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Classification Instance

Classification Object Detection

+ Localization Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

. .
Y
Single object Multiple objects
Bk Z Wik

Stanford University cs231n
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YAt EIER Recap Object Detection

1 (1). Traditional objection detection:
Cascade + Harr / SVM + HOG / DPM etc.
1 (2). Proposal + deep learning classification:
to extract proposal region and use deep learning to

classify proposal region: RCNN / Fast-RCNN /
Faster-RCNN / SPP-net / R-FCN (two stages)

1 (3). Deep learning + regression(end-to-end):
YOLO / SSD / DenseBox, RNN-RRC detection;
combination of DPM and Deformable CNN (one stage)
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1IEEREI , Speech recognition

OF18880% , Machine translation

OBmhEW , Self-driving

O1rEN Mg , Computer vision
OB7AE=40ME , Natural language processing
OXHEZSE , Dialogue system

OISR

=  Bioinformatics etc.
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(deep learning)

O MKRETHREZIXE
OfEZ&: lan Goodfellow, Yoshua Bengio, Aaron
Courville
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output layer
input layer
hidden layer

Stanford university cs 231n
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_Basics 00909, s
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Machine learning is a field of computer science that gives computers the
ability to learn without being explicitly programmed

o4
Machine Learning

Labeled Data algorithm

Training

Prediction

Labeled Data

Learned model Prediction

Methods that can learn from and make predictions on data.
This slide from PhD Smini Lourentzou
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Deeplearning.ai
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[JYoshua Bengio
[1Geoffrey Hinton
CdYann Lecun
CDAndrew Ng
Cllan Goodfellow

ClAlex Krizhevsky etc...
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O ATHEML |, artificial neural network
O [5E1E#E , back-propagation

O 2% , fully Connected Layer

O HfRE , convolutional Layer

O 31 E |, overfitting

O #1EERAEY, activation function

O NE |, weights

O $R5<BREY , cost function

O it , pooling

O pEHEE & , stochastic gradient descent
O i<, stride

[0 1% , padding
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SHERT Cog00, rans
111,1(0|0
0,1(/1/1|0 4
0./0/f1|1|1
0|0|1|1(0
0(1|/1|0(0
Image Convolved
Feature

Convolutional Neural Networks (CNNs) explained
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Convolutional Neural Networks (CNNs) explained
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A~ Lg gsffilter 02 F2 4% kernel
RGB 3 jifis
/channel
E AL B feature map

BN

&AL Z/Convolutional layer, 2 ERJR—AJUE R B 7 1A /weight
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Pictures are extracted from https://zhuanlan.zhihu.com/p/27908027
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filter 1 % filter 2 fitter 3~ filter 4

0O 1|-1
O 1i-1
0] 1/-1

example

white'in this o g 52 h g

This image is from Deeplizard
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RelU Activation Function

10 A
= ARLEREE
sigmoid Y
Tanh 6-

Y Axis

RelLU, Leaky-ReLU, .
P-RelLU, R-RelL,U
Maxout ' max(0.x)

~100 -75 -50 -25 00 25 50 75 100
% Axis
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= pooling layer

Single depth slice

1112 |4
5|6 |7 |8
312 (1|0
1123 |4

max pool with 2x2 filters
and stride 2

>

Maxpool
6 | 8
3 | 4
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1 Lenet (5xE21986)

1 Alexnet(2012)

] Googlenet(2014)

C0VGG(2014)

1 Deep Residual Learning(2015)

[0 R-CNN

[0 FAST R-CNN

[0 FASTER R-CNN

[0 Mask R-CNN

[0 SSD: Single Shot MultiBox Detector
1 YOLO: You Only Look Once (2015-2018)
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1 YOLO: You Only Look Once

O /F#: Joseph Redmon, Ali Farhadi

O BEM: http://pjreddie.com/darknet/yolo/

O &3 bkyolo:  http://arxiv.org/abs/1506.02640

[0 18 3 HbJikyolo9000:  https://arxiv.org/abs/1612.08242

O & 3 HhhikyoloV3:
https://pjreddie.com/media/files/papers/YOLOvV3.pdf

O A shhk:  https://github.com/pjreddie/darknet



http://pjreddie.com/darknet/yolo/
http://arxiv.org/abs/1506.02640
https://arxiv.org/abs/1612.08242
https://pjreddie.com/media/files/papers/YOLOv3.pdf
https://github.com/pjreddie/darknet
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OEsCh
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£ ground truth

CIFRi
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£ bounding box

OENAE

CI£8 28

OR8N ER

¥ anchor box

fa i .cfg

=314 .weights

OFFEIRIR A .data
COSERISE .names
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YOLO v2
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Type Filters Size/Stride Output
Convolutional 32 3 x 3 224 x 224
Maxpool 2 x 2/2 112 x 112
Convolutional 64 3 x 3 112 x 112
Maxpool 2 x2/2 56 x 56
Convolutional 128 3 x 3 o6 x H6
Convolutional 64 1 x1 56 x 56
Convolutional 128 3 %3 56 X 56
Maxpool 2x2/2 28 x 28
Convolutional 256 g X 3 28 x 28
Convolutional 128 1 x1 28 x 28
Convolutional 256 3 %3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3 x 3 14 x 14
Convolutional 256 1 x1 14 x 14
Convolutional 512 3 %3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3 x3 14 x 14
Maxpool 2 x 2/2 TxXT
Convolutional 1024 3 x3 TxT
Convolutional 512 1 x1 TxT
Convolutional 1024 3 x3 TxT
Convolutional 512 1 x1 TxT
Convolutional 1024 3 x 3 TxT7
Convolutional 1000 1 x1 Tx T
Avgpool Global 1000

Softmax




YOLO v3

KIERHAE

Inputs
(batch_size, 416, 416, 3)

v

Conv2D 32x3x3
(batch_size, 416, 416, 32)

Y

Residual Block 1x 64
(batch_size, 208, 208, 64)

A 4

Residual Block 2x 128
(batch_size, 104, 104, 128)

Conv2D Block 5L 128
(batch_size, 52, 52, 128)

\ 4

Conv2D 3x3 + Conv2D 1x1
(batch_size, 52, 52, 75)

Y

Residual Block 8x 256
(batch_size, 52, 52, 256)

Concat
(batch_size, 52, 52, 384)

-~

Conv2D + UpSampling2D
(batch_size, 52, 52, 128)

A

A

Residual Block 8x 512
(batch_size, 26, 26, 512)

Concat
(batch_size, 26, 26, 768)

Y

Conv2D Block 5L 256
(batch_size, 26, 26. 256)

A 4

Conv2D 3x3 + Conv2D 1x1
(batch_size, 26, 26, 75)

Y

\

Residual Block 4x 1024
(batch_size, 13, 13, 1024)

Conv2D + UpSampling2D
(batch_size, 26, 26, 256)

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

h

Conv2D Block 5L 1024
(batch_size, 13, 13, 1024)

Conv2D 3x3 + Conv2D 1x1

(batch_size, 13, 13, 75)

uml.org.cn
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ﬁ YOLOvV3
RetinaNet-50

* RetinaNet-101
Method mAP-50 time
[B] SSD321 45.4 61
[C] DSSD321 46.1 85
[D] R-FCN 51.9 85
[E] SSD513 50.4 125
[F] DSSD513 53.3 156
[G] FPN FRCN 59.1 172
RetinaNet-50-500 50.9 73
RetinaNet-101-500 53.1 90
RetinaNet-101-800 57.5
YOLOv3-320 51.5 22
48 YOLOv3-416 SN 29
YOLOv3-608 57.9 51

| |

50 100 | 250

Inference time (Ms
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ZRAE pipeline

OEFEIREE collecting data
OFBERRTE annotated data
OIREFEENT software
03|14k training
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LlImageNet

CIMNIST

CICIFAR-10 and CIFAR-100 dataset
CIMicrosoft COCO dataset
[CICaltech 101 — Wikipedia
CIPASCAL Visual Objects Classes(VOC)

CIPlaces by MIT
CINIH
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Q6 File List

/Users/rflynn/src/labelimg/dem
/Usersi/rilynn/src/labelimg/dem
Msers/rflynn/src/labelimg/dem
IUserslrfIynnlsrcllabellmgldem
Msers/rflynnlsrcnabellmgldem
/Users/rlynn/src/labelimg/dem

. /Users/rlynn/src/labelimg/dem

/Userslrﬂynnlsrc/labellmgldem
/Users/rilynn/src/iabel
lUsers/rfIynnlsrcllabeIlmg/dem‘:

|

//’j

https://github.com/tzutalin/labellmg



NS

OLinuxi{ER S
CICUDA+cuDNN

CIPyt
OYO

10N
O

Darknetl19, Darknet53)

O H AR E S HEZE . Tensorflow, Pytorch,
Caffess
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(E3IEFR evaluation metrics

CFETR=R , precision

L

035!

CIERR)

mpyll

\Y
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2, recall
E , accuracy

=2 , mAP

R, 10U
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MAP (Mean Average PreC|S|on) IOz ZE58I9AP
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Q=1 AveP(q)

MAP =
¢
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Intersection over union

R E
Intersection

&

Union

uml.org.cn
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4 GTX 1080Ti
OMemory 64g

I:ISSD 128G, HDD 2TB , 7200RPM
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Computervision or natural language processing

REFS
Machine learning

Nz8%>
Machine learning

AEEES
Big data
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Name Languag Link Note
Microsoft ) , " - :
. https://www.microsoft.com/en-us/cognitive- A python deep learning library by Microsoft
Cognitive - ,
) python toolkit/ Previous known CNTK
Toolkit
Pylearn2 Python http://deeplearning.net/software/pylearn2/ A machine learning library built on Theano
Theano Python http://deeplearning.net/software/theano/ A python deep learning library
Caffe C++ http://caffe.berkeleyvision.org/ A deep learning framework by Berkeley
Torch Lua http://torch.ch/ An open source machine learning framework
Overfeat Lua http://cilvr.nyu.edu/doku.php?id=code:start A convolutional network image processor
Deeplearning4j | Java http://deeplearning4j.org/ A commercial grade deep learning library
Word2vec C https://code.google.com/p/word2vec/ Word embedding framework
GloVe C http://nlp.stanford.edu/projects/glove/ Word embedding framework
https://radimrehurek.com/gensim/models/do | Language model for paragraphs and
Doc2vec C
c2vec.html documents
StanfordNLP Java http://nlp.stanford.edu/ A deep learning-based NLP package
TensorFlow Python http://www.tensorflow.org A deep learning based python library



https://www.microsoft.com/en-us/cognitive-toolkit/
http://deeplearning.net/software/pylearn2/
http://deeplearning.net/software/theano/
http://caffe.berkeleyvision.org/
http://torch.ch/
http://cilvr.nyu.edu/doku.php?id=code:start
http://deeplearning4j.org/
https://code.google.com/p/word2vec/
http://nlp.stanford.edu/projects/glove/
https://radimrehurek.com/gensim/models/doc2vec.html
http://nlp.stanford.edu/
http://www.tensorflow.org/
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http://web.stanford.edu/class/cs224n

https://www.coursera.org/specializations/deep-learning

https://chrisalbon.com/#Deep-Learning

http://www.asimovinstitute.org/neural-network-zoo

http://cs231n.qithub.io/optimization-2

https://medium.com/@ramrajchandradevan/the-evolution-of-gradient-descend-optimization-algorithm-

4106a6702d39

https://arimo.com/data-science/2016/bayesian-optimization-hyperparameter-tuning

http://www.wildml.com/2015/12/implementing-a-cnn-for-text-classification-in-tensorflow

http://www.wildml.com/2015/11/understanding-convolutional-neural-networks-for-nlp

https://medium.com/technologymadeeasy/the-best-explanation-of-convolutional-neural-networks-on-the-

internet-fbb8b1ad5df8

http://mwww.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/

http://www.wildml.com/2015/10/recurrent-neural-network-tutorial-part-4-implementing-a-grulstm-rnn-with-

python-and-theano/

http://colah.github.io/posts/2015-08-Understanding-LSTMs

https://github.com/hyperopt/hyperopt

https://github.com/tensorflow/nmt

https://adeshpande3.qgithub.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-

Networks/

KR T HIB A


http://web.stanford.edu/class/cs224n
https://www.coursera.org/specializations/deep-learning
https://chrisalbon.com/#Deep-Learning
http://www.asimovinstitute.org/neural-network-zoo
https://medium.com/@ramrajchandradevan/the-evolution-of-gradient-descend-optimization-algorithm-4106a6702d39
https://medium.com/@ramrajchandradevan/the-evolution-of-gradient-descend-optimization-algorithm-4106a6702d39
https://arimo.com/data-science/2016/bayesian-optimization-hyperparameter-tuning
http://www.wildml.com/2015/12/implementing-a-cnn-for-text-classification-in-tensorflow
http://www.wildml.com/2015/11/understanding-convolutional-neural-networks-for-nlp
https://medium.com/technologymadeeasy/the-best-explanation-of-convolutional-neural-networks-on-the-internet-fbb8b1ad5df8
http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/
http://www.wildml.com/2015/10/recurrent-neural-network-tutorial-part-4-implementing-a-grulstm-rnn-with-python-and-theano/
http://colah.github.io/posts/2015-08-Understanding-LSTMs
https://github.com/hyperopt/hyperopt
https://github.com/tensorflow/nmt
https://adeshpande3.github.io/A-Beginner's-Guide-To-Understanding-Convolutional-Neural-Networks/
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Cfast.ai
Cldeeplearning.ai
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