3. DL as hierarchical func finder:
3.0. Tém tét vé linear model

3.1. 1 unit perceptron

3.2. 1 layer perceptron

3.3. XOR problem

3.4. 1 hidden layer perceptron
3.5. Why need deep?

3.6. Representation learning
3.7. multi-layer perceptrons

3.8. Backprop - deep func finder tool.
3.8. NN Variants: CNN, RNN.
(Practical case example across)




Tom tat vé Linear model trong ML

“Co may tham so0”

- Linear model str dung tham s6 dé mé hinh hoa budc
¢ ‘ nputs X mapping tu input ra output.

y - Khong nhat thiét phép mapping nay cho ra két qua
/"-/ ‘—__\

hoan toan chinh x4c véi thue t€, ma c6 thé xép X1 voi
ket qua thuc té (hay mot phép mapping chuan).

outputs Y - Chang han nhu hinh bén, khong nhat thiét dau ra phai
1a 1 khéi 1ap phuong chuan muc, ma co thé ¢ nhirng
. 16i nho ciing khong sao!




Tom tat vé Linear model trong ML

“Co may tham so0”

¢ ‘ inputs X

- —_
-

/ Bai toan Hoi quy
Y \

Bai toan Phan loai




Tom tat vé Linear model trong ML

Vi du 1: Tinh can nang cua mot nguot binh thudong

F(x)
(can nang)
(output)

X (chiéu cao)
) (input)
- Chi s6 BMI ctia 1 nguoi ¢6 stre khoé binh thuong 14 moi lién hé (pattern) gitta chiéu
cao va can nang cua nguoi do, duoc tim ra tir 1 tap vi du co san.




Tom tat vé Linear model trong ML

Vi du 1: Tinh can nang cua mot nguot binh thudong

F(x) .
(can nang) (D&t 1iéu c6 san: ‘
(output) chiéu cao - can nang) ‘

\’C

(chiéu cao)
(input)
>

0

- Chi s6 BMI cua 1 nguoi c6 sttc khoé binh thuong 1a moi lién hé (pattern) gitra chiéu
cao va can nang cua nguoi do, duoc tim ra tir 1 tap vi du co san.




Tom tat vé Linear model trong ML

Vi du 1: Tinh can nang cua mot nguot binh thudong

f(x)
(can nang) BMI “Pattern”
(output) f(x) = x + 100

X (chiéu cao)
(input)

>

- Chi s6 BMI ctia 1 nguoi ¢6 stre khoé binh thuong 14 moi lién hé (pattern) gitta chiéu
cao va can nang cua nguoi do, duoc tim ra tir 1 tap vi du co san.




Tom tat vé Linear model trong ML

Vi du 1: Tinh can nang cua mot nguot binh thudong

F(x)
(can nang)
(output)

Input: Chiéu cao
cua 1 nguol X (chidu cao)

f*/ (input)

W), >
Chi s6 BMI ctia 1 ngudi ¢6 stre khoé binh thuong 14 moi lién hé (pattern) gitra chiéu
cao va can nang cua nguoi do, duoc tim ra tir 1 tap vi du co san.
Khi biét chiéu cao ctiia mdt ngudi (c6 voc dang binh thuong), dua trén chi s6 BMI cua
nguoi bth, ta c6 thé du doan sd cin niing cua ngudi do.




Tom tat vé Linear model trong ML

Vi du 1: Tinh can nang cua mot nguot binh thudong

f(x)
E gjﬂpﬂi@ Bai toan Hoi quy

Output:

X (chiéu cao)
(input)

. >

Chi s6 BMI ctia 1 ngudi ¢6 stre khoé binh thuong 14 moi lién hé (pattern) gitra chiéu

cao va can nang cua nguoi do, duoc tim ra tir 1 tap vi du co san.

Khi biét chiéu cao ctiia mdt ngudi (c6 voc dang binh thuong), dua trén chi s6 BMI cua

nguoi bth, ta c6 thé du doan sd cin niing cua ngudi do.




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

- Duatrén sb luong tir “giam gia” trong email, ta co thé du doan email do 1a
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email
f(x)

(spam or not)
(output)

spam

X (s6 tu)
(input)

- ﬁDuaUénsé1uqnghk“gﬁn1gﬁfﬁnngenmﬂ,m«inhédudomlmnmldélé
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email 1.Suy dién
f(x)

(spam value)
Codomain: (-
oo,+oo)

Spam value “pattern’
f(x) = x + 100

Duauénséhﬂﬂ@j&“gﬁnlgﬁ”UDngenmﬂ,m(bthédudomlmnmldélé

spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tém it vl Linear moded trong ML

Tom tat vé Linear model trong ML o

1oy

po

Vi du 2: Phat hién spam email | \a

f(x)
(spam value)
Codomain: (-
°°J+°°)

Not yet
Output!
X (s6 tu)

0 Input (input)
>

Dua trén sd luong tir “giam gia” trong email, ta co thé dy doan email d6 1a

spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

f(x) A

(spam value)

Codomain: (>
%, +o0) N (&ue:gi spam value)

N\

+00

Not yet
Output!

Dua trén sd luong tir “giam gia” trong email, ta co thé dy doan email d6 1a

spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email
f(x) A

(Squeezed 1
spam value)

Codomain:
(0,1)

Not yet
Output!

- ﬁDuaUénsé1uqnghk“gﬁn1gﬁ7ﬁongenmﬂ,m«inhédudomlmnmldélé
spam hay khong.

- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email
f(x) A

(Squeezed 1
spam value)

Codomain: buong quyét dinh
(0,1)

Not yet
Output!

- ﬁDuaUénsé1uqnghk“gﬁn1gﬁ7ﬁongenmﬂ,m«inhédudomlmnmldélé
spam hay khong.

- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email
f(x)

(Squeezed 1(Spam)
spam value)

Codomain: buong quyét dinh
(0,1)

2.Quyét dinh

Output!

- ﬁDuaUénsé1uqnghk“gﬁn1gﬁ7hnngenmﬂ,mxinhédudomlmnmldélé
spam hay khong.

- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

F(x)
(Squeezed 1(Spam)
spam value)

Codomain: buong quyét dinh
(0,1)

Input: S6 tu

\
- ﬁDuaUénsé1uqnghk“gﬁn1gﬁ7ﬁongenmﬂ,m«inhédudomlmnmldélé
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

F(x)
(Squeezed 1(Spam)
spam value)

Codomain: buong quyét dinh
(0,1)

~ 7/
- ﬁDuaUénsé1uqnghk“gﬁn1gﬁ7ﬁongenmﬂ,m«inhédudomlmnmldélé
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

F(x)
(Squeezed 1(Spam) Bai toan Phan loai
spam value)

Codomain: buong quyét dinh
(0,1)

~ 7/
- Duatrén sb luong tir “giam gia” trong email, ta co thé dy doan email d6 1a
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

Bai toan Phan loai

buong quyét dinh

Puong quyét dinh ¢ khong gian input

- Duatrén sb luong tir “giam gia” trong email, ta co thé dy doan email d6 1a
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Tom tat vé Linear model trong ML

Vi du 2: Phat hién spam email

Bai toan Phan loai

buong quyét dinh

Puong quyét dinh ¢ khong gian input

- Duatrén sb luong tir “giam gia” trong email, ta co thé du doan email do 1a
spam hay khong.
- Bai toan nay gom 2 budc: Suy dién va Quyét dinh




Neural Network

- Dang co ban nhat ctia NN 1a mot Linear model, output 13 to hop tuyén
tinh cua cac input.

- Mang Deep NN 1a dang mé rong cua NN, gom Linear model (I) v6i ham

phi tuyén (II) va clu tric phan cap (II) (hierarchical structure)




Neural Network

Mot don vi
\

- Dang co ban nhat ciia NN 1a mot Linear model
(Perceptron), output 1a to hgp tuyeén tinh cua cac
input.

- Mang Deep NN la dang m& rong cua NN, gom

Llnear model véi ham phi tuyén va clu tric phin
cap (hierarchical structure)

P = wW;X;+ W,X,+ b




Neural Network

Mot don vi

P = wW;X;+ W,X,+ b

- Dang co ban nhat cia NN 1a mét Linear model,
output 13 t6 hop tuyén tinh cua cac input.

- Mang Deep NN 1a dang mé rong cua NN, gom
Linear model v&i ham phi tuyén va cau triuc phan
cap (hierarchical structure)

Lién quan gi té1
No-ron than kinh
ctia con nguoi ?




Neural Network

Mot don vi

Terminal Bulb

Lién quan gi té1
No-ron than kinh
cuia con nguoi ?




Neural Network

Mot don vi (m6 rong: 2 input features)

Bai toan Phan loai

Khong gian input

http://playground.tensorflow.org/




M6 phong hoat dong ctia Neuron bang ham tuyén tinh

“DE&” tim tham s6: 3 thuat toan nhanh (Perceptron Algorithm) tim tham s

D¢ giai thich

Tuy nhién, kha nang biéu dién gidi han




Neural Network

Mot don vi (m6 rong: 2 input features)

Bai toan Phan loai

Easy!

- Linear model (I) ciing nhu hau hét cac ML models hoat dong t6t khi moéi quan hé giira
input features va output r0 rang.




Neural Network

Mot don vi (m6 rong: 2 input features)

Khong thé o141 quvét

Bai toan Phan loai

Easy!

- Linear model (I) ciing nhu hau hét cac ML models hoat dong t6t khi moéi quan hé giira
input features va output r0 rang.




Neural Network

XOR: ML models st dung feature engineering
E—

A
(1,‘1)

kS

" @

(11'1)

Céac k¥ sit ML thong thuong phai tim bang cach thir-sai va lya chon céc features phu
hop cho bai toan ML cu thé.




Neural Network

XOR: “automate” feature engineering

p N F(\lel + w7x?)

features méi

Co ban, budc feature engineering st dung to hop tuyén tinh cua input features, sau d6
sir dung 1 ham ndo d6 dé bién d6i t6 hop nay: F(w X +W,x,) dé tao dugc cac features
mong muon.

Tai sao ta khong hoc luén qua trinh extract features nay?




Neural Network

XOR: “automate” feature engineering

p = Hw,x, + w,x))

features méi

Co ban, budc feature engineering st dung to hop tuyén tinh cua input features, sau d6
sir dung 1 ham ndo d6 dé bién d6i t6 hop nay: F(w X +W,x,) dé tao dugc cac features
mong muon.

Tai sao ta khong hoc ludn qua trinh extract features nay? -> NN v&i ham phi tuyén




Neural Network

Ham phi tuyén (Non-linear/Activation function)

| tanh | REctified Linear
logistic

Unit (RELU)
"‘1 - {'. .')."l"’ ‘.V_’
s +> ) ={% x>0 .
Hx) = 1/(1+9) ! 5 5 fix) {.In,. che I/(
< " e l +»

3

4 ] d »

<= M

"

.-
w
1

- Ham phi tuyén gitip bién d6i khong gian input features, tao ra nhiing features phu hop
gitip nhiém vu Hoi quy/Phén loai ¢ budc sau ¢ nén “straightforward”




Neural Network
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Neural Network

Ham phi tuyén (Non-linear/Activation function) - vi duy

'Easy

https://cs.stanford.edu/people/karpathy/convnetis/demo/classify2d.html




Neural Network

Mot 16p an

Tao feature moi

- Tao ra feautures mo1 tor raw put, 16p nay goi la hidden layer H




Neural Network

Mot 16p an

p=¢lv,h, + v;h, + v.h.]  Squeezing function

h, = flwx, + w,x))
h, = flw,x, + w,x,) Tao feature mai

h, = flw,x, + w.x,)

- Tao ra feautures mo1 tor raw put, 16p nay goi la hidden layer H
- Cac features nay duogc su dung cho nhiém vu Hoi quy/Phan loai nhu ¢ cac slide trude




Neural Network

Mot 16p an

p=¢lv,h, + v;h, + v.h.]  Squeezing function

Luu v, néu k c6 ham f bién ddi phi tuyén
=> p = V¥W*X = (V*W)*X

van la Linear model!

- Tao ra feautures mo1 tor raw put, 16p nay goi la hidden layer H
- Cac features nay duogc su dung cho nhiém vu Hoi quy/Phan loai nhu ¢ cac slides trudce




Neural Network

Mot 16p an

p=¢lv,h, + v;h, + v.h.]  Squeezing function

X, ) h, = flw,x, +w,x,)

Feature extractor h, = flwx, + w,x)) Tao feature méi
hy = Flwx, + wex,)

Céng thirc tao Hidden layer: Linear model (I) + ham phi tuyén (II)




Neural Network

Mot 16p an

Linear model

p=¢lv,h, + v;h, + v.h.]  Squeezing function

X, } flw,x, + w,x,)

Feature extractor 2 = Tlwyx, +w,x)) Tao feature moi

h, = flw,x, + w.x,)

Céng thirc tao Hidden layer: Linear model (I) + ham phi tuyén (II)




Neural Network

Mot 16p an giai quyét XOR problem

https://cs.stanford.edu/people/karpathy/convnetis/demo/classify2d.html




Neural Network

Mot 16p an giai quyét XOR problem

Transformed
XOR

https://cs.stanford.edu/people/karpathy/convnetis/demo/classify2d.html




Neural Network

Mot 16p an giai quyét XOR problem

Easy! line
Transformed
XOR

https://cs.stanford.edu/people/karpathy/convnetis/demo/classify2d.html




Neural Network

Mot 16p an giai quyét XOR problem

Input Layer

Point Original | Hidden
Space | Space

(1'1) (1.0) ! ! 15t hndden unit
Class 0

(-1,-1) | (1,0)

A
g
c | (-1,1) | (0,0) st
D

(1.-1) (3,1) Hidden Layer
_ | | A 2nd hidden unt

Hdden dim 2

Hidden dim 1

https://cs.stanford.edu/people/karpathy/convnetis/demo/classify2d.html




Neural Network

Mot 16p an duge xem c6 thé xap xi moi ham sé (visual proof 1D)

4

£(x)

http://neuralnetworksanddeeplearning.com/chap4.html




Neural Network

Mot 16p an duge xem c6 thé xap xi moi ham sé (visual proof 1D)
-1 cdp hidden units (véi ham sigmoid) c6 thé tao
'[héll’lh 1 “bump”. . uny I wnit 2 une 2 minus wn‘l

- Tb hop cac bumps c6 thé tao thanh 1 ham sb bat ki

e




Neural Network

Mot 16p an duge xem c6 thé xap xi moi ham sé (visual proof 1D)

-1 cdp hidden units (véi ham sigmoid) c6 thé tao
thélnh 1 “bump”. . I it 2 unit 2 minus wn‘l

- Tb hop cac bumps c6 thé tao thanh 1 ham sb bat ki m

chiéu cao
ciia bump

s e \ ey s ]

vi1 tri cua bump

http://neuralnetworksanddeeplearning.com/movies/create step function.mp4




Neural Network

Mot 16p an duge xem c6 thé xap xi moi ham sé (visual proof 1D)
-1 cdp hidden units (véi ham sigmoid) c6 thé tao
'[héll’lh 1 “bump”. . uny I wnit 2 une 2 minus wn‘l

- T6 hop cac bumps c6 thé tao thanh 1 ham s bat ki

£
|
I
I
|
|
|
|
I




Neural Network

Tai sao can mang NN v&i nhiéu hon 1 hidden layer?

1 hidden layer can rat nhiéu hidden units dé
biéu dién 1 arbitrary function

Curse of dimensionality: Hiéu don gian,
khi sb chiéu cua dix liéu tang 1én, do phirc
tap ctia model phai ting 1én theo cap so
mii dé dam bao kha ning giai quyét bai
toan dugc gilr nguyén.




Neural Network

Tai sao can mang NN v&i nhiéu hon 1 hidden layer?

1 hidden layer can rat nhiéu hidden units dé
bi€u dién 1 arbitrary function lnput layer  00en lyer 1 biddenlayer3 Ridden layer 3

Curse of dimensionality

output layer

C6 thé xem mdi 16p nhu ham mapping ddc

lap. Nhitng 16p sau c6 thé tan dung lai

nhirng ham mapping don gian tur l6p trudce
d6 dé tao ra ham mapping c6 kha ning biéu
dién cuc ki phitc tap (tinh ké thira) -> céu
tric phin cap (I1)

Ex: phép dém -> phép cong (dém nhiéu lan) ->
phép nhan (cong nhiéu lan) -> phép mil luy thira

(nhan nhiéu lan)



Neural Network

Cau triic phan cap (visual intuition)

Gap khong gian (Folding space)

Mot 16p hidden layer sé& thuc hién phép bién
doi khong gian phi tuyén, giip qua trinh _ 1 Hidden

phan loai & cic bude sau duge dé dang hon. layer

—

Mot trong nhirng phép bién d6i phi tuyén
kha di 1a gap nhitng ving khong gian thudc
chung 1 16p lai v6i nhau. (Xem lai vi du
NN vs XOR problem)




Neural Network

CAu trac phan cap (visual intuition)

NNs ¢ hidden layer véi ham ReLU
c6 thé thuc hién phép bién d6i “gap” khong
gian input cua lop hidden nay . Chang
han (Gap do1 khong gian
6 x=0)

Ex:h; = Relu(-x), h, = Relu(x)
f(x) = hy + h, = |x]




Neural Network

CAu trac phan cap (visual intuition)

NNs ¢ hidden layer véi ham ReLU
c6 thé thuc hién phép bién d6i “gap” khong
gian input cua lop hidden nay . Chang
han (Gap do1 khong gian
6 x=0)

Ex:h; = Relu(-x), h, = Relu(x)
f(x) = hy + h, = |x]




Neural Network

Cau triic phan cap (visual intuition)

- Maoi cap NNs ¢ hidden layer voi ham ReLU
c6 thé thuc hién phép bién d6i “gap” khong
gian input cta 16p hidden nay 1 lan.

3 cap NNs




Neural Network

Cau triic phan cap (visual intuition)

Moi cip NNs & hidden layer v6i ham ReLU
c6 thé thuc hién phép bién d6i “gap” khong
gian input cta 16p hidden nay 1 lan.

Nhiéu ving cung chia sé¢ chung 1 phép
mapping. Ta c6 thé dung ¥ tudong nay dé
giam s6 phép toan.




Neural Network

Cau triic phan cap (visual intuition)

Moi cip NNs & hidden layer v6i ham ReLU
c6 thé thuc hién phép bién d6i “gap” khong
gian input cta 16p hidden nay 1 lan.

Nhiéu ving cung chia sé¢ chung 1 phép
mapping. Ta c6 thé dung ¥ tudong nay dé

giam s6 phép toan.

2 cap NNs




Neural Network

CAu trac phan cap (visual intuition) )

./-——\

Moi cip NNs & hidden layer v6i ham ReLU
¢6 thé thuc hién phép bién doi “gép” khong . Fold alons the 2. Fold along the
gian input cua 16p hidden nay 1 lan. haheonl e horizontal s
Nhiéu ving cung chia sé¢ chung 1 phép (a)

ma}pping. 1,%%,

Neéu thuc hién cac ham “folding space > nay
lan luot (twrong duong Vol qua nhleu lop) s&
dan t6i viéc phan chia s6 ving & cap s6 mil.

S ?‘ L4 O
Sl

53|52
ZSleN
\": / ¥




Neural Network

CAu trac phan cap

* Trén thuc té, qua trinh bién d6i khong gian input & cac 16p hidden layer dién ra phuc tap
hon va kho ki€m soat hon so v61 nhitng vi du trén.




Neural Network

CAu trac phan cap

Patterns of Local
Contrast

Output Layer
Hidden Layer 2

Hidden Layer 1
Input Layer

Cau trac phan cap gitip phan doan ham mapping phirc tap ra thanh tirng budc mot voi
nhitng ham don gian hon. Nhu vi du ¢ hinh trén.




Neural Network

CAu tric phan cap

A —

Neural Network

Qua trinh bién doi tré nén don gian hon

HAm phi tuydn (Non-linear JACtivation function) - Wi ¢

R

L _;p~
Ty

NN v&i 116p an

NN

v&i nhiéu hon 1 16p an

f2()
-->




Neural Network

Deep Neural Network
= Linear model (I)

+ Ham phi tuyén (IT)
+ Cau tric phan cap(I11)




Function Finder

Pi tim ham so
F(x)

Ta da dé cap t6i NNs nhu mot “cd may” co thé

xap xi bat ki ham s6 nao.

Tuy nhién Universial Approximation Theorem
(UAT) chi dé cap t6i kha nang ciia NNs, khong
phai 1a mot 161 chi dan cho vi€c tim ra “set-up”

cua cO may nay (set-up = tham s0)

Lam sao dé tim ra cac tham so6 ciia NNs dé dat dwoc phép mapping nhu y?




Function Finder

Hough Transfrom: Bién d6i data space -> weight space
Yy 4 Wy A

[ (wy ,W,)
» X >

Wq

Moi duong thang trong khong gian data twong duong véi 1 diém trong khong gian trong s6

Y 4 Wr A

W= - W,/X + y/X

> X > Wy

Mbi diém data c6 vo so duong thang di qua, tp hop trong s6 cua nhitng duong thang nay tao thanh
mdt duong thang trong khong gian trong sd. 63




Function Finder

Hough Transfrom: Bién d6i data space -> weight space

y "




Function Finder

Hough Transfrom: Bién d6i data space -> weight space

W
A 2
y

l

Modeling!
ak.a tim tham s tot nhat

C6 thé hinh dung mdi dap an cho mot bai toan gio ddy tré thanh mét diém trong khong gian
tham s6 (gia dinh moi bai toan déu c6 dap an trong khong gian naiy)




Function Finder

Hough Transfrom: Bién d6i data space -> weight space

W
A 2
y

l

Modeling!
ak.a tim tham so tot nhat

Pé biét chinh x4c 13 dap an t6t nhat véi tiéu chi gi, ta dat ra mot ham muc tiéu.
Ham muc tiéu thuong thay: Mean square error (MSE)




Function Finder

Tim ham s6 (tham sd)

yA

MSE: Loss function L(f*) = %; ||y; - F*(x;)| |2
Tim wi,Wy: argming o[L(f*)]




Function Finder

Tim ham so (tham so)

yA

Dua trén data

MSE: Loss function L(f*) = %; |/ly; - F*(x;)| |2
Tim wy,wy: argmingg .[L(f*)

Analytical solution Your work!




Function Finder

Tim ham s6 (tham sd)

y A DPoan trudce!
(0]

MSE: Loss function L(f*) = %; ||y; - F*(x;)| |2
Tim wi,Wy: argming o[L(f*)]

Numerical solution: Gradient Decent




Function Finder

Tim ham s6 (tham sd)

y A Poan truoc!
Dua trén data o

—_—

MSE: Loss function L(f*) = %; ||y; - F*(x;)| |2
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Neural Network

Mot 16p an vs XOR problem

https://cs.stanford.edu/people/karpathy/convnetis/demo/classify2d.html




