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Convolutional
Neural Networks

(CNN)



Outline

 Convolutional Neural Networks
(CNN)

— Convolution

— Pooling

— Fully Connection (FC) (Flattening)
* Computer Vision

— Image Classification

— Object Detection



Computer Vision: Image Classification,
Object Detection,
Object Instance Segmentation

Classification Classification Object Instance
+ Localization Detection Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK
. ¥ A 7

Y Y
Single Objects Multiple Objects



Computer Vision: Object Detection

person, sheep, dog

Ji?

(a) Object Classiﬁcation o (b) Generic Object Detection

(Bounding Box)

sheep® sheep sheep® sheep sheep sheep ¥ sheep sheep ' sheep W sheep)
.

" C» t, ~ | %

- I -

(€) Semantic Segmentation (d) Object Instance Segmetation

Source: Li Liu, Wanli Ouyang, Xiaogang Wang, Paul Fieguth, Jie Chen, Xinwang Liu, and Matti Pietikainen. "Deep learning for generic
object detection: A survey." International journal of computer vision 128, no. 2 (2020): 261-318.




YOLOvA:

Optimal Speed and Accuracy of Object Detection

AP
&

36 | —m—EfficientDet [77]
34 | —®—ATSS [94]

32

30

MS COCO Object Detection

EfficientDet (D0~D4) real-time

YOLOV4 (ours)

ASFF~*

~—YOLOV4 (ours)
——YOLOvV3 [63]

YOLOvV3
—&— ASFF* [48]
~&—CenterMask* [40]
10 30 50 70 90 110 130
FPS (V100)

Source: Alexey Bochkovskiy, Chien-Yao Wang, and Hong-Yuan Mark Liao. "YOLOv4: Optimal Speed and Accuracy of Object Detection."

arXiv preprint arXiv:2004.10934 (2020).



Convolutional
Neural Networks

(CNN)



Convolutional Neural Networks
(CNN)

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT 6@28x28
32x32 S2: f. maps C5: layer .
6@14x14 120 ) Eezlyer (O E]

|
’ | Full conAection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Architecture of LeNet-5 (7 Layers)
(LeCun et al., 1998)

Source: http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

Source: LeCun, Yann, Léon Bottou, Yoshua Bengio, and Patrick Haffner.

"Gradient-based learning applied to document recognition." Proceedings of the IEEE 86, no. 11 (1998): 2278-2324. 11



Convolutional Neural Networks
(CNN)

* Convolution
* Pooling
* Fully Connection (FC) (Flattening)

12



A friendly introduction to

Convolutional Neural Networks and Image Recognition

+ 4 |-4 '
- |+ 414
1(-1]1
1011
1]-1]1 \
- |+ 414
T 4_4—

Convolution Layer  Pooling Layer

https://www.youtube.com/watch?v=2-O17ZBOMmU
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https://www.youtube.com/watch?v=2-Ol7ZB0MmU

)

i

|

A friendly introduction to
Convolutional Neural Networks and Image Recognition

)

https://www.youtube.com/watch?v=2-017ZBOMmU

—
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https://www.youtube.com/watch?v=2-Ol7ZB0MmU

A friendly introduction to
Convolutional Neural Networks and Image Recognition

+
+
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+
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+
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|
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. 5 1 -1 -1]1 + T
oA >
1-1[-1][-1
- + :
| - /
Convolution Layer Pooling Layer Fully Connected Layer

Source: Luis Serrano (2017), A friendly introduction to Convolutional Neural Networks and Image Recognition,
https://www youtube.com/watch?v=2-OI7ZBOMmU 15



https://www.youtube.com/watch?v=2-Ol7ZB0MmU

A friendly introduction to

Convolutional Neural Networks and Image Recognition

+.
4 >
+ +
+.
7 -+ |+
+
- | +| +
+ | - +

+
+
\

\y

- | » - -
+
- |
+
Convolution Layer Pooling Layer Fully Connected Layer

Source: Luis Serrano (2017), A friendly introduction to Convolutional Neural Networks and Image Recognition,
https://www.youtube.com/watch?v=2-OI7ZBOMmU
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Input

CNN Architecture

Conv

Pool

Conv

4
’
’
’
<
~
~
~

Pool

FC

1

FC Softmax

17



CNN Convolution Layer

Convolution is a mathematical operation to merge two sets of

3x3 convolution

information

1 1 1
0 | 1 1
O] 0 [ 1
O] 0 [ 1
0 [ 1 1

Input

11011

O 110

11011
Filter /| Kernel

18



CNN Convolution Layer
Input x Filter --> Feature Map

receptive field: 3x3

1x1

1x0

1x1

0

0x0

1x1

1x0

1

Ox1

0x0

1x1

0

0

1

0

1

1

Input x Filter

Feature Map



CNN Convolution Layer
Input x Filter --> Feature Map

receptive field: 3x3

Iix1

1x0

Ox1

0

1x0

1x1

1x0

0

Ox1

1x0

1x1

1

0

1

1

1

1

0

Input x Filter

Feature Map
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CNN Convolution Layer

1x1

1Bl

1x1

0x0

I

1x0

Ox1

0x0

1x1

Example convolution operation shown in 2D using a 3x3
filter



52

CNN Convolution Layer

10 different filters 10 feature maps of size 32x32x1

V=

5x5x3

32

\
___________}.
1x1x1
32x32x1
10

32

final output of the convolution layer:

a volume of size 32x32x10

52
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CNN Convolution Layer
Sliding operation at 4 locations

L/;—o




CNN Convolution Layer

two feature maps

/

24



CNN Convolution Layer

Stride specifies how much
we move the convolution filter at each step

Stride 1 Feature Map

25



CNN Convolution Layer

Stride specifies how much
we move the convolution filter at each step

Stride 2 Feature Map

26



CNN Convolution Layer

Strlde 1 with Paddlng

______________________________

_____

_____

_____

_____

_____

_____

______________________________

Stride 1 with Padding

______

_____

_____

—————

—————

—————

—————

______

Feature Map
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CNN Pooling Layer

Max Pooling

max pool with 2x2
window and stride 2

— | G [

D DD | O\ | —

W~ ] D

| O] 0| &

28



10

CNN Pooling Layer

32

32

pooling

>

10

16

16
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CNN Architecture
4 convolution + pooling layers,
followed by 2 fully connected layers
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30



CNN Architecture
4 convolution + pooling layers,

followed by 2 fully connected layers

model

model.

model.
model.
model.
model.
model.
model.
model.
.add(Flatten())
model.
model.
model.
.add(Dense(1l, activation='sigmoid', name='output'))

model

model

https://gist.github.com/ardendertat/0fc5515057c47e7386fe04€9334504e3

= Sequential()

add(Conv2D(32, (3, 3), activation='relu', padding='same', name='conv 1',
input shape=(150, 150, 3)))

add (MaxPooling2D( (2, 2), name='maxpool 1'))

add(Conv2D(64, (3, 3), activation='relu', padding='same', name='conv 2'))

add (MaxPooling2D( (2, 2), name='maxpool 2'))

add(Conv2D(128, (3, 3), activation='relu', padding='same', name='conv 3'))

add (MaxPooling2D((2, 2), name='maxpool 3'))

add(Conv2D(128, (3, 3), activation='relu', padding='same', name='conv_4'))

add (MaxPooling2D( (2, 2), name='maxpool 4'))

add (Dropout(0.5))
add(Dense (512, activation='relu', name='dense 1'))
add(Dense (128, activation='relu', name='dense 2'))

31
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Dropout

X

X\ X

With Dropout



Model Performance

Train Loss: 0.054, Val Loss: 1.345
14
-~ Train Loss

12 — Val Loss

Starts Overfitting

1.0
0.8
0.6
0.4
0.2

0.0
0 5 10 15 20 25

Train Accuracy: 0.981, Val Accuracy: 0.732

= Train Acc
— \/al Acc

33



Visual Recognition
Image Classification



CAT DOG
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Convolutional Neural Networks

(CNNs / ConvNets)

http://cs231n.github.io/convolutional-networks/



http://cs231n.github.io/convolutional-networks/

A regular 3-layer Neural Network

iInput layer
hidden layer 1 hidden layer 2

http://cs231n.github.io/convolutional-networks/



http://cs231n.github.io/convolutional-networks/

A ConvNet arranges its neurons in

three dimensions
(width, height, depth)

5 GEr G S

AT A height
OOQOOK!

0/0/0/0/0' Ingl f
(XX LX)

-

http://cs231n.github.io/convolutional-networks/ 38



http://cs231n.github.io/convolutional-networks/

The activations of an

example ConvNet architecture.

RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl
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http://cs231n.github.io/convolutional-networks/

32x32x3 CIFAR-10 image

ConvNets

first Convolutional layer

A
-

=~050000

/

http://cs231n.github.io/convolutional-networks/
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ConvNets

L wo

*@® synapse
axon from a neuron

woLo
dendri&.

cell body

W11

W9

f

f (Z: w;T; + b)

:
output axon

activation
function

http://cs231n.github.io/convolutional-networks/ 41
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Convolution Demo

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

Xm0 wO[:,:,0] wl[:,:,0] o[:,:,0]
0|0_0000 -1[-1]fo W BN G 6|3 6

|Z||Z0210 1 1]t Gl i 7 T 2

|I||2_||2_2110 1o |1 ol Bl i 7 BV B2

OB 23 12 F2 LONN BIS RO wO[z:,:,1] wl[:,:,1] ol i O e |

7R 53 GE EE B B 6 0 Joj] ER FN B 7 ED B

Gl 23 3 23 [ 0 [ ]o i = SN

=1 1. 0 0 0||0 1 0N [6N 16 = N B
g wl[:,+,2] wl[:,:,2]

; '@21 0 0 T 00

EIIIIZ il B %l{; e s

oI 5 -1|0_-1 il 5

U (N Bias b (1x1x1) Bias bl (1x1x1)

© 12 |2 b0{:,:,0] bl[:,:,0]

ol 27 |2 1 0

0 0

2,:,2] toggle movement

0 0 0 00

m 0]lo 1.0 0

gﬂ 0 0 0

ol [ON 00 [ [ [ B

o Pl 2o

Gl i 23 03 O3 B3 B

v lo o Jo o Jo jo

http://cs231n.github.io/convolutional-networks/
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ConvNets

input volume of size [224x224x64]
Is pooled with filter size 2, stride 2
into output volume of size [112x112x64]

224x224x64
112x112x64

pool

e

> e 112
224 downsampling
112

224

http://cs231n.github.io/convolutional-networks/ 43
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ConvNets

max pooling
Single depth slice

1112 )| 4
apmeN /7 | 8
3 | 2 .
1 | 2 |

y

max pool with 2x2 filters
and stride 2

>

http://cs231n.github.io/convolutional-networks/
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Convolutional Neural Networks (CNN)
(LeNet)

Input layer (S1) 4 feature maps

(C1) 4 feature maps (S2) 6 feature maps (C2) 6 feature maps

convolution layer I sub-sampling layer | convolution layer | sub-sampling layer | fully connected MLPI

http://deeplearning.net/tutorial/lenet.html a5



http://deeplearning.net/tutorial/lenet.html

You Only Look Once
YOLO

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

Joseph Redmon*, Santosh Divvala*', Ross Girshick¥, Ali Farhadi*'
University of Washington®, Allen Institute for AIT, Facebook Al 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. Qur base
YOLO model processes images in real-time at 45 frames

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 Xx 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by
the model’s confidence.

46



You Only Look Once
YOLO
The YOLO Detection System

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

(1) resizes the input image to 448 x 448,
(2) runs a single convolutional network on the image
(3) thresholds the resulting detections by the model’s confidence.
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You Only Look Once (YOLO) Model

Bounding boxes + confidence

S x S grid on input Final detections

Class probability map

48



You Only Look Once (YOLO)
Unified, Real-Time Object Detection

Architecture

448

AV

7
7
12
T |
’ o -
448 3 28 36—\
112 3 :
56 3
28 14
|| 7

e

3 192 256 512 1024

Conv. Layer Conv. Layer Conv. Layers Conv. Layers

7x7x64-5-2 3x3x192 1x1x128 lx'|x256}x4 1x1x512
Maxpool Layer  Maxpool Layer 3x3x256 3x3x512 3x3x1024
2x2-s-2 2x2-s-2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer  Maxpool Layer
2x2-s-2 2x2-s-2

Conv. Layers

}x2

1024

Conv. Layers
3x3x1024
3x3x1024

1024 4096 30

Conn. Layer  Conn. Layer
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You Only Look Once (YOLO)

Picasso Dataset precision-recall curves

1.0

Precision
- © o
~ (@) (00]
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S— . RO R ..........

1.0
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YOLOV4

YOLOv4: Optimal Speed and Accuracy of Object Detection

Alexey Bochkovskiy*

alexeyab84@gmail.com

Abstract

There are a huge number of features which are said to
improve Convolutional Neural Network (CNN) accuracy.
Practical testing of combinations of such features on large
datasets, and theoretical justification of the result, is re-
quired. Some features operate on certain models exclusively
and for certain problems exclusively, or only for small-scale
datasets; while some features, such as batch-normalization
and residual-connections, are applicable to the majority of
models, tasks, and datasets. We assume that such universal
features include Weighted-Residual-Connections (WRC),
Cross-Stage-Partial-connections (CSP), Cross mini-Batch
Normalization (CmBN), Self-adversarial-training (SAT)
and Mish-activation. We use new features: WRC, CSP,
CmBN, SAT, Mish activation, Mosaic data augmentation,
CmBN, DropBlock regularization, and CloU loss, and com-
bine some of them to achieve state-of-the-art results: 43.5%
AP (65.7% APsq) for the MS COCO dataset at a real-
time speed of ~65 FPS on Tesla VI00. Source code is at
https://github.com/AlexeyAB/darknet.

Chien-Yao Wang*
Institute of Information Science
Academia Sinica, Taiwan

kinyiu@iis.sinica.edu.tw

Hong-Yuan Mark Liao
Institute of Information Science
Academia Sinica, Taiwan

liao@iis.sinica.edu.tw

MS COCO Object Detection

EfficientDet (D0~D4) real-time

YOLOvV4 (ours)

ASFI

AP

——YOLOV4 (ours)

—o—YOLOV3 [63]
36 ' —m—EfficientDet [77]
34 ATSS [94]

—A— ASFF* [48]

YOLOvV3

32
CenterMask* [40]

30
10 30 50 70 92 110 130

FPS (V100)

Figure 1: Comparison of the proposed YOLOv4 and other
state-of-the-art object detectors. YOLOV4 runs twice faster

than EfficientDet with comparable performance. Improves
YOLOvV3’s AP and FPS by 10% and 12%, respectively.

— . b ~ e P - . . ~
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32

Source: Alexey Bochkovskiy, Chien-Yao Wang, and Hong-Yuan Mark Liao (2020). "Yolov4: Optimal speed and accuracy of object detection."

YOLOvV4

MS COCO Object Detection

EfficientDet (D0~D4) real-time
k YOLOV4 (ours)
ASFF*
——YOLOV4 (ours)
—8—YOLOvV3 [63]
—&—EfficientDet [77]
—8—ATSS [94]
YOLOV3
—&— ASFF* [48]
~&—CenterMask* [40]
10 30 S0 70 90 110 130
FPS (V100)

arXiv preprint arXiv:2004.10934 (2020).
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YOLOvA:

Optimal speed and accuracy of object detection

Input Backbone

Dense Prediction

&
7

Sparse Prediction

Input: { Image, Patches, Image Pyramid, ... }

Backbone: { VGG16 [68], ResNet-50 [26], ResNeXt-101 [86], Darknet53 [63], ... }

Neck: { FPN |44], PANet |49], Bi-FPN [77], ... }

Head:

Dense Prediction: { RPN [64], YOLO [61. 62, 63], SSD |50], RetinaNet [45], FCOS [78], ... }

Sparse Prediction: { Faster R-CNN |64|, R-FCN [9], ...}
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EfficientDet

EfficientDet: Scalable and Efficient Object Detection

Mingxing Tan Ruoming Pang Quoc V. Le
Google Research, Brain Team
{tanmingxing, rpang, qvl}@google.com

Abstract
De EfficientDet-D7
: ; ; : . 501 D5
Model efficiency has become increasingly important in 5 Amosbaet + NAS-FPN +/AA
computer vision. In this paper, we systematically study neu- -
-
. ; . . ¥
ral network architecture design choices for object detec- 451] D3 P TosiEt < NAS-FPN
tion and propose several key optimizations to improve ef- ha L e
; : § o e . o St
ficiency. First, we propose a weighted bi-directional fea- g ,// M ot
ture pyramid network (BiFPN), which allows easy and fast S Opp ¥ 7
multi-scale feature fusion; Second, we propose a compound 2 “® MaskRCNN |AP_FLOPs (ratio)
4 5 i EfficientDet-D0 33.8 2.5B
scaling method that uniformly scales the resolution, depth, 35 ] YOLOV3 [31] 330 71B (28x)
. EfficientDet-D1 389 6.1B
and width for all backbone, feature network, and box/class RetinaNet [21 396 97B (16x
[21] (16x)
o . T yoLovs MaskRCNN [11] 37.9 149B (25x)
prediction networks at the same time. Based on these op- ! Dbl ST
P . . 30 AmoebaNet+ NAS-FPN +AA [42] |48.6 1317B (24x)
timizations and EfficientNet backbones, we have developed g Smochalion I PR
a new family of object detectors, called EfficientDet, which Af';ﬁb;ﬁ; NAS-FEN +AA [42]|50.7 3045B (13x)
consistently achieve much better efficiency than prior art 0 200 00 600 800 1000 1200
across a wide spectrum of resource constraints. In partic- FLOPs (Billions)

ular, with single-model and single-scale, our EfficientDet- Figure 1: Model FLOPs vs. COCO accuracy — All num-
D?achieves state-of-the-art 52.2 AP on CIOCO test-dev bers are for single-model single-scale. Our EfficientDet
with 52M parameters and 325B FLOPs', being 4x — 9x achieves new state-of-the-art 52.2% COCO AP with much

smaller and using 13x — 42x fewer FLOPs than previous de- fewer parameters and FLOPs than previous detectors. More
tector. Code is available at https://github.com/google/ studies on different backbones and FPN/NAS-FPN/BiFPN
automl/tree/master/efficientdet. are in Table 4 and 5. Complete results are in Table 2.

54



EfficientDet:
Scalable and Efficient Object Detection

——————————

______________

P3/8 m—— @
P,/ 4 ‘ BiFPN Layer

EfficientNet backbone
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YOLOvV5

(IRREZ—IRV5

YOLOvV5S

https://github.com/ultralytics/yolov5
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YOLOvV5S

55 Better YOLOV5I6 YOLOvV5x6
50 - X D5
YOLOv5mM6 pe b4
= D3
> 45 -
[a
<
O
@)
O 40 A
@) —o— YOLOV5s6
YOLOv5s6 —o— YOLOV5mM®6
35 A —o— YOLOV5I6
—eo— YOLOV5x6
o EfficientDet
30 I 1 1 1 1
0 10 20 30 40 50

Faster «@ GPU Speed (ms/img)

https://qgithub.com/ultralytics/yolov5
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& YOLOvA4 Tutorial.ipynb 7
File Edit View

Table of contents X

Running a YOLOv4 Object Detector with
Darknet in the Cloud! (GPU ENABLED)

Step 1: Enabling GPU within your
notebook

Step 2: Cloning and Building Darknet

Step 3: Download pre-trained YOLOv4
weights

Step 4: Define Helper Functions

Step 5: Run Your Detections with Darknet
and YOLOv4!

Step 6: Uploading Local or Google Drive
Files to Use

Method 1: Local Files
Method 2: Google Drive

Download Files to Local Machine or
Google Drive from Cloud VM

Step 7: Running YOLOv4 on Video in the
Cloud!

Local Machine Video
Google Drive Video

Step 8: Customize YOLOv4 with the
different command line flags.

Threshold Flag
Output Bounding Box Coordinates

Don't Show Image

YOLOv4 Object Detector
in Google Colab

Insert Runtime Tools Help Changes will not be saved

&% Share £ o

+ Code + Text # Copy to Drive Connect ~ /" Editing A
Ve gl w
Running a YOLOv4 Object Detector with Darknet in the Cloud! (GPU ENABLED)
This tutorial will help you build YOLOv4 easily in the cloud with GPU enabled so that you can run object detections in milliseconds!
Step 1: Enabling GPU within your notebook
You will want to enable GPU acceleration within your Colab notebook so that your YOLOv4 system will be able to process detections over 100
times faster than CPU.
Steps:
i) Click Edit at top left of your notebook
¢ & YOLOv4 _Tutorial.ipynb
File View Insert Runtime Tools Help Allchangess
+ Code + Text
= Files X
i) Click Notebook Settings within dropdown
( & YOLOv4 Tutorial.ipynb
File Edit View Insert Runtime Tools
Undo insert cell Ctri+V
= Files
+ Uplo¢
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<>

Train Custom YOLOv4 Model

in Google Colab

File Edit View Insert Runtime Tools Help Changes will not be saved

Table of contents X
Running a YOLOv4 Object Detector with
Darknet in the Cloud! (GPU ENABLED)

Step 1: Enabling GPU within your
notebook

Step 2: Cloning and Building Darknet

Step 3: Download pre-trained YOLOv4
weights

Step 4: Define Helper Functions

Step 5: Run Your Detections with Darknet
and YOLOv4!

Step 6: Uploading Local or Google Drive
Files to Use

Method 1: Local Files
Method 2: Google Drive

Download Files to Local Machine or
Google Drive from Cloud VM

Step 7: Running YOLOvV4 on Video in the
Cloud!

Local Machine Video
Google Drive Video

Step 8: Customize YOLOv4 with the
different command line flags.

& YOLOvVA4 Training_Tutorial.ipynb ¢ s share 02 o
+ Code + Text # Copy to Drive Connect ~ 2 Editing A
Running a YOLOv4 Object Detector with Darknet in the Cloud! (GPU
ENABLED)

This tutorial will help you build YOLOv4 easily in the cloud with GPU enabled so that you can run object detections in
milliseconds!

Step 1: Enabling GPU within your notebook

You will want to enable GPU acceleration within your Colab notebook so that your YOLOv4 system will be able to process
detections over 100 times faster than CPU.

Steps:
i) Click Edit at top left of your notebook

cO & YOLOv4 Tutorial.ipynb
FiIeView Insert Runtime Tools Help Allchangess

+ Code + Text
= Files X

ii) Click Notebook Settings within dropdown

R e
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¢) YOLOV5 Tutorial

File Edit View

Table of contents

Setup

Inference

Test
COCO val2017
COCO test-dev2017

Train

Visualize
Weights & Biases
Logging .« NEW

Local Logging
Environments
Status

Appendix

Section

X

+ Code

YOLOVS .

IRREF—IRV5

YOLOvV5 Tutorial

Insert Runtime Tools Help

+ Text #2 Copy to Drive

Y

Connect

@ Share £ °

v 2 Editing A

This is the official YOLOv5 %’ notebook authored by Ultralytics, and is freely available for redistribution under the GPL-3.0 license. For
more information please visit https:/github.com/ultralytics/yolov5 and https://www.ultralytics.com. Thank you!

~ Setup

Clone repo, install dependencies and check PyTorch and GPU.

1 !git clone https://github.com/ultralytics/yolov5 # clone repo
2 %cd yolov5

3 %pip install -gr requirements.txt # install dependencies

4

5 import torch

https://colab.research.google.com/qgithub/ultralytics/yolov5/blob/master/tutorial.ipynb

ONRVINNE « BT |
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1F TensorFlow TensorFlow 2.0 MNIST

import tensorflow as tf
mnist = tf.keras.datasets.mnist

(x_train, y_train), (x_test, y_test) = mnist.load_data()
X _train, X test = X train / 255.8, x.test / 255.0

model = tf.keras.models.Sequential([
tf.keras.layers.Flatten(input_shape=(28, 28)),
tf.keras.layers.Dense(128, activation='relu'),
tf.keras.layers.Dropout(0.2),
tf.keras.layers.Dense(160, activation='softmax')

1)

model.compile(optimizer="adam',
loss="sparse_categorical_crossentropy’,
metrics=["accuracy'])

model.fit(x_train, y_train, epochs=5)
model.evaluate(x_test, y_test)

https://www.tensorflow.org/overview/
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1F TensorFlow

1 TensorFlow

TensorFlow tutorials
Quickstart for beginners

Quickstart for experts
BEGINNER

ML basics with Keras
Basic image classification
Text classification with TF Hub

Text classification with
preprocessed text

Regression
Overfit and underfit
Save and load

Load and preprocess data

Estimator
ADVANCED

Customization
Distributed training
Images

Text

Install

TensorFlow
Image Classification

Learn ¥ APl = Resources ¥ More ¥

TensorFlow > Learn > TensorFlow Core > Tutorials

Q, Search

Language ~

W W W W W

Basic classification: Classify images of clothing

Run in Google

View source on
Colab GitHub

Download

= notebook

This guide trains a neural network model to classify images of clothing, like sneakers and shirts. It's
okay if you don't understand all the details; this is a fast-paced overview of a complete TensorFlow

program with the details explained as you go.

This guide uses tf.keras, a high-level API to build and train models in TensorFlow.

€ D

from __future__ import absolute_import, division, print_function, unicode_literals

# TensorFlow and tf.keras
import tensorflow as tf
from tensorflow import keras

# Helper libraries
import numpy as np

import matplotlib.pyplot as plt

print(tf.__version__)

22020

https://www.tensorflow.org/tutorials/keras/classification

GitHub  Signin

Contents

Import the Fashion
MNIST dataset

Explore the data

Preprocess the
data

Build the model
Set up the layers

Compile the
model

Train the model
Evaluate accuracy

Make predictions
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1F TensorFlow

Image Classification
Fashion MINIST dataset

Ankle boot 99% (Ankle boot) 0123456789 Pullover 100% (Pullover) 0123456789 Trouser 100% (Trouser) 0123456789
Trouser 100% (Trouser) 0123456789 Shirt 64% (Shirt) 0123456789 Trouser 100% (Trouser) 0123456789

i

1=

Coat 99% (Coat) JRRIRARAY AR AL AL Shirt 100% (Shirt) Sandal 100% (Sandal) 1S nACETR G
0123456789 0123456789 0123456789
Sneaker 100% (Sneaker) 0123456789 Coat 72% (Coat) 0123456789 Sandal 100% (Sandal) (') i ‘2 34! ‘6% é '9

Sneaker 57% (Sneaker) 0123456789 Dress 100% (Dress) 012

Coat 93% (Coat)

456789 0123456789

https://www.tensorflow.org/tutorials/keras/classification
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Basic Classification
Fashion MINIST Image Classification

https://colab.research.google.com/drive/19PJOJi1vn1kjcutlzNH]RSLbeVI4kd5z

& tf01_basic_classification.ipynb 7 E] COMMENT 2% SHARE 0

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL CONNECT +~ 2/ EDITING A

Table of contents Code snippets Filess X

) Copyright 2018 The TensorFlow Authors.
Copyright 2018 The TensorFlow Authors. Ls 2 cells hidden
i
Licensed under the Apache License, Version 2.0
(the "License");

~ Train your first neural network: basic classification

MIT License

Train your first neural network: basic classification ? O
View on TensorFlow.org Run in Google Colab View source on GitHub

Import the Fashion MNIST dataset
This guide trains a neural network model to classify images of clothing, like sneakers and shirts. It's okay if you don't understand all

Explore the data the details, this is a fast-paced overview of a complete TensorFlow program with the details explained as we go.

This guide uses tf.keras, a high-level API to build and train models in TensorFlow.
Preprocess the data

# memory footprint support libraries/code e
!1n -sf /opt/bin/nvidia-smi /usr/bin/nvidia-smi

!pip install gputil

!pip install psutil

Build the model (> ) :

3

4

5 lpip install humanize
6

il

8

Setup the layers

import psutil
import humanize
import os
4 9 import GPUtil as GPU
Train the model 10 GPUs = GPU.getGPUs()
11 gpu = GPUs[0]
12 def printm():

Compile the model

Evaluate accuracy

13 process = psutil.Process(os.getpid())

14 print("Gen RAM Free: " + humanize.naturalsize( psutil.virtual memory().available ), " | Pro
Make predictions 15 print("GPU RAM Free: {0:.0f}MB | Used: {1:.0f}MB | Util {2:3.0£f}% | Total {3:.0f}MB".format

16 printm()

SECTION
https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en/tutorials/keras/basic classification.ipynb 64
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Papers with Code

State-of-the-Art (SOTA)

[|||||] Search for papers, code and tasks 4" Discuss  Trends  About  LogIn/Register

Browse State-of-the-Art

122 1509 leaderboards « 1327 tasks « 1347 datasets « 17810 papers with code

Follow on ¥ Twitter for updates

Computer Vision
Semantic e Image
i e L] Sy o
Segmentation im==mm  Classification
e

I 33 leaderboards I 52 leaderboards

667 papers with code 564 papers with code

» See all 707 tasks

Natural Language Processing

- Machine o Language
:E Translation mpmll  Modelling

Object
= Detection

I 54 leaderboards

467 papers with code

Question
Answering

Image
Generation

I 51 leaderboards

231 papers with code

Sentiment
Analysis

https://paperswithcode.com/sota

Pose
Estimation

I 40 leaderboards

231 papers with code

Text
Generation
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Aurélien Géron (2019),
Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow:

Concepts, Tools, and Techniques to Build Intelligent Systems, 2nd Edition
O’Reilly Media, 2019

OREILLY’ %#Z?Z%
Hands-on "

Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to Build Intelligent Systems

Aurélien Géron

https://github.com/ageron/handson-mi2

https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1492032646/
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https://github.com/ageron/handson-ml2

Hands-On Machine Learning with
Scikit-Learn, Keras, and TensorFlow

Notebooks

1.The Machine Learning landscape
2.End-to-end Machine Learning project
3.Classification

4. Training Models

5.Support Vector Machines

6.Decision Trees

7.Ensemble Learning and Random Forests
8.Dimensionality Reduction
9.Unsupervised Learning Techniques
10.Artificial Neural Nets with Keras
11.Training Deep Neural Networks
12.Custom Models and Training with TensorFlow
13.Loading and Preprocessing Data

Leaming with
Scikit-Learn, Keras
& TensorFlow #;
CONCEPTS, TOOLS. AND TECHNIQUES f’l/g

LUGE STEMS /
-
3
& N A =
- ok ¥ d
2 <

Aurélien Géron

14.Deep Computer Vision Using Convolutional Neural Networks

15.Processing Sequences Using RNNs and CNNs

16.Natural Language Processing with RNNs and Attention

17.Representation Learning Using Autoencoders
18.Reinforcement Learning

19.Training and Deploying TensorFlow Models at Scale

https://qithub.com/ageron/handson-mi2
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https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/02_end_to_end_machine_learning_project.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/03_classification.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/04_training_linear_models.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/05_support_vector_machines.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/06_decision_trees.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/07_ensemble_learning_and_random_forests.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/08_dimensionality_reduction.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/09_unsupervised_learning.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/10_neural_nets_with_keras.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/11_training_deep_neural_networks.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/12_custom_models_and_training_with_tensorflow.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/13_loading_and_preprocessing_data.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/14_deep_computer_vision_with_cnns.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/15_processing_sequences_using_rnns_and_cnns.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/16_nlp_with_rnns_and_attention.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/17_autoencoders.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/18_reinforcement_learning.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/19_training_and_deploying_at_scale.ipynb
https://github.com/ageron/handson-ml2
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python10lipynb ¢

File Edit View Insert Runtime Tools Help All changes saved

Table of contents X

Machine Learning with scikit-learn
Classification and Prediction
Support Vector Machine (SVM)
Random Forest
K-Means Clustering
Deep Learning
Image Classification

Text Classification: IMDB Movie
Review

Deep Learning for Financial Time Series
Forecasting

Portfolio Optimization and Algorithmic
Trading

Investment Portfolio Optimisation
with Python

Efficient Frontier Portfolio
Optimisation in Python

Investment Portfolio Optimization

Text Analytics and Natural Language
Processing (NLP)
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Processing
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import tensorflow as tf
mnist = tf.keras.datasets.mnist

(Xx_train, y_train),(x_test, y_test) = mnist.load data()

x_train, x_

model = tf.
tf.keras.
tf.keras.
tf.keras.
tf.keras.

1)

test =

x_train / 255.0, x_test / 255.0

keras.models.Sequential ([

layers
layers
layers
layers

.Flatten(input_shape=(28, 28)),
.Dense (128, activation='relu'),
.Dropout(0.2),

.Dense (10, activation='softmax')

model.compile(optimizer="adam',
loss='sparse_categorical_crossentropy',
metrics=['accuracy'])

model.fit(x_train, y_train, epochs=5)
model.evaluate(x_test, y test)

Epoch 1/5

1875/1875 [

] - 4s 2ms/step - loss: 0.4790 - accuracy: 0.8606

https://tinyurl.com/aintpupython101
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Summary

 Convolutional Neural Networks
(CNN)

— Convolution

— Pooling

— Fully Connection (FC) (Flattening)
* Computer Vision

— Image Classification

— Object Detection
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