd.add(Dense(units=10,activation="softmax"))




e SGD2} Adam A5 Jeljz 2 H|@

20
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24
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31
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34
35
36
37
38
39
40
4
4
43
44
45

mlp_sgd.compile(loss="MSE",optimizer=SGD(learning_rate=0.01),metrics=["accuracy'l)
hist_sgd=mlp_sgd.fit(x_train,y_train,batch_size=128,epochs=50,validation_
data=(x_test,y_test),verbose=2)

print('SGD #===",mlp_sgd.evaluate(x_test,y_test,verbose=0)[11*100)

mlp_adam=Sequential()
mlp_adam-add(Dense(units=512,activation="tanh',input_shape=(784,)))
mlp_adam.add(Dense(units=10,activation="softmax"))

mlp_adam.compile(loss="MSE',optimizer=Adam(learning_rate=0.001),metrics
=['accuracy'D
hist_adam=mlp_adam.fit(x_train,y_train,batch_size=128,epochs=50,validation_
data=(x_test,y_test),verbose=2)

print(‘Adam Z=l2=",mlp_adam.evaluate(x_test,y_test,verbose=0)[11*¥100)

import matplotlib.pyplot as plt

plt.plot(hist_sgd.history[‘'accuracy'],'r—")
plt.plot(hist_sgd.history['val accuracy'l,'r")
plt.plot(hist_adam.history['accuracy']l,'b--")
plt.plot(hist_adam.history['val accuracy']l,'b")
plt.title('Comparison of SGD and Adam optimizers')
plt.ylim((0.7,1.0))

plt.xlabel('epochs’)

plt.ylabel(accuracy")
plt.legend(['train_sgd','val_sgd’, 'train_adam','val_adam'])
plt.gridQ

plt.show(

SGD d=HE= 89.60000276565552
Adam ¥=&=98.07999730110168

Comparison of SGD and Adam optimizers
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x g2y Ag: CIFAR-10

D2 7-6 H2 CIS HHEECE CIFAR-10 2l4517|

08
09
10
11
12
13
14
15
16
17
18
19
20
21

01~p782 [T= 24 7-5]9t ZE
(x_train,y_train),(x_test,y_test)=ds.cifar10.load_data()
x_train=x_train.reshape(50000,3072)
x_test=x_test.reshape(10000,3072)
x_train=x_train.astype(np.float32)/255.0
x_test=x_test.astype(np.float32)/255.0
y_train=tf.keras.utils.to_categorical(y_train,10)
y_test=tf.keras.utils.to_categorical(y_test,10)

dmlp=Sequential()
dmlp.add(Dense(units=1024,activation="relu’,input_shape=(3072,)))
dmlp.add(Dense(units=512,activation="relu’))
dmlp.add(Dense(units=512,activation="relu"))
dmlp.add(Dense(units=10,activation="softmax"))

23~47382 [z 7-5]9F ZOM 2739 dmlp.save('dmlp_trained.h5')= AtA|

°

Overfitting

= 55.15999794006348
Accuracy graph Loss graph
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e L. L

« https://huqgingface,co/facebook/detr-resnet-50-panoptic

« https://huqgingface,.co/spaces/akhaliq/CLIP prefix captioning

9.995

9.990

Output 3.445

9.959

Two men playing a game of polo on a grassy field.

.99

(a) oJo| 28t 2x| (b) B& HE5H| Z2A|


https://huggingface.co/facebook/detr-resnet-50-panoptic
https://huggingface.co/spaces/akhaliq/CLIP_prefix_captioning
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* Deep learning

+ 20001ACHHE] ALRE|T Q= AlZ AlZOfo| & CtE o|2

':":- Google D‘ecpMi?d

My CPU is a neural net processor,
a learning computer.

Terminator 2 (1991) AlexNet (2012) Alpha Go (2016)
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Super-Resolution

BW to Color Day to Night

inpu output input output

Image Recognition Object Segmentation Image-to-Image Translation Image Inpainting
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i S

« MNIST, CIFAR-10 5 Ef tto|E Q= H|o|E{All (2= H|E- toy example £&)

» =AU Eo[B Ml > o] > FA > ofolc|q 37 > S Y —
EIEEEHHI..O

EHE e
J‘klg—iﬂﬂﬂ

+ 2% clo[EfA

ImageNet: 21,841 classes, 1,400%&¢

« [LSVRC (cHZ]): 1,000 classes & 1009+2F §a24 5OtaF H= 150} E|AE

PASCAL VOC (Visual Object Classes): 20 classes, 508t

COCO (Microsoft Common Object in Context): 80 classes, 338F&}f o -

Food-101: 101 Classes, 1 0:.'_'-10'-9-' 2*—! *I'ZL () Pascal VOC | | (o) ImageNet

CheXpert: 65,240% Ztxto| m| X-ray A2l 2k, 20t}

(d) Open Images
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BIG DATA
ARTIFICIAL INTELLIGENCE
CASE COMPETITION

All UofT graduate students and undergrads with big
data/Al experience are welcome to compete.

o BlGData’'HUB  Scotiabank.

wihip

ICUBE UTM?

US-China Al Competition | Who is Winning?

Al scoreboard: key indicators from R&D and economy pillars in 2020, score (0-100)

LEARN MORE

Al Conference Citation

Al Private Investment Al Conference Papers

== China
== United States
== United Kingdom
== |srael

Canada
== South Korea
== India

Al Hiring Index Al Patents Papers

TpwiacXFAT,

Skill Penetration Al Journal Papers

Deep Learning Papers Al Journa L Citation

Source: Stanford Institute for Human-Centered Artificial Intelligence

Knoéma ©®®06
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Computer vision tasks

* Image classification

- oM A & > ARl £R/c el of EF > HE £R/0l 27

« Al £8 (Instance classification): BYu} ElAx{7} THEl EX B3 B8

- M= BB (Categorical classification): Y4t 23| B2 (/AN HE}

. 27| ILSVRCOM 1A HitHo| A& ©.£(23])
= 201235 E CNNZ[8te| 4+17d%o| 25 (AlexNet) > T={cje] Cf FEt

« Image classification performance (ImageNet dataset)

Florence-CoSwin-H: 99.020



Computer vision tasks

* Image classification = Find-grained classification
+ BF U et 33, 85 2 s Hof ofF of2i 23

« of2{ §|o|E{All: Stanford dogs, Stanford cars, CUB-200, iNat, Oxford 102 flowers

Rusty Blackbird Fish Crow Brewer Blackbird  Shiny Cowbird

18



Computer vision tasks

Classification

Classification e ———

Object detection

Conv 1x1

« Detecting and localizing object in image/video
© HYSLD BRHQ 2WE WET| g o
¢ YOLO-series [ R-CNN type
* Yolo vi~v8, Fast/Faster/Mask R-CNN, etc.
Backbone FPN Feature Pyramid
] g: Head :E’:z{
- Head "::‘Eﬂ';"‘
B G S Ny TN e P e I PSR L
Conv 3x3 Conv 1x1 g E su’SIZOﬂconkw; I E ; EnLt;:: Y
e Goze Q | = il _cce]id

v

Pyl

v ' 512, zss’—)l Conv}!lockl-—)IConv Block . E
Convixi | ii | upsample | ! : ; : i | convix1 : :
x| i | e |id { Upsample sock | XTI

t 7 EC3: Convlxl Conv Iockl—)IConv Block l—)‘PBE

i ¢ - 256,128 % v o

........ @ -eeeectteceeec@ereeed  beddeciiiiiiieeeceeccccccccccccccccccccccnccccnccccnceal faccco@ecnn-
Conv Block  Upsample Block FPN Head

L1 Loss

Objectness

1/ Loss

YOLO loss

Instance
Segmentatlon

Object Detection

CAT CAT, DOG, CAT, DOG,
LS AN /
Y Y~
Single object Multiple objects
| - Selective | Crop & | Store all region feats  jmem—mm—————— - |

) Resize CNN r l Fegressors :

R-CNN o % B »| Cache ] i
L T

J - . Selective | Crop | 4 Rol ' ___________ ,‘
- il > ! |
) s [ S
B |
[ ] pessm=seany |
> | o I :
LJ Rol Ll softmax__|!
Layer @ - 0 |eeeme————ee-

Region Proposal
Network (RPN)

https://www. arxiv-vanity.com/papers/1908,03673/
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Computer vision tasks

 Pose estimation

« https://www.youtube,com/watch?v=urvslbiTmSq

Semantic Keypoints 'S Interest Points

Upper Head

Right Elbow

"Nose': (127, 200) .

'L_Eye":(110,210) v

GT 2D joint coordinates i
Right Hip S

L2loss

Right Knee
—-—

Right Ankle

Inputimage Feature extractor 2D heatmap GT 2D heatmap



https://www.youtube.com/watch?v=urvsIbiTmSg

Computer vision tasks

¢ Human Object Interaction (HOI)
 Recognizing the interactions between human and objects

« Verb: holding, eating, taking, etc,

. . Human ROI Feature fH
« Object detection-based approach _._ @ﬂ m
Object w2v 1"0

‘Trisbee ; | mo

Coarse Layout  Fine-grained Layout :
Spatial fop i
Encoder :

Semantic Context (Word2vec) - <Person, Throw, Frisbee>
Global (Scene): Courtyard Context | %o ELZI P THol Foisbeos
—1 Encoder :
: Si0

Local (Instance nearby): Man

i : ? Throw: 0.9 uald
; Motion Hr Me | Hcl)ll-:l)“ 0.6
AL Encoder i :© Block: 0.2
Flow Prediction s i Cateh: 0.1

: Fusion Module:

' Interaction detection
: heads
. 4 Human box FFN

Input |mage Positional encodlng Query vectors Object box FFN

, Object class FFN
Backbone Transformer Transformer
CNN *’ encoder decoder ACtion CIaSS FFN

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

Ride, turn, etc.
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Computer vision tasks

Person 1

Person

* Image segmentation

* Semantic segmentation

Du

*  Class?} ZotH 512 o 22 Jdgo 2 g

* [nstance segmentation
« Class7} Zo2tE CtE 7Hx|2}H o| B JLETlo] °lA]

« U-Net, Mask RCNN models, SemanticKITTI

The dataset is comprised of sequences showing inner-city areas, country-side roads,
residential area and highways around the city of Karlsruhe, Germany.




Computer vision tasks

« eXplainable Al (XAl)
- SEe| A 2F Zutol| o|7-7t |let-- (2[EH)

. “Mod24” 2 SHHSI7| QI5F 3 = CAM, GradCAM

Australian
W " terrier

[Q 02]
/

& NE (C) S 5 § : GAP 2
N N Vv
I5%EE2 22 SORPIEYFAS E1 L2t [} S22 HiNS " 4t 4N “4
2Nz s 91.5% &=E=2 &2 =1 11_91.5%%*g§a:
a2 M2 =7 DHH2 M2 B — _

Class Activation Mapping

Class
Activation
Map

(Australian terrier)

+ Wy « + o+ W s




Computer vision tasks

» Generative models
* Generating new data samples that are similar to a tiven training dataset

* GANs (Generative Adversarial Networks), VAE (Variational Autoencoder)

source

destination

Coarse styles copied

Change Model

24



Computer vision tasks

« 3D recognition [ reconstruction

Velodyne HDL-64E Laserscanner
Point Gray Flea2 X o

'&\\\\\\\\\x
-

1| MediaPipe HilMediaPipe Nj| MediaPipe

:||| MédiaPipe

25



e Convolutional Neural Network
* Image dataset: PASCAL VOC, ImageNet, COCO

* Image classification models

« AlexNet, VGGNet, ResNet, EfficientNet, ViT (Vision transformer)

 Evaluation metrics

* |loU, Prevision, Recall, AP, mAP

* Object detection models
« R-CNN models (Fast, Faster, Mask)
* YOLOV1 ~ v8

* The various deep learning techniques

* Tracking: SORT, DeepSORT

26
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CNN
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CNN

« Convolution operation

Ly

(el fevll fen )l fen ) Nen )l Han )l e

RIRIOCIOC(O|
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g =f *h;where g(x,y) = Zf(x —u,y —v)h(u,v)

R
Sy
%
“u
L5

[
.
.,
.
.,

DO | DO [ W~

h(u,v)
Kernel

QO | = | = = | =

HlWlW|& (W
=W s

w|w

Ol=|—=|e|—=

9(x,y)
Output

u,v

Smoothing

Sharpening

Gradient
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CNN

 Basic architecture of a convolutional neural network (CNN)

image patch hidden layer 1 hidden layer 2 final layer Sg %8 25 |
1 layer 4 feature maps 8 feature maps 4 class units k k' k' k" k"
1
36x36 28x28 14x14 10x10 5x5 2
| FC

Flatten | FC
i

- |
H H Oe

; t t \ CiTigRNE  -PEYS -FC: XS - Flatten: 2112 A 1RI) AR W8
«h: 72 sk AL T ‘s BE « p: k7
convolution max convolution max convolution he 71 271 ke 74 JHe s 25 p- Rk
(kernel: 9x9x1) pooling (kernel: 5x5x4) pooling  (kernel: 5x5x8) Bl 8-10 ZHEEMED}EAUSS HZI0} A0} DIES Z=2M AlZIgto| Xeixio| X

64x64 32x32 32x32 16x16 Fully-connected
64x64 input
Conv. layer Pooling layer  Conv. layer  Pooling layer layer

Kaernels of conv2d_1
6.0 80 90 100110 120130140150 160 17.0 180 19.0 20.0 21 0 22.0 23.0 24.0 25.0 26.0 270 28.0 290 30_0

CNNe| &4} ofo|C|of: “2|X e LE{(kernel)F THF2E &5’

« Deep neural network2| weight = CNN2]| kernel Sl
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CNN

« Layer operation 1 — convolutional layers

« 2l2d EZlol(feature map)°| mxnxk 37|2] tensor g
=> hxhxk 37|29 &e{(7F) tensor T
« &8 EAW2 m'xn'xk’
« = padding®} stride2 AHAIZ} 4 Q)2 (@) M L2

224 x 224 x 3 image

12 8-6 HERMS

222 x 222 X 64

/ feature map

224 4

S 222
3 X 3 x 3filter
Y / —
- Convolve (slide) "o
over all spatial locations Applying

224 e RTLU petr

: 64 elemen

\}:X;‘" :;\w

= :X?r

ZH 1

TE 2

k k'
n n’
m c | m'
(b) 2+t 22 53
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CNN

« Layer operation 1 — convolutional layers

224 X 224 X 3 image 222 X 222 X 64
feature map
224
222
3 X 3 X 3 filter

L Convolve (slide) ‘)
over all spatial locations Applying
224 222 RelU per
element

64



CNN

« Kernel size2] ¢

A5

1G}F
a2

Activation
function

Fully-connected

> Activation |

function

33



CNN

» Layer operation 2 — Pooling operations

» pooling types

* L2-norm pooling, etc,

max pooling

average pooling

[ )
(o]
TR
gt

Single depth slice

i 2 | 4

max pool with 2x2 filters
Balmel 7 | 8 and stride 2 6 | 8
3 | 2 [FNEG ] 3|4
1 | 2 iR

Example: Max pooling

34



CNN

» Layer operations

Xewyos

JoAe| D4
JaAe| D4

JaAe| D4

8uijood

8uljood

S||uJa) 99¢
J9AB| AUO)

S|auJay 9G¢
J9Ae| AUD)

8uljood

S|loula) 8T
JaAe| Auo)

S|auJe 8Z1
JaAe| Auo)

8uljood

S|auJay 79
J2Ae| AUO)

S|auJday #9
JaAe| AUO)

A typical CNN
architecture
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e
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of activation maps

128

64

64

64
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CNN

» Layer operations

Xewyos

JaAe| D4
19Ae| 94

J9Ae| D4

8uljood

8uijood

S|9uJa) 95¢
JaAe| AUOD

SEIIENKelerg
JoAe| Auo)

8uljood

S|auta) 8¢1
JaAe| Auo)

S|auls) 8¢l
JoAe| Auo)

8uljood

S|auJdy 9
19Ae| AUO)

SENSENEZe
J9Ae) AUDD

A typical CNN
architecture

The final activation map is
converted into a vector by global

f

128

64

pooling or concatenation.

64

64

36



CNN

» Layer operations

52 §Ho 8o &0 5T B0
| > v > Qo > > oo > > Qo 0o = - — v
AtypicalCNN ¢ &c = 8E FE E£E &F ®E £ = 2.2 = B
hi == Eey B B e il T B O O B
architecture G Sl DO R SO BosoN No Qi g SEi e a e B L a
iio, BT G Eet (Lt A

Top-9 patches
activating each kernel

Lower layers capture

edges and blobs while
N : upper layers detect more

""'ﬂ-" =y ) W L abstract features like

™ -~ : = gl <Y
-mr-- _ e Tl Ba textures and shapes.
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 CNN

Z}

1) feed-forward

 General DNN

w

and back-propagation

(TH| 1)

OIS 22te| 15RIZ HolE ——
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4. Image Classification



Problems

- LRI AIPET ol o|of] Y Al R[HH 12| FE L%

Classification Classification + Localization Object Detection Instance Segmentation

T

Car, Person

Single object Multiple objects



Dataset

* ImageNet

» Professor Fei-Fei Li, Stanford University
« 20094 Z7H
* For image classification

1 image — 1 label

» WordNet A& 12 E Zt= 2l 25
* ImageNet: 21,841 classes, 1,4008F%}

« ILSVRC 2012

* # of images: 1,400,000 images

o # of classes: 1000 classes

41



<annotation>
<folder>Vv0C2007</folder>
Datas t <filename>@00001. jpg</filename>

<{source>

<database>The VOC2007 Database</database>

<image>flickr</image>
« PASCAL VOC (Version: PASCAL VOC 2007 / 2012) T
 For image classification and object detection

<name>Jinky the Fruit Bat</name>

</owner>

« Format: XML format
<height>500</height>
* Annotations
« <bndbox>: bounding box coordinates (xmin, ymin, xmax, ymax)
e <hname>: Object,s CIaSS <diffiult>6<;’difficplb
<bndbox>
« <pose>: pose of the object (optional)
« <truncated>: whether the object is truncated (0 or 1, optional) o
- <difficult>: flag indicating if the object is difficult to recognize (0 or 1, optiona <=
<truncated»>1</truncated>
<difficult>e</difficult>
</object>

</annotation>



Dataset

« PASCAL VOC

« Object classes: 20 or 21 (depending on the version)

* Including common objects; car, cat, dogs, and more
* Segmentation
* Only PASCAL VOC 2012
« Each pixels in image is labeled with the class it belongs to
 Dataset size
* QObject detection: 9,963 annotations
* Train dataset: 5,011 annotations
* Avg. # of objects in image: 2.4

* Avg. # of classes in image: 1.4



Dataset

« COCO (Latest version: COC02017, https://cocodataset,orq/#home)

* For object detection, segmentation, captioning
* Format: json
* Annotations
« id [/ image_id: Identifier for annotation
« annotations.bbox: bbox coordinates (xmin, ymin, width, height)
« categories.name: object’s class
« Object classes: 80 (91 for segmentation)
* Including common objects; car, cat, dogs, and more
* Segmentation
* Provide instance segmentation annotations

» Refer annotation.segmentation

{

"info": {...},
"licenses": [...],
"images": [
{
"id": ImagelD,
"width": ImageWidth,
"height": ImageHeight,
"file name": "ImageFileName.jpg",
"license": LicenselD,
"flickr_url": "FlickrUrL",
"coco_url": "CocoURL",
"date_captured": "DateCaptured”
¥
1,
"annotations": [
{
"id": AnnotationID,
"image_id": ImagelD,
"category_id": CategoryID,
"segmentation": [...],
"area": ObjectArea,
"bbox": [XMin, YMin, Width, Height],
"iscrowd": IsCrowd,
"attributes": {...},
¥
1,
"categories": [
{
"id": CategoryID,
"name": "ObjectClassName",
"supercategory": "SuperCategoryName"
¥
]
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https://cocodataset.org/

Dataset

« COCO

Dataset size
* Training dataset: 118,000 images
» Validation dataset: 5,000 images
» Test dataset: 41,000 images
* Avg. # of objects in image: 8

* Avg. # of classes in image: 3.5
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Image classification model

« ImageNet Large Scale Classification Challenge: top-5 error (%)

« 2015 winner: ResNet (Residual Network)

Convolutional Neural Networks (CNNs) 28.2
25.8

152 layers

\
\
\
‘ 22 layers 19 Iayers
L 57 i

8 layers 8 layers

- - -
—
- e e

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13 ILSVRC'12 ILSVRC'11
ResNet GoogleNet VGGNet ZFNet AlexNet

3.57

shallow

ILSVRC'10

VGG-19 34-layer plain 34-layer residual
image image image
s [ 3aconves |
size: 224
[ 3acowses |
pool, /2
output
size: 112 0 o, 138
33 conv, 128 7x7 conv, 64, /2 X7 conv, 64, /2
peol, /2 pool, /2 pool, /2
output * *
Si2¢:56 ™33 conv, 256 I
L2
[ 3a3conv,256 | [ 33comves |
L7
[ 33conv,256 | [ 33conves |
L7 L2
[ 3acony, 256 [ 33conves |
(7
[ 3x3conve4 |
v
3x3 conv, 64
pool, /2 [ 33conv,128,/2 |
output v £ 7
size: 28 33 cony, 512 33 conv, 128
[ 3a3cony,512 | [ 3a3conv,128 |
v
[ 3a3conv,s12 | [ 3xaconv, 128
L7
[ 3a3conv,512 | [ 3aconv,128 |
L7
33 conv, 128
33 conv, 128
33 conv, 128
v .
;“R‘P‘l‘: pool, /2 [3x3conv,256,/2_| [(3aconv 2562 |
. L7 M
[ 33conv,512 | [ 33conv,25 | 313 conv, 256
£ 2
[ 3adconv,512 | [ 33 conv, 256 3.3 conv, 256
$7
[ 3a3conv,512 | [ 33conv,256 | [ 3aconv, 256
¥ A2
33 conv, 512 33 conv, 256 33 conv, 256
33 conv, 256 33 conv, 256
313 conv, 256 33 conv, 256
L7
3x3 conv, 256 33 conv, 256
33 conv, 256 33 conv, 256
L2
33 conv, 256 33 conv, 256
[ 3aconv,256 |
L7
33 conv, 256
output pool, /2 [ecowsnn | [(ecomsn | X
. M
[ 33conv,52 | [ 3aconvs2 | 7
[ 3aconvs12 ]
33 conv, 512 3x3 conv, 512
[ 3acony,512 | 3x3 conv, 512
3x3 conv, 512 33 cony, 512
‘;;‘:‘;‘ Tc 4096 avg pool ave ;nol
[ fc 4096 ] [ fc1000 | fc 1000

Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Image classification model

» History of the well-known CNN-based image classification model

« + EfficientNet (ICML 2019)

AlexNet ZFNet VGGNet GoogleNet ResNet DenseNet SENet

* Krizhevsky et al., NIPS 2012
e 1stsuccessful CNN on the ILSVRC

v

* Zeiler and Fergus, ECCV 2014

* Huang etal., CVPR 2017

* Improved hyper-parameters over AlexNet * Ultra deep network with dense channel concatenation
I \ 4
e Simonyan and Zisserman, ICLR 2014 * Huetal, CVPR 2018
* Deeper and simpler architecture * Adding channel attention to existing deep networks
\ 4

» Szegedy et al., CVPR 2015
* Deeper network with computational efficiency

* Heetal., CVPR 2016
* Ultra deep network with residual connections
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LeNet-5

The first CNN model for image classification

* LeNet-5: Gradient-based Learning Applied to Document Recognition (1988)
» very simple CNN architecture by Yann Lecun
* Yan Lecun: Facebook Al Research (FAIR), Geoffrey Hinton} 7| 20184 Turing award -4t
» 5x5 kernel with stride 1

» 2x2 maxpooling with stride 2

S C3: f. maps 16@10x10

: feature maps S4: f. maps 16@5x5
Image Maps gr\épng 6@28x28 ps 16@
Input X S2: f. maps

=N\

Fully Connected

|
Full conAection | Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection
Convolutions

Subsamphng Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.



a2 32i% 45 LeNet-52| 2{H

 LeNet-5 23 #3511 MNIST Q14|

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16

Z273 8-1 LeNet-52 MNIST 212f5}7|

import numpy as np
import tensorflow as tf
import tensorflow.keras.datasets as ds

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Conv2D,MaxPooling2D,Flatten,Dropout,Dense

from tensorflow.keras.optimizers import Adam

(x_train,y_train),(x_test,y_test)=ds.mnist.load_data()
x_train=x_train.reshape(60000,28,28,1)
x_test=x_test.reshape(10000,28,28,1)
x_train=x_train.astype(np.float32)/255.0
x_test=x_test.astype(np.float32)/255.0
y_train=tf.keras.utils.to_categorical(y_train,10)
y_test=tf.keras.utils.to_categorical(y_test,10)

HiO|E| ZH]|
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» LeNet-5 2|3 L35t MNIST QU4

X (5* Ho 2
17 cnn=Sequential() / 27443 (55 H'dE 671 AH]) o

18  cnn.add(Conv2D(6,(5,5),pa dd1ng='same',activation:'relu',input_
shape=(28,28,1)))

19  cnn.add(MaxPooling2D(pool_size=(2,2),strides=2))

20 cnn.add(Conv2D(16,(5,5),padding="valid’,activation="relu’))

21 cnn.add(MaxPooling2D(pool_size=(2,2),strides=2))

22 cnn.add(Conv2D(120,(5,5),padding="valid',activation="relu"))

23 cnn.add(Flatten()) <«— 1x}{d 22 EHS}

24 cnn.add(Dense(units=84,activation="relu"))

25 cnn.add(Dense(units=10,activation="softmax"))

26

27 cnn.compile(loss='categorical_crossentropy',optimizer=Adam —
(learning_rate=0.001),metrics=['accuracy'])

28 cnn.fit(x_train,y_train,batch_size=128,epochs=30,validation_
data=(x_test,y_test),verbose=2) ® —

29
30 res=cnn.evaluate(x_test,y_test,verbose=0) S
31 print('¥&E=",res[1]*100) @

1ol
>

Ao
0x
olr
o
02!



* LeNet-5 213 F-%5t1 MNIST ¢4

Epoch 1/30 @

469/469 - 3s - loss: 0.2555 - accuracy: 0.9212 - val_loss
0.9742 - 3s/epoch - éms/step

Epoch 2/30

469/469 - 2s - loss: 0.0671 - accuracy: 0.9786 - val_loss
0.9826 - 2s/epoch - 4ms/step

Epoch 29/30

469/469 - 2s - loss: 0.0037 - accuracy: 0.9988 - val_loss
0.9902 - 2s/epoch - 5ms/step

Epoch 30/30

469/469 - 2s - loss: 0.0059 - accuracy: 0.9981 - val_loss
0.9910 - 2s/epoch - 5ms/step

Z&E=99.09999966621399 @

: 0.0794 - val_accuracy:

: 0.0536 - val_accuracy:

: 0.0506 - val_accuracy:

: 0.0430 - val_accuracy:

51



AlexNet

 Architecture (Similar with LeNet-5)

bigger (7 hidden layers, 650K neurons, 60 millions parameters)

* LRN: Local Response Normalization

224

'"ff?ss

€tride

“of 4

48

Max
pooling

trained with a larger amount of data (ImageNet)

conv-pool-LRN-conv-pool-LRN-conv-conv-conv-pool-FC-FC-FC

- N 18 >
st e 7 3 AL
2\ N . cl| B =
3 o N i 04¢ 204
! o 192 192 128 20882\ 1204
128 T o [ ] ]
N AN 13 \ [\
A R E Sty .
3l -l i
: 13 4N 11 s dense| |dense
= I 3| \ -5
m N
192 192 128 Max | ||
. 2048
- Max pooling 2098
pooling

dense

1000
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AlexNet

« Strategy 1 - overlapped max pooling

Non-overlapping pooling

>

Stride 2

Overlapping pooling

5

Stride 1
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AlexNet

 Strategy 2 — Rectified Linear Unit (ReLU)

-10.0 -7.5 -5.0 =25 0.0 25 5.0 7.5

 Strategy 3 — Local Response Normalization (LRN) = Kernel A&t

A . B
i ]=m1n(N—1,l+§) j 2
bx,y B ax'y/<k Ta Z]' =max(0,i—g) Ay )

b,‘;‘y — regularized output for kernel i at position x,y

a,ic,y — source output of kernel i applied at position x, y
N — total number of kernels
n — size of normalization neighborhood

a, B, k, (n) - hyperparameters

varying y
€«

Before Normalization

varying x
_—>

After Normalization
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AlexNet

» Strategy 4 — Data augmentation
- overfitting o[t} *ZF

* PCA color augmentation

- PCAE &83lof o|o|z|e] E4JL 82|51 RGB colorf}g o|5 %

%35t 7|

M-

H4
H

+50,-50,+50
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AlexNet

» Strategy 5 — Dropout

CRUE X

‘ %
CE—CRp o
% WA WK XX/
N R TR
G N
W2N

Qw\\// N\

(b) After applying dropout.

(a) Standard Neural Net
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ZFNet

e Architecture

ZFNet

AlexNet

224

(Stride of 2)

Local Response
Normalization

(Stride of 2)

Local Response
Normalization

Image size 224 110 26 -
filter size 7 |
|y |
| 1} = 256
b;nde 2 g ST T 96  3x3 max \ C
x3 max | contra pool| | contrast 4096 class
stride 2 ___S.7nom stride 2| |norm. unitsl | softmax
~ s [y
2
Input Image 4\26 1 m256 i
Layer 1 Layer 2 Layer 3 Layer 4 Layer6 Layer7 Output
110
26 ] Il
13 13 13 \
-+ |10 ‘,;:ﬁ; N | 3\ |- :
LN P72\ e 0 2 |V EE A ANREE 1 8
’ F % {31 \| 3l % 13 3L-N Dense| [Densg |Dense
v 26 J
| 5 = 1000
g 384 384 B0 puaneey
Stride 256 3 4096 4096
of2 ) : 3x3 Max Pooling
3 96  3x3 Max Pooling 3x3 Max Pooling (Stride of 2)
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o g2 J2fq) Al&: Data augmentation

SRR SEE QY R

09
10
11
12
13
14
15
16
17
18

import tensorflow.keras.datasets as ds
from tensorflow.keras.preprocessing.image import ImageDataGenerator
import matplotlib.pyplot as plt

(x_train,y_train),(x_test,y_test)=ds.cifar10@.load_data(
x_train=x_train.astype('float32'); x_train/=255

x_train=x_train[0:15,]; y_train=y_train[0:15,] # & 15740 CHEHAMTE SI§ HE
class_names=['airplane’,'automobile’, 'bird’,'cat’, 'deer’,'dog’, flog’, horse’,
'ship’, 'truck']

plt.figure(figsize=(20,2))
plt.suptitle("First 15 images in the train set”)
for i in range(15):
plt.subplot(1,15,i+1)
plt.imshow(x_train[il)
plt.xticks([1); plt.yticks([D
plt.title(class_names[int(y_train[iD])
plt.show(
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o g2 J2fq) Al&: Data augmentation

19 batch_siz=4 # 8t Hof| Mds= F(OIL Hiz|)

20  generator=ImageDataGenerator(rotation_range=20.0,width_shift_range=0.2,
height_shift_range=0.2,horizontal_flip=True)

21 gen=generator.flow(x_train,y_train,batch_size=batch_siz)

22

23 for a in range(3):

24 img, label=gen.next() # 0| HiZ|THE 44

25 plt.figure(figsize=(8,2.4))

26 plt.suptitle("Generatior trial «str(a+l))

27 for i in range(batch_siz):

28 plt.subplot(l,batch_siz,i+1)

29 plt.imshow(img[i])

30 plt.xticks([]); plt.yticks([D

31 plt.title(class_names[int(label[iD])

32 plt.show()

First 15 |mages in the train set
truck er automobile automobile er bird truck

BRG] FER F

Generatior trial 1 Generatior trial 2 Generatior trial 3

truck harse  automobile  truck bird harse truck automobile chip bird

NABE OnEE EENN
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ZFNet

Strategy 1 — Max unpooling

+ Max pooling A| $I%| & 7|

» H2tY(unpooling) +-8 Al maxgtol =[G FHoll maxgt T, LIHA| FH2 022 T
pooling E unpoolin_
1| 2 [SHEES >(:‘o o 0 0 O
6 5 3 4 6 0 0 4

e -
! '8

1 > \
<! - P o
1
1

' Layer Above I
s Reconstruction I Pooled Maps
Layer Above
; Pooled Maps Unpooling \Q '

Reconstruction Pooling

Switches Max Locations
M Pooli ‘“ “Switches” w
e ) T R S
m e Sann

Unpooled Maps Rectified Feature Maps

A



ZFNet

Strategy 2 — RelLU recovering

* Rectification

.« RelLU2| ¥atx] 48 5 So| 7t Ho| Hy}

» Strategy 3 - Deconvolution

AV

Rectified Unpooled Maps Feature Maps
Convolutional Convolutional
Filtering {F'} Filtering {F}

Reconstruction Layer Below Pooled Maps

-4 -
~-

AN
< s
'
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ZFNet

* Feature visualization

« feature map2| A|Zt&HE &3l deep learning?] black-box +2 & Alm{&

y 1,
« '
N

N
25 A
[
'

Layer Above
Reconstruction Switch Pooled Maps
witches
: AN Max Pooling
Max Unpooling
Unpooled Maps Rectified Feature Maps
Rectified Linear £ Rectified Linear
Function 84 Function
Rectified Unpooled Maps Feature Maps
Convolutional 2% Convolutional
Filtering {F} Ner? Filtering {F}
Reconstruction Layer Below Pooled Maps
Fayes Cbove Pooled Maps

Reconstruction %
Unpooling @

Max Locati
!'I"“I Switches”
Unpooled
“ Maps

Rectified

Feature Maps »

13 Pooling
A=

Extreme low and
high frequencies.

No mid frequencies.

Layer 2

Aliasing problem
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VGGNet

* Deeper networks learn more powerful features
« AlexNet, ZFNet =>» Layer 87} 0|5}
 VGGNet = © Z- layers

+ Mool ZojH 48 Ltette B

» gradient vanishing

30 282

Deeper Networks |152 Iayers| |152 Iayers| |152 Iayers|

\ = Jowomeozecs A

|19 Iayersl |22 layers |

16.4

7.3 6.7
b 5.1
HE e = B
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Linetal Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)

Image courtesy of Li, Johnson, and Yeung

| Softmax | B | FC 4096 |

fce | FC 1000 | | FC 4096 ]

fc7 | FC 4096 | | Pool |

fc6 | FC 4096 ] | i |

| Pool | | I |

conv5-3 | 1 | I |

conv5-2 | | B | |

conv5-1 | J | | Pool |

| Pool | | |

conv4-3 | ] | ]

conva-2 ] ]

fc7 conva-1 [ Sx3conv.512 | | ]

fc6 | Pool ] | Pool ]

coma- | | | !

conv5 : conv3-1 | X3 | 1 ]

conv4 : 1 Pool | | Pool |

conv2-2 1 ] ] | 1 |

conv3 conv2-1 | ‘ 1 | 1 [

| Pool | | Pool 1

conv2 [_5x5conv. 056 ] convi-2 | ] | ]

convi | 11x11conv,96 | convi-1 | X | | |

[ Input ] [ lnput ]
AlexNet VGG16 VGG19
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VGGNet

* Revolution of depth
* Deeper architecture: 16 and 19 layers
* Simpler architecture
* No LRN
* Only 3x3 conv filter, 2x2 max-pooling, a few FC layers
» Better performance
* Over AlexNet on ImageNet Challenge
« Better generalization

* Final features generalizing well

without fine-tuning

* Input: 224x224 RGB images

Image courtesy of Li, Johnson, and Yeung

| Softmax |

FC 1000

fc7
fc6

[Po ]

convs

conv4

conv3

conv2

conv1

AlexNet

FC 1000

Softrax

| FC 4096 |

fc8 FC 1000 |

| FC 4096 ]

fc7 FC 4096 |

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2

conv4-1

conv3-2

conv3-1

conv2-2

conv2-1

conv1-2

convi-1

Input

| Input |

VGG16

VGG19
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VGGNet

* Usage of VGGNet in library

 Keras

from keras.applications import vggl6 model = vgg16.VGG16(weights ='imagenet’, include_top = True)
model.summary()

 Torch hub

import torch model = torch.hub.load('pytorch/vision:v0.10.0', 'vgg16', pretrained=True)
# pre-trained weight/t 2 2 1=l = False

* Torchvision

import torchvision model = torchvision.models.vgg16(pretrained=True)
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ResNet

» Resolution of Depth

« AlexNet (8 layers), VGGNet (19 layers) = ResNet (maximum 152 layers)

* Layer?}| 207l o[’4¥d ulf degradation (gradient vanishing) || 'Y (4450l Eoi2|7| A[2})

» Two strategies for deeper network

* residual learning

 batch normalization

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

~
S

20 “Revolution of Depth”
sk 30 282 \
g\°/ @ 56-layer : 152 Iayersl |152 Iayersl |152 layers
P Q) : 25
S ‘g o ____20-layer
2 56-layer 2 20
- & 16.4
B 20-layer 15

%% 1 7 3 7 5 G 0 1 2 3 7 s 6

iter. (1ed) iter. (1e4) 10

Figure 1. Training error (left) and test error (right) on CIFAR-10

5.1
5 3.6 3
with 20-layer and 56-layer “plain” networks. The deeper network - = ﬁ .
has higher training error, and thus test error. Similar phenomena 2010 2011 2012 2013 2014 2014 2015 2016 2017 | Human
on ImageNet iS presented in Flg 4 Linetal Sanchez &  Krizhevsky etal  Zeiler & Simonyan &  Szegedy et a He et al Shao et al Huetal Russakovsky et al

Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogleNet, (ResNet)

(SENet)




ResNet

Nt
-
ci
-
|>

« Techniques 1 — Residual learning (2F
+ 7|& ofo|c|of

+ residual block (33} £8)g 5ol U2g &3oll Y AHsts

+ HIEQ37} BHASHE o (2HY)
* plane net: Y&H|o|E|{ & Z=ico|E

* residual net: Y&clo|E{ > YU3{n} Z249| Rt} (residual)
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A l X
weight layer weight layer
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ResNet

« Techniques 1 — Residual learning (RFx}&t4)

« QHlHMo| 2kx} B-E: conv(3x3) + conv(3x3) + identity
« Bottleneck #-2& (50 layers o|4td o) 23} & conv(1x1) + conv(3x3) + conv(1x1) + identity

o T2I0|E| 4 ZtA D> HARRF ZHA

« Layer & &7} (= activation function 37}) = H %€ non-linearity 8t

256-d

A\ 4
1x1, 64
"rem

3x3, 64
"rem

1x1, 256

QlHtZ9o] residual block - Bottleneck &



ResNet

Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift

Sergey loffe
Google Inc., sioffe@google.com

» Techniques 2 — Batch normalization
« Gradient vanishing / exploding issue

Gradient 7|d} m}2}0|E]

Abstract

Training Deep Neural Networks is complicated by the fact
that the distribution of each layer’s inputs changes during
training, as the parameters of the previous layers change.
This slows down the training by requiring lower learning
rates and careful parameter initialization, and makes it no-
toriously hard to train models with saturating nonlineari-
tics. We refer to this phenomenon as internal covariate
Ishift, and address the problem by normalizing layer in-
puts. Our method draws its strength from making normal-
ization a part of the model architecture and performing the
normalization for each training mini-batch. Batch Nor-
malization allows us to use much higher learning rates and
be less careful about initialization. It also acts as a regu-
larizer, in some cases eliminating the need for Dropout.
Applicd to a state-of-the-art image classification model,
[Batch Normalization achieves the same accuracy with 14
times fewer training steps, and beats the original model
by a significant margin. Using an ensemble of batch-
normalized networks, we improve upon the best published
result on ImageNet classification: reaching 4.9% top-5

Christian Szegedy
Google Inc., szegedy@google.com

Using mini-batches of examples, as opposed to one exam-
ple at a time, is helpful in several ways. First, the gradient
of the loss over a mini-batch is an estimate of the gradient
over the training set, whose quality improves as the batch
size increases. Second, computation over a batch can be
much more efficient than m computations for individual
examples, duc to the parallelism afforded by the modern
computing platforms.

While stochastic gradient is simple and effective, it
requires carcful tuning of the model hyper-parameters,
specifically the learning rate used in optimization, as well
as the initial values for the model parameters. The train-
ing is complicated by the fact that the inputs to each layer
are affected by the parameters of all preceding layers - so
that small changes to the network parameters amplify as
the network becomes deeper.

The change in the distributions of layers’ inputs
presents a problem because the layers need to continu-
ously adapt to the new distribution. When the input dis-
tribution to a learning system changes, it is said to experi-
ence covariate shift (Shimodaira, 2000). This is typically
handled via domain adaptation (Jiang, 2008). However,

validation error (and 4.8% test error), exceeding the ac-
curacy of human raters.

I7}? 1

M-

the notion of covariate shift can be extended beyond the
learning system as a whole, to apply to its parts, such as a
sub-network or a layer. Consider a network computing
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ResNet

» Usage of ResNet in library

* Torchvision

from torchvision import models
import torch

resnetl8 pretrained = models.resnet18(pretrained=True)
print(resnetl8 pretrained)

[ W

« (33) Torchvision2 71ZE{d|*o|| TLQ Gt CIofT

Reshet
{convl): Conv2d(3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3), bias=False)
bn1): BatchNorn2d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)

maxpool )t MaxPool2dikernel _size=3, stride=2, padding=1, dilation=1, ceil_node=False)

laverl): Sequential(

{0): BasicBlock(
{convl): Conv2d(B4, B4, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
{bn1): BatchNorm2d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
{relu): ReLU{inplace=True)
{conv2): Conv2d(B4, B4, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
{bn2): BatchNorm2d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)

(
{relu): ReLU{inplace=True) —
(
(

)

{1): BasicBlock(
{convl): Conv2d(B4, B4, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
{bn1): BatchNorm2d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
{refu): ReLU{inplace=True)
{conv2): Conv2d(B4, B4, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
{bn2): BatchNorm2d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)

)

{layer2): Sequential(
{0): BasicBlock(

{convl): Conv2d(B4, 128, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1), bias=False)
{bn1): BatchMorm2d(128, eps=1e-05, momentun=0.1, affine=True, track_running_stats=True)
(relu): ReLU(inplace=True)
{conv2): Conv2d(128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bn2): BatchNorm2d(128, eps=1e-05, momentun=0.1, affine=True, track_running_stats=True)
(downsanple): Seauential(

(0): Conv2d(B4, 128, kernel_size=(1, 1), stride=(2, 2), bias=False)

(1) BatchNorm2d(128, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)

2% A2

« [YOUR ENV.]/lib/python/site-packages/torchvision/models

» ex) /home/user/anaconda3/envs/bj/lib/python3.8/site-packages/torchvision/models

v models

VOV VWV VWV

DD DD DD D DD D DD DD D DD DD D P

__pycache__
detection
optical_flow
quantization
segmentation
video
_init__.py
_api.py
_meta.py
_utils.py
alexnet.py
convnext.py
densenet.py
efficientnet.py
feature_extraction.py
googlenet.py
inception.py
maxvit.py
mnasnet.py
mobilenet.py
mobilenetv2.py
mobilenetv3.py
regnet.py
resnet.py
shufflenetv2.py
squeezenet.py
swin_transformer.py
vag.-py

vision_transformer.py
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o2 Jefol

Al4: Pre-trained ResNet2 2 A}

« ImageNet dataset® &2 pre-traine®! ResNet &

o273 8-6

01
02
03

04
05
06
07
08
09
10
11
12
13
14
15
16

17
18
19
20
21

ResNet502.2 X1 HAHOIAIG}7|

import cv2 as cv

import numpy as np

from tensorflow.keras.applications.resnet50 import ResNet50,preprocess_
input,decode_predictions

model=-ResNet50(weights="imagenet")

img=cv.imread('rabbit.jpg")
x=np.reshape(cv.resize(img,(224,224)),(1,224,224,3))
x=preprocess_input(x)

preds=model.predict(x)
top5=decode_predictions(preds,top=5)[0]
print('0i|= Z1}:',top5)

for i in range(5):
cv.putText(img,top5[ill1l+':
SIMPLEX,0.5,(255,255,255),1)

+str(top50i1[21),(10,20+1*20),cv.FONT_HERSHEY_

cv.imshow('Recognition result’,img)

cv.waitKey()
cv.destroyAllWindows()

o= Z3t: [('n02325366', 'wood_rabbit', 0.74258107), ('n@2326432', 'hare’,
0.24038698), ('n02328150', 'Angora’, 0.008831766), ('n01877812', 'wallaby’,
0.0026911795), ('n@2356798"', ‘fox_squirrel’, 0.0012295933)]

766
Iloby'o 0025911795
fox-sauirrel:0. 0012295933 %
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o 2 Iz A& Pre-trained DenseNeto 2 74=% O|Al

 Stanford dogs Gl|o|E{All Ct22 E

1) http://vision stanford,edu/aditya86/ImageNetDogs/

« image.tar, annotation.tar, list.tar C|-&2.C
« 2) AAIFET} Q)= Er{o| datasets/Stanford_dogs ZC 444l & Cle 2 C Hko mlolE 7
. 3) M| Ztde] &4& A & annotations, images, list 25 &9l

« images/images & L} n02085620-Chihuahua 5 120047H2| Ec{7} Ql=x%| &tol

12! 8-25 Stanford dogs HIO|EANRIZEE] Chihuahua, Japanese_spaniel, Maltese_dog, Pekinese,
Shih-Tzu, Blenheim_spaniel)

Zol-
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http://vision.stanford.edu/aditya86/ImageNetDogs/

n 2327y Ag: Pre-trained DenseNet2 2 7F Q4]

DenseNet1212 74 21517

07

11

12
13

14

15
16

17
18
19
20

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Flatten,Dense,Dropout,Rescaling
from tensorflow.keras.optimizers import Adam

from tensorflow.keras.applications.densenet import DenseNet121
from tensorflow.keras.utils import image_dataset_from_directory

import pathlib
port p Zciollq tlolef 27|
data_path=pathlib.Path('datasety/stanford dogs/images/images")

train_ds=image_dataset_from_directory(data_path,validation_split=0.2,subset
='training’,seed=123,image_size=(224,224),batch_size=16) @

test_ds=image _dataset_from directory(data_path,validation_split=0.2,subset
='validation’,seed=123,image_size=(224,224),batch_size=16) H 2 z S Hlj#|

base_model-DenseNet121(weights="imagenet’',include_top=False,input_shape
=(224,224,3)) i

cnn=Sequential() DenseNet1212 HiE2 0 &2 AlE
cnn.add(Rescaling(1.0/255.0))

cnn.add(base_model)

cnn.add(Flatten())

cnn.add(Dense(1024,activation="relu’))

cnn.add(Dropout(9.75))

cnn.add(Dense(units=120,activation="softmax"))
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21
22

23
24
25
26
27
28

cnn.compi§e(loss="sparse _categqrical crossentropy’',optimizer=Adam(learning_

rate=0.000001),metrics=["accuragy’l
hist=cnn.fit(train_ds,epochs=200,validation_data=test_ds,verbose=2) @

print('d2E=",cnn.evaluate(test_ds,verbose=0)[11*100) @

cnn.save('cnn_for_stanford dogs.h5") # ON 24=E ES oo A&

|7 offo|HEOl| 7| 5 SHaE DL AAHE

| - —— B2
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n 2327y Ag: Pre-trained DenseNet2 2 7F Q4]

29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52

import pickle

f=open('dog_species_names.txt', 'wb")
pickle.dump(train_ds.class_names,f)

f.close()

import matplotlib.pyplot as plt

plt.plot(hist.history['accuracy']l) @
plt.plot(hist.historyl'val accuracy'D)

plt.title(‘Accuracy graph")
plt.ylabel('Accuracy’)
plt.xlabel('Epoch’)
plt.legend(['Train’,'Validation']D)
plt.grid()

plt.show()

plt.plot(hist.history['loss']) ®
plt.plot(hist.history['val loss'])
plt.title('Loss graph’)
plt.ylabel('Loss")
plt.xlabel('Epoch"’)
plt.legend(['Train’,'Validation'])
plt.grid()

plt.show()

Found 20580 files belonging to 120 classes. @
Using 16464 files for training.

Found 20580 files belonging to 120 classes.
Using 4116 files for validation.

Epoch 1/200 @

1029/1029 - 181s - loss: 6.5628 - accuracy: 0.0111 - val_loss: 4.6525 - val_accuracy:

0.0355 - 181s/epoch - 176ms/step
Epoch 2/200

1029/1029 - 172s - loss: 4.9830 - accuracy: 0.0214 - val_loss: 4.4681 - val_accuracy:

0.0717 - 172s/epoch - 168ms/step
Epoch 3/200

1029/1029 - 170s - loss: 4.6948 - accuracy: 0.0315 - val_loss: 4.3172 - val_accuracy:

0.1273 - 170s/epoch - 166ms/step

Epoch 199/200

1029/1029 - 167s - loss: 0.0360 - accuracy: 0.9907 - val_loss: 0.6933 - val_accuracy:

0.8258 - 167s/epoch - 163ms/step
Epoch 200/200

1029/1029 - 168s - loss: 0.0378 - accuracy: 0.9897 - val_loss: 0.6995 - val_accuracy:

0.8273 - 168s/epoch - 163ms/step

=E= 82.72594809532166 @
@ ®

Accuracy graph

Loss graph

10 11— Tain

Validation
08 —

Accuracy
(=]
o0

=]
S

02

00

—Tain
Validation

0 25 s0 75 100 125 150 175 200
Epoch

0 Py 50 s 100 125 150 175 200
Epoch
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EfficientNet

By Google Al research team

. EgE 3YEe)
© oA A 3 A

#channels

ik |

T

<--layer_i

T resolution HxW

(a) baseline

Figure 2. Model Scaling. (a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is our proposed compound scaling method that uniformly scales all three dimensions with a fixed ratio.

4.0 % o 5 = - o [o) 5
¥ UFT Ae FEE T D 7|F BREEC) g Y2 Ah[ge s 2 Fee 2
Sl compound scaling
EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks
—————— wider -

(b) width scaling

deeper

(c) depth scaling

1 higher
i resolution

(d) resolution scaling

Mingxing Tan! Quoc V. Le !

Abstract EfficientNet-B7

3 ) 84 AmoebaNet-C
deéper Convolutional Neural Networks (ConvNets) are AmoebaNet-A - ==="=" R

; commonly developed at a fixed resource budget, -+ SENet

0
0

and then scaled up for better accuracy if more
resources are available. In this paper, we sys-
tematically study model scaling and identify that
carefully balancing network depth, width, and res-
olution can lead to better performance. Based
on this observation, we propose a new scaling
method that uniformly scales all dimensions of
depth/width/resolution using a simple yet highly
effective compound coefficient. We demonstrate
the effectiveness of this method on scaling up oot

MobileNets and ResNet. 0 20 40 60 8 100 120
Number of Parameters (Millions)

+*"" ResNeXt-101

C I
¢ ..-*"" Inception-ResNet-v2
2l

s’
¢~ Xception

--4--higher

H eResNet-152
b __+__resolution

ResNet-152 (He et al,, 2016)

EfficientNet-B1

ResNeXt-101 (Xie et al., 2017)

EfficientNet-B3

SENet (Hu ct al., 2018)

3 NASNet-A (Zoph et al., 2018)

I - EfficientNet-B4

i Inception-v2 GPipe (Huang et al., 2018) |
NASNet-A EfficientNet-B7

Not plotted

Topl Acc. #Params
T78% 60M
79.1%  18M
80.9% 84M
81.6% 12M
827%  146M
82.7% 89M
82.9% 19M
843%  556M
843%  66M

°
~DenseNet-201

i

Imagenet Top-1 Accuracy (%)
-
{=2]

.
(e) compound scaling ResNet-50

140 160 180

To go even further, we use neural architec-
ture search to design a new baseline network
and scale it up to obtain a family of models,
called EfficientNets, which achieve much
better accuracy and efficiency than previous
ConvNets. In particular, our EfficientNet-B7
achieves state-of-the-art 84.3% top-1 accuracy

Figure 1. Model Size vs. ImageNet Accuracy. All numbers are
for single-crop, single-model. Our EfficientNets significantly out-
perform other ConvNets. In particular, EfficientNet-B7 achieves
new state-of-the-art 84.3% top-1 accuracy but being 8.4x smaller
and 6.1x faster than GPipe. EfficientNet-B1 is 7.6x smaller and
5.7x faster than ResNet-152. Details are in Table 2 and 4.
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EfficientNet

 Compound scaling
. Qo] 7lo|(depth), LH|(width), Y& o|o|z|e] sHALE (resolution) & E-Alof] X A5t HFA]

. EfficientNet: 28o| M52 H840 2 gHtAF|7| ol M7H2| 2t9de] F-S 2|t

. 9z
. HEI0| Zo| 37> S| o BAY SYT WS AAY 4 UL

+ HEYIS| | (== 2 3o A 4) 371> BYo| of B EYL SAll AAY 4 UL

= LS o =1 = A
= .4 G 22 GFAGF A o
. o3 SHALE Z7} S Ro| of MU THET} HMAXE AT 4 9IS
« EfficientNet-B0 (baseline) ~ B1~B7 [ e
gomes v ; é %? %
« compound scaling H|-gol| cta} =& g2t | ‘ - ==
: deeper
: |
" % * & =
[ - layer i H =
f ) il
H}resol tion HXW }F‘ ﬂj I:;ggleljrtion i: heiggirﬁo
(@) baLeIine (b) width scaling (c) depth scaling (d) resolution scaling (e) compoLnd scaling
Figure 2. Model Sc almg ( a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is roposed compound scaling method th at uniformly scales all three dimensions with a fixed ratio.



Vision Transformer (ViT)

* An Image is Worth 16x16 Words: Transformer for Image Recognition at Scale

» Transformer F-20f|x

stot

« Transformer: =< #JAF

Y
]

TOP 1 ACCURAC

SIFT.+FVs

40

Other models

LR

Inception V.3

2 self-attention

FixEfficientNet-B7 EiT-:R 3

DPN-131/(320x

2018 2020

-8~ State-of-the-art models

AN IMAGE 1S WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy* T, Lucas Beyer*, Al der Kolesnikov*, Dirk Wei born*,
Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby*-t
*equal technical contribution, fequal advising
Google Research, Brain Team
{adosovitskiy, neilhoulsby}@google.com

ABSTRACT

‘While the Transformer architecture has become the de-facto standard for natural
language processing tasks, its applications to computer vision remain limited. In
vision, attention is either applied in conjunction with convolutional networks, or
used to replace certain components of convolutional networks while keeping their
overall structure in place. We show that this reliance on CNN is not necessary
and a pure transformer applied directly to sequences of image patches can perform
very well on image classification tasks. When pre-trained on large amounts of
data and transferred to multiple mid-sized or small image recognition benchmarks
(ImageNet, CIFAR-100, VTAB, etc.), Vision Transformer (ViT) attains excellent
results compared to state-of-the-art convolutional networks while requiring sub-
stantially fewer computational resources to train.!

Output
Probabilities

Add & Norm

Feed
Forward
| Add & Norm ;
£dd & Norm Multi-Head
Feed Attention

Forward D) Nx
— |
Nix Add & Norm
¢—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
S — J U —' )
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right) 78



Vision Transformer (ViT)

o ViT St HEAI
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5. Object Detection



Evaluation metrics

2| 2=t 7t 2|8

7H3| EF
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Evaluation metrics

* Intersection over Union (loU)
« A 74A| (ground truth)2t 20| of| 25t bounding box7} HotLt F2|[=2|E LIEIL &= 2|&
c B4E RO
+ o] 9I2IE HBHOE Y BAYEIN

« QHlXo 2 threshold2 &&

loU: 0.4034 loU: 0.7330 loU: 0.9264

Area of Overlap

Area of Union .

Poor Good Excellent
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Evaluation metrics

 Precision and recall = Sl 22{AE 4| E55IH=717
* Precision = TP [ (TP + FP) = Rto| HofL| H=I5ILf?
. il-o|a|-_Tl_ G"%‘&l' 74% %o"kl JSII:I'% |:|I-_I=‘I_n_ |:||%

+ > ex) ForAEtA ol Fg AE FollM A Forz|e] HlE

« TP: o| &5l bounding boxZ} A#| ZHx|E Z 35t 1oU7} 0.8 0|44
e FP: o &El bounding box7} A& ZHAH|E T EIGIZ| Q7Ll loU7

+ Recall = TP / (TP + FN) &> S%|& oF {1 2 H2sjLp

- A FE F otk ©HE SEAs Rl chigh I

Predicted

Negative (N)

Positive (P)
+

Actual

Negative

True Negative (TN)

False Positive (FP)
Type | Error

Positive
+

False Negative (FN)
Type Il Error

True Positive (TP)
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Evaluation metrics

* Precision and recall

» single class object

ZE|ofof 5t= F|: 67H (TP+FN)

=> Precision = 4/7 = 0.57

=> Recall = 4/6 = 0.67

84



Evaluation metrics

* Precision and recall

» single class object

ZE|ojof Bt EA|: 67 (TP+FN)
g dlo| A&t EAI: 77l (TP+FP)
loU threshold: 0.5 (AM2}7t A4%)
. polo| 2 H&gt B4: 57 (TP)
* P1, P2, P3, P4, P5

=> Precision = 5/7 = 0.71

=> Recall = 5/6 = 0.83
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Evaluation metrics

* Precision and recall

» single class object

Confidence score, not loU

3Dog 043 B

1)

Zg|ofof BF= 2|: 571 (TP+FN)

g dlo| &% EAI: 57l (TP+FP)

loU threshold: 0.7 (AFM2}7t A4%)
- Rtlo| 2k H&TH &: 37 (TP)

 object 1, 2,5

=> Precision = 3/5 = 0.60

=> Recall = 3/5 = 0.60
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Evaluation metrics

* Precision and recall

* multi class object

Cat Dog
Dog
Cat "
loU=0.7
loU=0.9
5 Dog
og =
DOG ©
Dog
loU=0.9
loU=0.2

GT

Predicted

loU threshold 0.8

7A&E[oof St= cat: 2 (TP+FN)

Z&E|ofof 3F= dog: 3 (TP+FN)

Precision(cat) =1 /1 =1.00
Recall(cat) =1/ 2 = 0.50

Precision(dog) =1 /4 =0.25
Recall(dog) =1 /3 =0.33
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Evaluation metrics

« AP (Average Precision)
« B4 a2 chgt Precision-Recall =412] ofzff g1

. WHo| A7|7} 10| 77t 48 BHe| A5o| Fofut

 mAP (mean Average Precision)

. of2| FafAof chet APt W

 AP@.50, AP@.75, ...
« AP@.50 = loU thresholdZ} 0.5% ml{e| AP
« AP@.75 = loU thresholdZ} 0.75¥Y zle] AP

Precision (Positive label: 1)

1.0 1

0.9 1

0.8

0.7

0.6

051

2-class Precision-Recall curve

—— LinearSVC (AP = 0.91)
—-==_Chance level (AP =0.52) ccccemceeeee e
0.0 0.2 0.4 0.6 0.8 1.0

Recall (Positive label: 1)
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History of object detection

» Two-stage detector

« Regional Convolutional Neural Network (R-CNN)

DPM Fast Faster Mask
Det\:.]cm, Detector RUnw SPPNet || pown Renn || renn || PPN
i \
‘\ .‘I"l,v . ] S
“‘ \ Two-stage Detectors A
° - o | . >
mnn <0 \ One-stage Detectors
\ 7 7 7 7 T
\ 4 206 / 2016 [ 2017 [ 2007 [ 2019 [
\ ,/ /
HOG / /
Detector ,, / / /
/ / ¢ rl £ ¢
Traditional Detection ! Deep Learning Based | YOLO ssD Retina Sq;zf:ze CornerNet
Methods ] Detection Methods o
* One-stage detector /
/
/
. . - i - - — MR-CNN — DeepB i I
. Slngle Shot Detector (SSD) R-CNN — OverFeat — MultiBox SPP-Net R-CA eepBox — AttentionNet
2013.11 ICLR" 14 CVPR' 14 ECCV' 14
L] ICCV" 15
* RetinaNet
* You Only Look Once (YOLO)

Iccv' 15
NIPS” 15

« DETR (Detection Transformer)

ICCV" 15
Fast R-CNN — DeepProposal — Faster R-CNN — OHEM — YOLO v1— G-CNN — AZNet —
ICCV" 15 CVPR" 16
Inside-OutsideNet(ION) — HyperNet — CRAFT — MultiPathNet(MPN) — SSD — GBDNet —
CVPR’ 16

CVPR’ 16
CVPR’ 16

BMVC’ 16 ECCV' 16 ECCV' 16
CPF —» MS-CNN — R-FCN— PVANET — DeeplD-Net— NoC — DSSD— TDM — YOLO v2 —
ECCV" 16 ECCV' 16 NIPS’ 16 NIPSW’ 16 PAMI’ 16 TPAMI" 16 arXiv' 17 CVPR" 17 CVPR' 17
Feature Pyramid Net(FPN) - RON — DCN — DeNet — CoupleNet— RetinaNet — DSOD —
CVPR" 17 CVPR" 17 Iccv 17 Iccv 17 ccv' 17 Icov 17 Iccvr 17
Mask R-CNN — SMN — YOLO v3 — SIN — STDN — RefineDet —» MLKP — Relation-Net —
1ccv 17 Icov' 17 arXiv' 18 CVPR' 18 CVPR' 18 CVPR' 18 CVPR' 18
CVPR' 18 ECCV' 18

ECCV" 18 NIPS" 18 NIPS" 18

CVPR" 18
Cascade R-CNN —» RFBNet — CornerNet — PFPNet — Pelee - HKRM — R-DAD — M2Det
ECCV" 18

AAAI' 19 AAAI' 19
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History of object detection

» Two-stage detector

* region proposal stage

« S H %A (region proposal) A8 = o|O|z| Axj|of|A ZHA|7} Zzhgt 7}

 classification and bounding box regression stage

L= Ado |

o O

+ 7t 34 ool Chs CNNE ALBSIo] Hue| SHAE LEstD, HHo] 9IX|E LIEfE 2B E o2

Image ‘

\

Region

proposal

—

\

Conv layers

-

For each proposed region

—

Multi-class

classification

Bounding box

regression
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History of object detection

* One-stage detector

* direct detection

QF A glof v ZHH|2] ||t F2H

HEA Oloj|A 7_Ilii-||7|- OI% il-.g.:l_f 7Hz

- —

Image ‘

AA

Conv layers

—

For each grid cell

—

Multi-class

classification

Bounding box

regression
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Two-stage detector

Regional Convolutional Neural Network (R-CNN)

Fast R-CNN

Faster R-CNN

Mask R-CNN
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Regional Convolutional Neural Network

CNN-2 object detection £ofof 2|z A&
Z7\ojl= end-to-end FAl2 o}l

A5t region2 CNN2| feature2 Zr&

region proposal = warping =» feature extraction

=>» image classification and bbox regression

R-CNN: Regions with CNN features
ﬂlaeroplane no. |

:->| l)LI‘bOll yes. |

'\
Al t\fmonitor".’ no. |
3. Compute 4. Classify

CNN features regions

warped region

2. Extract region
image proposals (~2k)

Task: 1. Region Proposal 2. Region Classification

Rich feature hierarchies for accurate object detection and semantic segmentation
Tech report (v5)

Ross Girshick Jeff Donahue Trevor Darrell Jitendra Malik
UC Berkeley

{rbg, jdonahue, trevor,malik

Abstract

Object detection performance, as measured on the
canonical PASCAL VOC dataset, has plateaued in the last
few years. The best-performing methods are complex en-
semble systems that typically combine multiple low-level
image features with high-level context. In this paper, we
propose a simple and scalable detection algorithm that im-
proves mean average precision (mAP) by more than 30%
relative to the previous best result on VOC 2012—achieving
a mAP of 53.3%. Our approach combines two key insights:
(1) one can apply high-capacity convolutional neural net-
works (CNNs) to bottom-up region proposals in order to

}‘:‘-—w:" .berkeley.edu

R-CNN: Regions with CNN features

1 Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Figure 1: Object detection system overview. Our system (1)
takes an input image, (2) extracts around 2000 bottom-up region
proposals, (3) computes features for each proposal using a large
convolutional neural network (CNN), and then (4) classifies each
region using class-specific linear SVMs. R-CNN achieves a mean
average precision (mAP) of 53.7% on PASCAL VOC 2010. For

comparison, [ 9] reports 35.1% mAP using the same region pro-

Apply bounding-box regressors
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Regional Convolutional Neural Network

* Algorithm
» Step 1: image input

« Step 2: region proposal
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Regional Convolutional Neural Network

* Algorithm
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Regional Convolutional Neural Network
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Regional Convolutional Neural Network

* Algorithm
« Step 7: Bounding Box Regression (BBR)
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Regional Convolutional Neural Network

 Limitations
« olo[z[e] 37|E AR HHFT (227x227)
* AlexNet +2& Orf2 &8%t 5423 Y £577
* selective search2| &&
* region proposal 2,0007H7} 25 input = A|7t L& 22 A=
« SVM, selective search & GPU 2iAto]| 2|5} A2 4 gle

* end-to-end training X

« SVM, bbox regressor @& = CNN (AlexNet)2.2 backpropagration 875



Fast R-CNN

 Spatial pyramid pooling layer (SPP layer, SPPNet)
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Figure 1: Top: cropping or warping to fit a fixed
size. Middle: a conventional CNN. Bottom: our spatial
pyramid pooling network structure.

f convolutional layers
input image

feature maps of convs
(arbitrary size)

Spatial Pyramid Pooling in Deep Convolutional
Networks for Visual Recognition

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun

Abstract—Existing deep convolutional neural networks (CNNs) require a fixed-size (e.g., 224 x224) input image. This require-
ment is “artificial” and may reduce the recognition accuracy for the images or sub-images of an arbitrary size/scale. In this
work, we equip the networks with another pooling strategy, “spatial pyramid pooling”, to eliminate the above requirement. The
new network structure, called SPP-net, can generate a fixed-length representation regardless of image size/scale. Pyramid
pooling is also robust to object deformations. With these advantages, SPP-net should in general improve all CNN-based image
classification methods. On the ImageNet 2012 dataset, we demonstrate that SPP-net boosts the accuracy of a variety of CNN
architectures despite their different designs. On the Pascal VOC 2007 and Caltech101 datasets, SPP-net achieves state-of-the-
art classification results using a single full-image representation and no fine-tuning.

The power of SPP-net is also significant in object detection. Using SPP-net, we compute the feature maps from the entire

- image only once, and then pool features in arbitrary regions (sub-images) to generate fixed-length representations for training

the detectors. This method avoids repeatedly computing the convolutional features. In processing test images, our method is
24-102x faster than the R-CNN method, while achieving better or comparable accuracy on Pascal VOC 2007.

In ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2014, our methods rank #2 in object detection and #3 in
image classification among all 38 teams. This manuscript also introduces the improvement made for this competition.

Index Terms—Convolutional Neural Networks, Spatial Pyramid Pooling, Image Classification, Object Detection

Fast R-CNN

Ross Girshick
Microsoft Research

rbg@microsoft.com

Abstract

This paper proposes a Fast Region-based Convolutional
Network method (Fast R-CNN) for object detection. Fast
R-CNN builds on previous work to efficiently classify ob-
Ject proposals using deep convolutional networks. Com-
pared to previous work, Fast R-CNN employs several in-
novations to improve training and testing speed while also
increasing detection accuracy. Fast R-CNN trains the very
deep VGG16 network 9x faster than R-CNN, is 213 x faster
at test-time, and achieves a higher mAP on PASCAL VOC
2012. Compared to SPPnet, Fast R-CNN trains VGG16 3x
faster, tests 10X faster, and is more accurate. Fast R-CNN
is implemented in Python and C++ (using Caffe) and is

ilable under the op e MIT License at https :
//github.com/rbgirshick/fast-rcnn.

while achieving top accuracy on PASCAL VOC 2012 [7]
with a mAP of 66% (vs. 62% for R-CNN).!

1.1. R-CNN and SPPnet

The Region-based Convolutional Network method (R-
CNN) [9] achieves excellent object detection accuracy by
using a deep ConvNet to classify object proposals. R-CNN,
however, has notable drawbacks:

1. Training is a multi-stage pipeline. R-CNN first fine-
tunes a ConvNet on object proposals using log loss.
Then, it fits SVMs to ConvNet features. These SVMs
act as object detectors, replacing the softmax classi-
fier learnt by fine-tuning. In the third training stage,
bounding-box regressors are learned.

2. Training is expensive in space and time. For SVM

A P S
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Apply bounding-box regressors
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Fast R-CNN
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Faster R-CNN

* Region proposal
 Region Proposal Network (RPN)2 £3H Rol A4t
« anchor box2| 7HH4g £
- GPUE 5%t Rol AHlAPHs > AHlAF 584 37t
 End-to-end &t/g
- Fast R-CNN + RPN2| Zg}

Anchor boxes

Proposal '
layer Region
proposals

Ground truths

Class scores, T
bbox regressors

Rols

Feature map RPN

»
L

Image Pre-trained
(HxwW) ' VGG

v

Feature map

Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks -
Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun

Abstract—State-of-the-art object detection networks depend on region proposal algorithms to hypothesize object locations.
Advances like SPPnet [1] and Fast R-CNN [2] have reduced the running time of these detection networks, exposing region
proposal computation as a bottleneck. In this work, we introduce a Region Proposal Network (RPN) that shares full-image
convolutional features with the detection network, thus enabling nearly cost-free region proposals. An RPN is a fully convolutional
network that simultaneously predicts object bounds and objectness scores at each position. The RPN is trained end-to-end to
generate high-quality region proposals, which are used by Fast R-CNN for detection. We further merge RPN and Fast R-CNN
into a single network by sharing their convolutional features—using the recently popular terminology of neural networks with
“attention” mechanisms, the RPN component tells the unified network where to look. For the very deep VGG-16 model [3],
our detection system has a frame rate of 5fps (including all steps) on a GPU, while achieving state-of-the-art object detection
accuracy on PASCAL VOC 2007, 2012, and MS COCO datasets with only 300 proposals per image. In ILSVRC and COCO
2015 competitions, Faster R-CNN and RPN are the foundations of the 1st-place winning entries in several tracks. Code has been
made publicly available.

Index Terms—Object Detection, Region Proposal, Convolutional Neural Network.
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Faster R-CNN
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Faster R-CNN

Fast R-CNN

* Network designh — RPN (sliding window + anchor box) (
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* an ChO r bOX: ObjECt 17 IQ'I- H I%o I O'l :-%!7'" EE'I ZI Figure 3: Left: Region Proposal Network (RPN). Right: Example detections using RPN proposals on PASCAL

VOC 2007 test. Our method detects objects in a wide range of scales and aspect ratios.
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Faster R-CNN
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Mask R-CNN

Mask R-CNN

Kaiming He Georgia Gkioxari Piotr Dollar Ross Girshick

* Network design
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Abstract

We present a conceptually simple, flexible, and general
framework for object instance segmentation. Our approach
efficiently detects objects in an image while simultaneously
generating a high-quality segmentation mask for each in-
stance. The method, called Mask R-CNN, extends Faster

parallel with the existing branch for bounding box recogni-

tion. Mask R-CNN is simple to train and adds only a small Figure 1. The Mask R-CNN framework for instance segmentation.
overhead to Faster R-CNN. running at 5 fos. Moreover.

-

prediction

3x3 conv 3x3 conv 599""9"‘3“0"

(mxm)

Figure 2. Mask R-CNN results on the COCO test set. These results are based on ResNet-101 [19], achieving a mask AP of 35.7 and
running at 5 fps. Masks are shown in color, and bounding box, category, and confidences are also shown.

Mask branch
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Mask R-CNN
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o 2 a9 4l&: Mask R-CNN

 Github:

« R-CNN: https://qithub.com/rbgirshick/rcnn

e Fast R-CNN https://github.com/rbqirshick/fast-rcnn

e Faster R-CNN https://github.com/jwyang/faster-rcnn_ pytorch

« Mask R-CNN https://github.com/matterport/Mask RCNN

e Detectron2: https://github.com/facebookresearch/detectron?

E O facebookresearch | detectron2 Q Type (Jto search
<> Code (O lssues 390 11 Pullrequests 84  C)) Discussions () Actions [ Projects () Security [~ Insights
o detectron2  Pubiic © Watch 381 ~

¥ main ~

¥ 13Branches © 11 Tags Q Go tofile t  Addfile - [ RGNeLITEES

% jiaxuzhu92 and facebook-github-bot Pass cfg.SEED to dataloader bui.. @ X  3ff5dd1- 3 weeksago  {5)1,501 Commits

W circleci
W _github
W configs
W datasets
M demo
B detectron2
M dev

B docker
B docs
B projects
M tests

M tools

bump circleci minimum python version to 3.8 last year
Update Python Version last year
ViTDet README and COCO configs 2 years ago
download mini data in OSS Cl, and enable more tests 3 years ago
visionfair last month
Pass cfg.SEED to dataloader building 3 weeks ago
remove references to flake8-2 and flake8-3 2 years ago
Add support for ONNX-only 2 years ago
Copy cubercnn/modeling to vitdet_cubercnn. (rpn) 2 years ago
visionfair last month
make build_batch_data_loader work better when dataset . 8 months ago
visionfair last month

% Fork 72k - ¢ Star 282k <

About

Detectron2 is a platform for object
detection, segmentation and other visual
recognition tasks.

@ detectron2.readthedocs.iofen/latest/

Readme
Apache-2.0 license
Code of conduct
Security policy
Activity

Custom properties
28.2k stars

381 watching

< OO sRSREB

7.2k forks

Report repository

Releases 10

© v06

on Nov 16, 2021

4@ ralascac

cO > Detectron2 Tutorialipynb ¢
S my 4w wl gy wEe =3

Q | Detectron2 Beginner's Tutorial

Install detectron2
Run a pre-trained detectron2 model
Train on a custom dataset

Prepare the dataset

Train!

Inference & evaluation using the
trained model

Other types of builtin models

Run panoptic segmentation on a video

+ aM

Drive2 SAt
Ve szEm
Detectron2 Beginner's Tutorial

0

Welcome to detectron2! This is the official colab tutorial of detectron2. Here, we will go through some basics usage of detectron2, including the
following:

« Run inference on images or videos, with an existing detectron2 model

* Train a detectron2 model on a new dataset

You can make a copy of this tutorial by "File -> Open in playground mode" and make changes there. DO NOT request access to this tutorial.
v Install detectron2

!python -m pip install pyyam
import sys, os, distutils.core

1git clone 'https://git
dist = distutils. core.run_setup("./

Ipython -m pip install {' '.join([f"'{x}'" for x in dist.install_requires])}
sys.path.insert(@, os.path.abspath('./detectron2'))
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https://github.com/matterport/Mask_RCNN
https://github.com/matterport/Mask_RCNN
https://github.com/matterport/Mask_RCNN
https://github.com/matterport/Mask_RCNN
https://github.com/facebookresearch/detectron2

One-stage detector

You Only Look Once: Unified, Real-time Object detection (2016 CVPR) € YOLOV1
« YOLO9000: Better, Faster, Stronger (2016 CVPR) € YOLOv2

« YOLOV3: An Incremental Improvement (2018)

« YOLOv4: Optimal speed and accuracy of object detection (2020)

« YOLOV5 (2020) = 3Al paper &-2. by Ultralytics

« End-to-End Object Detection with Transformer (2020 ECCV) € DETR

¢ YOLOV7: Trainable bag-of-freebies sets new state-of-the-art for real-time object detectors (2022)
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One-stage detector

YOLO v1, v2, v3

e v3: https://github_.com/ultralytics/yolov3/tree/master

YOLO v4 (v4->v7) https://qithub,com/WongKinYiu/PyTorch_YOLOV4 qit

YOLO v5 (v3->v5->v8) https://github,com/ultralytics/yolov5

YOLO v6 https://github.com/meituan/YOLOvV6

YOLO v7 (2022) https://aithub,com/WongKinYiu/yolov?7

YOLO v8 (2023) https://aithub,com/ultralytics/ultralytics
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https://github.com/ultralytics/ultralytics

History of major object detector

Rich feature hierarchies for accurate object detection and semantic segmentation (2014 CVPR) € R-CNN
Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition (2014 ECCV) € SPPNet
Fast R-CNN (2015 ICCV)

Faster R-CNN (2015 NIPS)

You Only Look Once: Unified, Real-time Object detection (2016 CVPR) € YOLOv1

YOLO9000: Better, Faster, Stronger (2016 CVPR) € YOLOv2

Mask R-CNN (2017 ICCV)

YOLOvV3: An Incremental Improvement (2018)

Path Aggregation Network for Instance Segmentation (2018 CVPR) € PANet

YOLOv4: Optimal speed and accuracy of object detection (2020)

A New Backbone that can Enhance Learning Capability of CNN (2019) € CSPNet

YOLOV5 (2020) = 34l paper &-€. by Ultralytics

End-to-End Object Detection with Transformer (2020 ECCV) € DETR

YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-time object detectors (2022)
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YOLOvV1

* You Only Look Once: Unified, Real-time Object Detection
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You Only Look Once:
Unified, Real-Time Object Detection

Joseph Redmon*, Santosh Divvala*, Ross GirshickY, Ali Farhadi*f
University of Washington™, Allen Institute for AT', Facebook AI Research’
http://pjreddie.com/yolo/

Abstract

We present YOLO, a new approach to object detection.
Prior work on object detection repurposes classifiers to per-
form detection. Instead, we frame object detection as a re-
gression problem to spatially separated bounding boxes and
associated class probabilities. A single neural network pre-
dicts bounding boxes and class probabilities directly from
full images in one evaluation. Since the whole detection
pipeline is a single network, it can be optimized end-to-end
directly on detection performance.

Our unified architecture is extremely fast. Our base
YOLO model processes images in real-time at 45 frames
per second. A smaller version of the network, Fast YOLO,
processes an astounding 155 frames per second while
still achieving double the mAP of other real-time detec-
tors. Compared to state-of-the-art detection systems, YOLO
makes more localization errors but is less likely to predict
false positives on background. Finally, YOLO learns very
general representations of objects. It outperforms other de-
tection methods, including DPM and R-CNN, when gener-
alizing from natural images to other domains like artwork.

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

Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448 x 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by
the model’s confidence.

methods to first generate potential bounding boxes in an im-
age and then run a classifier on these proposed boxes. After
classification, post-processing is used to refine the bound-
ing boxes, eliminate duplicate detections, and rescore the
boxes based on other objects in the scene [13]. These com-
plex pipelines are slow and hard to optimize because each
individual component must be trained separately.

We reframe object detection as a single regression prob-
lem, straight from image pixels to bounding box coordi-
nates and class probabilities. Using our system, you only
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YOLOvV1
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YOLOvV1

* Network design
* Modified GoogleNet
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L oo o o oo o o o o s mm e e e e e e o s mm mm mm e e e mm mm mm mm mm mm mm m

Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers ~ Conn. Layer  Conn. Layer

7x7 x64-5-2 3x3x192 1x1x128 1x1x256 1, 4 1x1x512 1,5 3x3x1024

Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-s-2 2x2-5-2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer  Maxpool Layer
2x2-s2 2x2-s-2

input tensor: 448x448x3
output tensor = SXSx(B x5+ C) = 7x7%30
- S(=7)
* B (=2): number of boxes
¢ C (=20): class probabilities,
« 5: bounding box center inside cell (x, y),
bounding box width and height (w, h),

bounding box confidence
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YOLOvV1

« Output tensor AHlAl

- ex)S=7,B=20,C=20

Resized image® 7x72 &% (S=7)  Grid cell DI} box 274! of|& (B=2)
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YOLOvV1

 Output tensor A4t /
e ex)S=7,B=20,C=20

/ bbox #1

h/H

)

w/W
Grid cell OfC} box 2744l of| & (B=2)

v

S TR R

)

bboxe| 2t& (x, y, w, h)
input image size&2 normalized (0~1)

truth

confidence score = Pr(Object) * IoU;;eq

Pr(Object) : E#|7} bbox LHol| 1284 1, ofL|H 0
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YOLOvV1

 Output tensor A4t

e ex)S=7,B=20,C=20

/ bbox #1

- q\ h—/H |
- * bbox #2

Grid cell OfC} box 2744l of| & (B=2)

= T < 0w

=

Pc

)

bboxe| 2t& (x, y, w, h)
input image size&2 normalized (0~1)

confidence score = Pr(Object) * IoUg;%t({‘

Pr(Object) : 24|17} bbox LHol| 1284 1, ofL|H 0
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YOLOvV1

 Output tensor A4t

e ex)S=7,B=20,C=20

-

<PIE

Grid cell OFCt box 274 of| &

bbox #1

" * bbox #2

(B=2)

[

S TR R

=

)

bboxe| 2t& (x, y, w, h)
input image size&2 normalized (0~1)

truth

confidence score = Pr(Object) * IoU;;eq

Pr(Object) : E#|7} bbox LHol| 1284 1, ofL|H 0

Pr(Class;|Object) :
E3|7} bbox LHol| -2 mH, Grid cello| }-= objectZ}

(@l classof| 4% &5
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YOLOvV1

 Output tensor A4l

- ex)S=7,B=20,C=20

5%2+20 = 30

Grid cell OfC} box 2744l of| & (B=2)
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YOLOvV1

* Training process

« EH objectol| responsiblegl cell i= ground truth box2| Z4lo| &|X|5= cell2 &t

Ground truth

Ground truth boxLi{ol| £zl5}I= objectol| responsibleFt cell

Conv layer

«  GT box2| Z4lo| cell 300 9|
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YOLOvV1

* Training process
¢ SHEERAOIME [oULEY L 7t -2 bbox 17HI AMS:

> ]12?’ : cell iol|X responsible®t jHHAY bbox& B AIGH] loss functionoi| BF

s | Ground truth

predicted yellow bbox

predicted blue bbox

Conv layer

« GT box2| Z4Alo| cell 300 &%

e L BFA ol kA obj _ .. truth truth
2 bboxh BHgofl ARG D 1500 0, = 1 (10U, > ToUgTye
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YOLOvV1

* Loss function

Localization loss

Confidence loss

Classification loss

coordzzn"‘”[ 2 — 8:) + (s — 50)°]

1=0 5=

+ Amzz 13 [ (i - var)* + (Vi = i) ]

1=0 3=

SR ACICEE

1=0j=

2 Nl z z 157" (0; - &)

1=0 j=

+Zn‘;‘"’ > (pile) — pi(e)?
1=0

c Eclasses
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YOLOvV1

* Loss function

Localization loss

Confidence loss

Classification loss

Acoord Z Z ]]-(bj |:($L - i-i)z + (yi — 'gi)z]

1=0j=

e 313 (v - V) + (VR VR

1=0 7=0

B 3p IS

i=0 7=0

s? B

+ 2wy 303175 (5 - €5)

1=0j=

+Zlf;"j > (ile)
=0

¢ Eclasses

— pi(e))?

Localization loss
*  Acoora: grid cell2]| 7+52| (=5)
* bbject? 25t I cello| ¢ B3
= confidence scoreZ} 00]] £215}= 748 HiZ|
« S?: grid cell?] £ (=7x7=49)
e B:grid¥ bboxe|

. Ob’ : (B4 cell2] jHHAY Bbox7| ZHH|E of|& > 1, else 0
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YOLOvV1

* Loss function

Localization loss

Confidence loss

Classification loss

Acoord Z Z ]]-(t;J |:($L - i-i)z + (yi — 'gi)z]

1=0j=

e 313 (v - V) + (VR VR

1=0 7=0

Obj 2
+ ZZ 1 (6= &)
s?2 B .
e Anoobj Z Z ]ln . ( - éL)
1=0j=

+Zlf;"j > (ile)
=0

¢ Eclasses

— pi(e))?

Confidence loss

}\noob] 1'"% .EEI-EI'ZI u‘:% grid cell2 | oo
%] (0.5)
1?;)01” itHAY grid cell2] jHHA Bbox?| ZHH|E

Cit 747t ZFE|] UE ¢ 1, else 0

C;: od|&3t Bbox2] confidence score

1Gk2q

42 Zo|7| 9t 7}

ol = 0, else 1
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YOLOvV1

* Loss function

Localization loss

Confidence loss

Classification loss

Acoord Z Z 1 [(fci — &) + (yi — ?}L')Z]

1=0j=

s 3313 [ (5= )+ (V- Vi) ]

1=0 7=0

B TICE

i=0 7=0

s2 B

+ >\noobj Z Z ]lno obj (

1=0j=

6)’
6)’

PSS (il - i)’
i=0

¢ Eclasses

Classification loss

(AA| class prob)et (9|2 class prob)2| weighted SSE

sl cellofl 3to| 91 mit kol 2tof
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YOLOvV1

X w h X w h c, C c
« Inference stage Y Pe Y | 20
T . X C1 | Cy S Cz0 bbox #1
y a4 '
yv4 I
S/ |
y L !
// {
/I// /|
/7 X
y 4 //
/ y
w
7
/30 h
/ Dc Class-specific confidence score
7 Cq Pr(Class; | Object) * p,
C, = Pr(Class; | Object) x Pr(Object) * IoUé?’e‘fih
Output tensor
= Pr(Class;) * [oUS 45
C20

bbox #1 127



YOLOvV1

c c

* Inference stage - =
C; Cyp| | DOOX #1

yal
J /
y 4
y 4

Cy Cyol| | bboOx #2

/.
/7
7 :
Non-maximum
/ :
d ‘ suppression
. (NMS)

Output tensor

bbox #1 bbox #2 bbox #3 bbox #98 98 = 7x7x2 198



YOLOvV1

* Inference stage

+ NMS: 7} objectol] £lgt ofa{ bbox % 73

bbox #1

bbox #2

bbox #3

bbox #98

mustard(0.82)
muslard(0.94)3‘)
ki s,
mustard(0.95)
orangoranaeJuice(0.86Y0.75)=
orangerce(O 56)4)' :

ora|orangeJu|ce(082) buttbutter(0.92)
putier(u.yy)
YL

Joghu (
oralorange(0.85) jogtjoghurt(0.99
oranae(u.s 1yanaeru a) hup (0. 49)|ognumonumu oy
oraroraiorange(0.92) ‘ joghurt(0.76

(ketchup(0.7)D.5)
BN |

m water(0.9) champagne(O 9
eggBox(O 7) 3 Wwater(u.y'1)chamnaanaii 4.5
| s wdchampagneqo 5

mustard(0.99)

oréngeJuice(0.91)

T butter(0.99)
e 3

joghumo.%
orange(0.97) :
irt

ketchup(0.77)§
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YOLO9000:
YO LOV2 Better, Faster, Stronger

Joseph Redmon*f, Ali Farhadi**
University of Washington®, Allen Institute for AT
http://pjreddie.com/y0109000/

« YOLO9000: Better, Faster, Stronger

Abstract

We introduce YOLO9000, a state-of-the-art, real-time

object detection system that can detect over 9000 object

° Bette r categories. First we prop various impr s to the
YOLO detection method, both novel and drawn from prior

work. The improved model, YOLOV2, is state-of-the-art on

standard detection tasks like PASCAL VOC and COCO. Us-

t . t . ing a novel, multi-scale training method the same YOLOv2

L] b h I (B N) model can run at varying sizes, offering an easy tradeoff
a C n 0 rm a Iza Ion between speed and accuracy. At 67 FPS, YOLOv2 gets

76.8 mAP on VOC 2007. At 40 FPS, YOLOv2 gets 78.6

mAP, outperforming state-of-the-art methods like Faster R-

H H . CNN with ResNet and SSD while still running significantly

b I n p ut SI Ze . 448X448i %OEI faster. Finally we propose a method to jointly train on ob-
Ject detection and classification. Using this method we train

YOLO9000 simultaneously on the COCO detection dataset

. . and the ImageNet classification dataset. Our joint training

° YO LO 1 9 22 4 22 4 / f 448 448 allows YOLO9000 to predict detections for object classes

V t ra I n I n g X I n e re n Ce X that don’t have labelled detection data. We validate our

approach on the ImageNet detection task. YOLO9000 gets

19.7 mAP on the ImageNet detection validation set despite

only having detection data for 44 of the 200 classes. On the

156 classes not in COCO, YOLO9000 gets 16.0 mAP. But

YOLO can detect more than just 200 classes; it predicts de-

tections for more than 9000 different object categories. And
it still runs in real-time.

reorg
route

///// | 1213%2043 7 o —
L AL NTL L
(I =
coav Ix3/1
- . } LU 13131024

Losage
AL ) [ 1
’ ’ A max 20 conv 1x11 convy 1x1/1

max BT ) 13%13x512 ”"':' e .
T LI 2 conv $x 4L
e Iz 2x202 26%26%256 26 260256 coav 3%53/) IB'I"-‘I":’\- Black: im:
o~ K o 52452x124 e 311 comy Ixy/ Y31 31024 R A
¥ 104 | it I IExE]2 g SOy S5 Rlue: cony
LY max 2«22 cony 3x3/1 26x26x512 260426512 comre 12171 13 13%1024
5x3) e s v o decl: or
courinayy  208%208x12 c.(m.'”" S3xSIXES6 coew 1x1/1 13x13x512 conv 3x3f1 Red: max
catry 3301 1041 Mex 123 2 6% 26%256 coa 1%3/1 15%1 3% 1024
4163 %52 ' P oy / ?
16xAl16x52 Spars Ly (o 1x1/1 *U eocw Ix3/1 131 3x1004 Green: route
- 1045 | (x4 SISIx124 6% 2658512
comy 3x3/)1 cony Ix3f1
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YOLOv2

« YOLO9000: Better, Faster, Stronger C,
Py
° Better cy sssssjessssassaeg =
: b,, :
« anchor box offset &% : I o T "
- p“E b, ._..0 Y bx;c(tx)+cx
« 7t anchor box©]| CHaHA] 47H2] offset S o | o) P bepes|
. . bh=phet

* Pw,Ppn: anchor box size

* ty by, by, ty: BEC| o & offset Zf
* by, by, by, by: GllZ% bbox
+ ZA9I2| by, by grid cell LH2| ATHZ 2|3
« sigmoid functiong 3l 0~1Alo| Zfo 2 X%
e L{H| b, 0| b,: anchor box xt¢lof| cigt AH|Y 27t
« A ge-F SoH Al

131



YO LOV2 Type Filters | Size/Stride Output
Convolutional 32 I3Ix3 224 x 224
Maxpool 2x2/2 112 x 112
Convolutional 64 Ix3 112 x 112
Maxpool 2:%:2/2 56 x 56
Convolutional 128 3x3 56 x 56
Convolutional 64 Texcel 56 x 56
Convolutional 128 I3x3 56 x 56
° F t Maxpool 2x2/2 | 28x28
as er Convolutional 256 3x3 28 x 28
Convolutional 128 Taxal 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2:%:2/2 14 x 14
= - Convolutional 512 3x3 14 x 14 airplane apple backpackbanana bat  bear  bed bench bicycle bird 7@  zebra
« Backbone: Darknet-19 St | 3o | X3 | M1
Convolutional 512 Ix3 14 x 14
Convolutional 256 1x1 14 x 14 ImageNet
Convolutional 512 3x3 14 x 14
Maxpool 2:%:2/2 TIXET:
Convolutional 1024 3x3 Txe e G O )T T
Convolutional 512 1x1 X7 Afghan  Africon African African African African Airedale American American American 22K  zucchini
Convolutional 1024 33 T T hound chameleon crocodile elephant  grey hunting dog alligatorblack bearchameleon
Convolutional 512 5 ¢l | TIXGT
Convolutional 1024 3 x3 T, RO WordTree
Convolutional 1000 1x1 1T
« Stronger Avpool Global | 1000

 Hierarchical classification

Do

biplane  jet  airbus  stealth golden potato  felt sea  American
fighter  fern fern fern  lavender twinflower

Houeplaitt

« ImageNet label: WordNet £2of| w2} #o|=l

 WordNet& graph #+2
Imagenet 1k

> 2 7 / 234 Ej2lo] 7} CtE classZ & | TTT-CL0

G S S Y G O e S 6 % % Sk, %,
- (0 - T 0. P St T R R T ) %, ‘0, %,
. Tree 122 Mg H ot e g,
- ; 2 2 2 > ‘“@a”é % “b,,oze B s o “ 2
Pr(Yorkshireterrier) = Pr(Y orkshierterrier|terrier NN R
RN
%,
x Pr(terrier|huntingdog) WordTreelk
softmax softmax softmax

- . — softmax — b—— }— softmax o b— ———

x Pr(mammal|animal) [(TTTIEET TTT7 -CTT]

b 4 . %, %, %% % % % %t %, % 2, %, %,
x Pr(animal|physicalobject) BUERI I G R
%, ¢ 4,
&
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YOLOv3

YOLOvV3: An Incremental Improvement

Joseph Redmon  Ali Farhadi
University of Washington
* YOLOvV3: An Incremental Improvement ’ )
Abstract 381 * voLows

 Network design

36 61
»
/ 79
$—
o L] L ] LN ] L ] » o B
~ A
(\n/}: Concatenation
- i Scale 1
@ e 82 Stride: 32

Residual Block LT
Detection Layer ﬁ
Upsampling Layer m

e Further Layers

YOLO v3 network Architecture

94

Scale 2
Stride: 16

106

We present some updates to YOLO! We made a bunch
of little design changes to make it better. We also trained
this new network that’s pretty swell. It’s a little bigger than
last time but more accurate. It’s still fast though, don’t
worry. At 320 x 320 YOLOv3 runs in 22 ms at 28.2 mAP,
as accurate as SSD but three times faster. When we look
at the old .5 IOU mAP detection metric YOLOV3 is quite
good. It achieves 57.9 APy in 51 ms on a Titan X, com-
pared to 57.5 APsg in 198 ms by RetinaNet, similar perfor-
mance but 3.8x faster. As always, all the code is online at
https://pjreddie.com/yolo/.

Scale 3
Stride: 8

« Keyword: Darknet-53, Feature Pyramid Network (FPN)

-@- RetinaNet-50
4 RetinaNet-101

6]

[G] FPN FRCN 36.2 172
RetinaNet-50-500 325 73

RetinaNet-101-500 34.4 90
30 @ RetinaNet-101-800 37.8 198

YOLOv3-320 282 22
o8 YOLOv3-416 31.0 29

YOLOv3-608 33.0 51
| |

Method mAP__time

[B] SSD321 28.0 61

L [C] DSSD321 28.0 85

& 34 [D] R-FCN 299 85
o [E] SSD513 312 125
Ot [F] DSSD513 332 156

50 100 150 200 250
inference time (ms)

Figure 1. We adapt this figure from the Focal Loss paper [9].
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YOLOv3

« Backbone: Darknet-53

ResNet-101HC} 2F 1 5vl wrE

Darkneto]| residual 74 &7}

1x

2%

8x

8x

4x

Type Filters Size Output Type Filters Size/Stride Output
Convolutional 32 3x3 256 x 256 Convolutional 32 3x3 224 x 224
Convolutional 64 3x3/2 128 x 128 Maxpool 2x 24 | HZhc 1L
Convolutional 32 1 x 1 Convolutional 64 3 X3 [y B9340 B .

. Maxpool 2 x2/2 56 x 56
Convolutional 64 3 x3 Convolutional | 128 3x3 56 X 56
Residual 128 x 128 Convolutional 64 1x1 56 X 56
Convolutional 128 3x3/2 64 x64 Convolutional 128 Soc¢3 56 x 56
Convolutional 64 1 x1 Maxpool 2 X 212 28 x 28
Convolutional 128 3 x 3 Convolutional 256 3 X3 28 x 28
Residual 64 x 64 Convolutional 128 1 3% 1 28 x 28
Convolutional 256 3x3/2 32x32 i ol R aexiae

: Maxpool 2 x2/2 14 x 14
ConVOIUt!onal 128 1 x1 Convolutional 512 3x3 14 x 14
Con_VOIUt'onal 256 3x3 Convolutional 256 16 < | 14 x 14
Residual 32 x 32 Convolutional 512 Sx 3 a5 14
Convolutional 512 3x3/2 16x 16 Convolutional 256 153 14 x 14
Convolutional 256 1 x1 Convolutional 512 33 14 x 14
Convolutional 512 3 x3 Maxpool 2x2/2 TXT
Residual 16 x 16 Convolut{onal 1024 I X3 { o @
Convolutional 1024 3x3/2 8x8 Commitionak ' | 112 1x1 Tx7

- Convolutional 1024 X3 T X7
ConVOIUt!onal 512 1 x1 Convolutional 512 { 5 &% | Gl
Convolutional 1024 3 x3 Convolutional | 1024 3x3 77
Residual 8x8 Convolutional 1000 15¢1 o
Avgpool Global Avgpool Global 1000
Connected 1000 Softmax
Softmax

Table 1. Darknet-53.
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YOLOvV3 VA4 /_‘7—*'

i T / i 320x320 [256x256]
7 '—>

« Feature Pyramid Network (FPN) / // > / Te0x160 1286128

oS 14"1 4 80x80 [64x64]

« CNN-block2 &3l feature map A4 & down sampling
« down sampling%! feature mapa} up sampling%! feature map2| Zgt

« D CIUYFH AH|YUL| feature map 4 7Hs

. U|E$3 9| Clokst ZlojojA M| 7FA| C}E 37|e] E2 o4 &

Ju

- 37He] AF|Yof| Chgh ZEat AiE

o I L Mo https://github,com/ultralytics/yolov3/tree/master YOLO v3 network Architecture
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(}1) Object detection model2| F4

___________________________________________________________

Input Backbone

« Backbone: 2 Hlo| 7|Eo| £|]= CNN blocks

A R = = :
«  UH o|o|2|=HE npFo| feature map & |
_ S _ |
- o|o|x|e] £E3gt mfal L2 o|siF SHo = T | I ———— 4R | A S | :
T gt lnge, Paiches Tamge Py, ) TTTTTTTTTTTTTTTTTTmmTomTommtmoees |

Backbone: { VGG16 , ResNet-50 , ResNeXt-101 , Darknet53 yeee )

Neck: { FPN , PANet , Bi-FPN yeee}
o N eC k: ba Ckbo n eo“*-l -%-%Ed featu re m a p% -%-7 I-i 7 I--Tol_ Head: Dense Prediction: { RPN ,YOLO |61, 62 ,SSD , RetinaNet ,FCOS seee }
Sparse Prediction: { Faster R-CNN , R-FCN [9], ...}

¢ A YA QUT OIS BHY £ Yy AP

« feature map?| Ctfst AH|US £}

.+ Head: AJ%| 43| SH2|& 3ot HE

« fully connected layers, bbox regressor, classification £&-2 T g}
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YO LOV4 YOLOv4: Optimal Speed and Accuracy of Object Detection

Alexey Bochkovskiy* Chien-Yao Wang* Hong-Yuan Mark Liao
alexeyab84@gmail.com Institute of Information Science Institute of Information Science
Academia Sinica, Taiwan Academia Sinica, Taiwan
- - - kinyiu@iis.sinica.edu.tw liaoRiis.sinica.edu.tw
 YOLOv4: Optimal Speed and Accuracy of Object Detection
Abstract

MS COCO Object Detection

° N etwo rk d esig n There are a huge number of features which are said to ;q EfficientDet (D0-D4) real-time

improve Convolutional Neural Network (CNN) accuracy.
Practical testing of combinations of such features on large

YOLOV4 (ours)
datasets, and theoretical justification of the result, is re- * ~——
quired. Some features operate on certain models exclusively «
o . ASFF
Feature Pyramid and for certain problems exclusively, or only for small-scale w0
Backbone FPN Py @ datasets; while some features, such as batch-normalization " +“"""““"“ s)
Head YOLO loss Concatenate and residual-connections, are applicable to the majority of . ::;m ‘(“l)[':“['ﬁ]
models, tasks, and datasets. We assume that such universal . s b 41' )
” Conv 3x3 ‘eatures include Weighted-Residual-Connections (WRC), i T I ROTOE
48]
C,2C Cross-Stage-Partial-connections (CSP), Cross mini-Batch # | e CenterMask* [40]
Head | YOLO loss Normalization (CmBN), Self-adversarial-training (SAT) 0 . - . .
ﬂmr slle g 10 30 50 0 2 110 130
> in dim, out dim and Mish-activation. We use new features: WRC, CSP, FPS (V100)
! CmBN, SAT, Mish activation, Mosaic data augmentation,
Head YOLO loss A x © CmBN, DropBlock regularization, and CloU loss, and com- Figure 1: Comparison of the proposed YOLOv4 and other
Injscthonts bine some of them to achieve state-of-the-art results: 43.5% state-of-the-art object detectors. YOLOV4 runs twice faster
EO e AP (65.7% APso) for the MS COCO dataset at a real- than EfficientDet with comparable performance. Improves
\ ',' T time speed of ~65 FPS on Tesla V100. Source code is at YOLOV3’s AP and FPS by 10% and 12%, respectively.
K ' Shel https://github.com/AlexeyAB/darknet. ) o S )

vpeeecen D T it R I T . o
: 1 Cs Conv 1x1 E i / Cross !
' I i I ' H 512,512, Conv Block Conv Block . ; E ; class ¢ |entropy
! Conv3x3 | : : W Vilcomvaa 1! ! / Loss E
] ¢ | H —_ ] P cacali _/ :
' " H Pt Zaid B :
: " : Conv 1x1 - 1+ Jbox Llloss ¢
' v H ' 512, 2564 ConvABIock Conv Block v * ; ?_ 4/ E
v | convixa | i : o e Block } Vot convaa |} L :
' i ' | L Upsample Block J Pl P :
: 2¢, ¢ i ' C3I :Pa: 2C, 3(K+5) : ' X Objectness '
H " : Conv 1x1 H R S Loss |
5 J E 5 * E : 256, 1284 Conv flock Conv Block : E i E E / :
fecacann @----- UR RN @------  heeeeeeessseeeeeeeeeeeeessssssssssssssssssssseesssssssee I ‘S U A o eeeeesesssseaens H
Conv Block  Upsample Block FPN Head YOLO loss

« Keyword: Cross Stage Partial DenseNet (CSPNet), SPP, PAN
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YOLOv4

» Backbone
* Cross Stage Partial DenseNet
« CSPNet (CSPDarkNet-53)

« DensNet 7|HF2] layer?| feature mapg £ &5t T Cross-Stage Hierarchy Blt{-2 E3l Zgtstod

A Yr|HoR By

Partial Dense Block

--------------------------- ] Dense Block i Dense Layer 1 | Dense Layer 2 Dense Layer k
Dense Layer 1 \  Dense Layer 2 ces Dense Layer k : ! 1
X i X3 X3 X4 ' & '
7 N : N A 4 ~ : P ,’ . ,’ \ A \\\ #
i ~ H ' H ' \ ’ FEE Y. jssscecssncssasassecnsssscscacscssansesnss
/ \ ! ,’ N Vi 5 f S H 1 1 conv/ \ conv ! \conv /s = cony # R =
conv / v conv/ N conv / . conv ¢ : B i ‘ ey \ 4 S 7 Sy Partial Transition Layer
/g \ R 5 \ ! S, 7 b frreess S N ey T e i 1 Xpn scCONCAty . ; concat '\ ’ concat s l; concat s
/ concaty ! , concat®, ¥, concafs, / concat S~ I'ransition Layer P . ! s | Vi L) K4 N o, p—
’ Rt B B ’ - ' i i | ‘ i /
W ! |
:' ¥, i i/ | v ’ / |5 '
/ ! / . | S— - SHEE Hemme -mm Xy
o= e flowe bt fommarby prasmas i copy| icopy copy | copy i | } conv conv
copy copy copy copy 1iconv i i : i i i | i
i : 4 7 e | concat4 y
i T R e e A AR s o A R Sy N SR SR < SOOI, ) S loaeeasistaad S Ve I e e e e s R e ) A L
(b) Cross Stage Partial DenseNet

(a) DenseNet

Figure 2: Illustrations of (a) DenseNet and (b) our proposed Cross Stage Partial DenseNet (CSPDenseNet). CSPNet
separates feature map of the base layer into two part, one part will go through a dense block and a transition layer; the
other one part is then combined with transmitted feature map to the next stage.
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YOLOv4

 Neck

« SPP 2 (Additional block)
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DropBlock Regularization

DropBlock: A regularization method for
convolutional networks

Golnaz Ghiasi Tsung-Yi Lin Quoc V. Le
Google Brain Google Brain Google Brain
Abstract

Deep neural networks often work well when they are over-parameterized and
trained with a massive amount of noise and regularization, such as weight decay
and dropout. Although dropout is widely used as a regularization technique for
fully connected layers, it is often less effective for convolutional layers. This
lack of success of dropout for convolutional layers is perhaps due to the fact that
activation units in convolutional layers are spatially correlated so information
can still flow through convolutional networks despite dropout. Thus a structured
form of dropout is needed to regularize convolutional nelworks In this paper, we

introduce DropBlock, a form of structured dropout, where units in a contiguous
region of a feature map are dropped together. We found Lhal apply ing DropbBlock
in skip in addition to the layers increases the accuracy.
Also, gradually i mzreasmg ‘number of dropped units during training leads to better
accuracy and more robust to hyperparameter choices. Extensive experiments
show that DropBlock works better than dropout in regularizing convolutional
networks. On ImageNet classification, ResNet-50 architecture with DropBlock
achieves 78.13% accuracy, which is more than 1.6% improvement on the baseline.
On COCO detection, DropBlock improves Average Precision of RetinaNet from
36.8% to 38.4%.
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YOLOV7: Trainable bag-of-freebies sets new state-of-the-art for real-time object
detectors

Chien-Yao Wang!, Alexey Bochkovskiy, and Hong- Yuan Mark Liao'
!nstitute of Information Science, Academia Sinica, Taiwan

kinyiu@iis.sinica.edu.tw, alexeyab84@gmail.com, and liao@iis.sinica.edu.tw

Abstract

YOLOv7 surpasses all known object detectors in both
speed and accuracy in the range from 5 FPS to 160 FPS
and has the highest accuracy 56.8% AP among all known
real-time object detectors with 30 FPS or higher on GPU
V100. YOLOv7-E6 object detector (56 FPS V100, 55.9%
AP) outperforms both transformer-based detector SWIN-
L Cascade-Mask R-CNN (9.2 FPS A100, 53.9% AP) by
509% in speed and 2% in accuracy, and convolutional-
based detector ConvNeXt-XL Cascade-Mask R-CNN (8.6
FPS A100, 55.2% AP) by 551% in speed and 0.7% AP
in accuracy, as well as YOLOv7 outperforms: YOLOR,
YOLOX, Scaled-YOLOv4, YOLOvS, DETR, Deformable
DETR, DINO-5scale-R50, ViT-Adapter-B and many other
object detectors in speed and accuracy. Moreover, we train
YOLOv7 only on MS COCO dataset from scratch without
using any other datasets or pre-trained weights. Source
code is released in https:// github.com/WongKinYiu/yolov7.
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Figure 1: Comparison with other real-time object detectors, our
proposed methods achieve state-of-the-arts performance.
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 Keyword
« Extended efficient layer aggregation networks (E-ELAN)
 Model scaling for concatenation-based model
« Planned re-parameterized convolution (RepConvN)

« Coarse for auxiliary and fine for lead loss
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« Extended efficient layer aggregation networks (E-ELAN)
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Figure 2: Extended efficient layer aggregation networks. The proposed extended ELAN (E-ELAN) does not change the gradient transmis-
sion path of the original architecture at all, but use group convolution to increase the cardinality of the added features, and combine the
features of different groups in a shuffle and merge cardinality manner. This way of operation can enhance the features learned by different
feature maps and improve the use of parameters and calculations.
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 Model scaling for concatenation-based model
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Figure 3: Model scaling for concatenation-based models. From (a) to (b), we observe that when depth scaling is performed on
concatenation-based models, the output width of a computational block also increases. This phenomenon will cause the input width
of the subsequent transmission layer to increase. Therefore, we propose (c), that is, when performing model scaling on concatenation-
based models, only the depth in a computational block needs to be scaled, and the remaining of transmission layer is performed with
corresponding width scaling.
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« Planned re-parameterized convolution (RepConvN): 2{ol7HEd 453} #H|E
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Figure 4: Planned re-parameterized model. In the proposed
planned re-parameterized model, we found that a layer with resid-
ual or concatenation connections, its RepConv should not have
identity connection. Under these circumstances, it can be replaced

by RepConvN that contains no identity connections.
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« Coarse for auxiliary and fine for lead loss

fine
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(a) Normal model (b) Model with auxiliary head (c) Independent assigner  (d) Lead guided assigner (e) Coarse-to-fine lead guided assigner

Figure 5: Coarse for auxiliary and fine for lead head label assigner. Compare with normal model (a), the schema in (b) has auxiliary head.
Different from the usual independent label assigner (c), we propose (d) lead head guided label assigner and (e) coarse-to-fine lead head
guided label assigner. The proposed label assigner is optimized by lead head prediction and the ground truth to get the labels of training
lead head and auxiliary head at the same time. The detailed coarse-to-fine implementation method and constraint design details will be
elaborated in Apendix. 147
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