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Bai 10:
Mang neuron sau
(Deep neural network)




Gi&i thiéu

ARTIFICIAL
INTELLIGENCE

Any technique that
enables computers to
mimic human behavior
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Source: Introduction to Deep Learning MIT 6.5191




Deep and shallow network

Shallow vs. deep networks

b  shallow feedforward C Deep feedforward d Recurrent
{1 hidden layer) (>1 hidden layer)
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e Shallow: one hidden layer
— Features can be learned more-or-less independently
— Arbitrary function approximator (with enough hidden units)

@ Deep: two or more hidden layers
— Upper hidden units reuse lower-level features to compute more complex, general functions
— Learning is slow: Learning high-level features is not independent of learning low-level features

@ Recurrent: form of deep network that reuses features over time



Why? —
Achieved State of the Art in a Number of
Different Areas

= Language Modeling (2012, Mikolov et al)

= Image Recognition (Krizhevsky won 2012
ImageNet competition)

= Sentiment Classification (2011, Socher et al)
= Speech Recognition (2010, Dahl et al)

= MNIST hand-written digit recognition (Ciresan et
al, 2010)

= Andrew Ng — Machine Learning Professor,
Stanford:
¢ “I've worked all my life in Machine Learning, and I've

never seen one algorithm knock over benchmarks like
Deep Learning’




Mot so kien tric mang neuron sau (tich chap)
trng dung trong cac bai toan phan tich nhan
dang anh va video
=> sé dworc trinh bay vao tuan sau




Bai 11:
Mang neuron tich chap

(Convolutional Neural
Network)




Giéi thiéu chung

= Mang neuron tich chap dang la mot tién héa Ion, cé tam
anh hwéng trong linh vwe vé thi giac may tinh

= 2012 1& ndm dau tién Alex Krizhevsky da (ng dung
mang neuron tich chap va thang trong cudc thi cua
ImageNet, gidm 16i nhan dang t&r 26% xudng con 15%

« T d6 tr&d di, rat nhiéu cac vién nghién clru, doanh
nghiép da st dung deep learning nhu cac mdé dun core
cua cac hé dich vu xung quanh
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Problem space: Image classification
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What We See What Computers See

= Input: eg. 32x32x3 (RGB

= Output: the probability of the image being a
certain class.




From shallow to deep

Traditional recognition But what’s next?
shallower
classifier = mmp “bus”?
SIFT/HOG
( o = deeper

- edges =) histogram -y classifier - “bus”?

- edges =) histogram - s:a_:ns:?:';sée =) classifier mp “bus”?
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Deep learning

Specialized components, domain knowledge required

- edges =) histogram ) s:arseeé::r;{e ‘ classifier - “bus”?

- - Ll o - “bus”?

- - - - - - b

* End-to-end learning
* Richer solution space
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Spectrum of depth

—» 5 layers: easy
—» >10 layers: initialization, Batch Normalization
——» >30 layers: skip connections

—— >100 layers: identity skip connections

l—b >1000 layers: ?
] L] o ®

shallower deeper
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Mot s6 mang neuron sau va két qua

Revolution of Depth
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ImageNet Classification top-5 error (%)
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Gi&i thiéu vé mang neuron tich chap

= Xem trong: "F:\Mang Neuron -
2017\refs\intro_cnn.pdf”
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Revolution of depth

Slide trinh
bay chi tiét:
"F:\Mang
Neuron -

201 7\refs\Dee
pLearnig\Ale
xnet.pdf”

AlexNet, 8 layers
(ILSVRC 2012)
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ZF Net (2013)

E—
image size 224 110 26 13 13 13 _ -
filter size 7 @ 3 3
1 384 ‘l’1 384 256
I 256 N
istride 2 96 33 max 33 max C
3x3 max pool| | contras pool | |contrast pool 4096| | 4096 class
stride 2 n. stride 2| |norm. stride 2 units units| | softmax
w3 55 ’ 3
2 13 1 6 256
Input Image 4"\36 \236 - -
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output

ZF Net Architecture

Xem trong trang: "F:\Mang Neuron -
2017\refs\DeepLearnig\The 9 Deep Learning Papers

You Need To Know About (Understanding CNNs

Part 3) — Adit Deshpande — CS Undergrad at UCLA 16

/11 0\ 1.4 1IN



http://arxiv.org/pdf/1311.2901v3.pdf

VGG Net (2014)

= Xem trong: "F:\Mang Neuron -
2017\refs\DeepLearnig\ILSVRC_2014.pdf"
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http://arxiv.org/pdf/1409.1556v6.pdf

Google lenet

= Xem trong : "F:\Mang Neuron -
2017\refs\DeepLearnig\The 9 Deep Learning
Papers You Need To Know About
(Understanding CNNs Part 3) — Adit

Deshpande — CS Undergrad at UCLA
(*19).html"
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Microsoft ResNet (2015)

"F:\Mang Neuron -

1cml2016_tutorial deep residual netw
19

orks kaiminghe.pdf"


https://arxiv.org/pdf/1512.03385v1.pdf

So sanh cac kién truc
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So sanh cac kién truc

Revolution of Depth

AlexNet, 8 layers % VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)




_ 101 layers
Revolution of Depth A
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shallow — ---""
HOG, DPM AlexNet VGG ResNet
(RCNN) (RCNN) (Faster RCNN)*

PASCAL VOC 2007 Object Detection mAP (%)
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ResNet’s object detection result on COCO




Yolo

= https://pjreddie.com/darknet/yolo/

= "F:\Mang Neuron -
2017\refs\DeepLearnig\YOLO CVPR
2016.pptx*“

= "F:\Mang Neuron -
2017\refs\DeepLearnig\YOLO _Real-Time
Object Detection.html"
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https://pjreddie.com/darknet/yolo/

Demo

= Yolo
= Mask-RCNN
= Style Transfer

25



Tai lieu tham khao

= https://medium.com/@siddharthdas 32104/cnns-
architectures-lenet-alexnet-vqg-googlenet-resnet-and-
more-666091488df5

= http://yann.lecun.com/exdb/lenet/
= http://cs231n.github.io/convolutional-networks/

= http://ufldl.stanford.edu/tutorial/supervised/Convolutional
NeuralNetwork/

= http://web.stanford.edu/class/cs231a/lectures/intro_cnn.
pdf
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https://medium.com/@siddharthdas_32104/cnns-architectures-lenet-alexnet-vgg-googlenet-resnet-and-more-666091488df5
http://yann.lecun.com/exdb/lenet/
http://ufldl.stanford.edu/tutorial/supervised/ConvolutionalNeuralNetwork/

