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» Better Optimization : 18R Training Loss
 Better Generalization : 1A Validation Loss




= @IS

Training loss of
deep learning

Training loss of
linear model

Better Optimization!

Overfitting

Validation loss

Training loss

Better Generalization!
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Optimization



Vanilla Gradient Descent 6" = arg min L(6)

> (Randomly) Pick initial values 6°

> Compute gradient g% = VL(BO)
91 — 90 . 77gO

> Compute gradient g1 = VL(Hl)
02 — 91 . ngl

> Compute gradient g% = VL(HZ)
03 — 92 . ngZ



Optimizer

Vanilla Gradient Descent

RIS FNELR gt AORETS D]

Gradient Descent + Optimizer

RE g° g, g%, ... 9¢
—ﬁ_IJJEEﬂ




Learning Rate &1

n =0.001

20.0

17.5

15.0

12.5

< 10.0 4

7.5 1

5.0 A

2.5 7

0.0 -

—— Gradient Descent Path

Update 5 _ X
et it E 2 9k

17.5

15.0

5.0 A

2.5 1

0.0 -

—— Gradient Descent Path

Update —BRED
=RENETRE

6150

5400

4650

3900

3150

2400

1650

9200

150

Loss (MSE)



20.0

AEIZBEZES AE
M Learning Rate

R
@ Minimum Loss (wl=1.67, b=4.88)

-6150

17.5 RIS

Learning rate /N7 5400
15.0 '{" L
4650
12.5 4
| 3900
2 10.0 A gg
3150 &
75 .
- Leamning rate X—% 2400
5.0 A
1650

900

EEER B A —{E 7 [ Y 25
gradient X ~ A5—1&l/\ ?

150
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178759 Gradient 2R E Learning Rate

\/ Learning rate /N—%4

(500 . (@32 , _ (=210 5 _ (39
0 ‘] 9 {o.zil g +*

\/ Learning rate X—#4




Compute gradient g° = VL(8°)

For each dimension i: 40 = \/(7) |gl |

Compute gradient g = VL(81) Average?

For each dimension i: 41 = \/[(9?)2 + (gll)z]

Compute gradient 7~ = VL(8?)

For each dimension i: g7 = \/[(gio)z T (gil)z +( )2]

Compute gradient gt = VL(0%)

For each dimension i: 4! = Z(gf)z




= BIRE T,

AT
https.//colab.research.google.com/drive/1

XPIU-
177dXL9W74jnevmfb8K8XoEPRso?usp=sha

ring







B —(E2EGradient K/)NAE—pk A%

Adagrad: = 5~ 77 IN#E2K

RMSProp: 54T & 12K gradient 5LE BRI S2E




Compute gradient g° = VL(8°) RMSProp

2
For each dimension i: Gio = (glp) ol  go _igo
l l O_l() l
Compute gradient g* = VL(61) O<ax<l1
For each dimension i: ¢} = \/a(aio)z + (1 — a)(gil)z 92 — g1 — 11911
o

Compute gradient ¢~ = VL(0%)

2 2
For each dimension i: 07 = \[C((Uil) + (1 — a)( ) 03 — g2 _n
2

Compute gradient gt = VL(68Y)

. . _12 2
For each dimension i: ¢/ = \/a(ait D"+ (1 -a)(gt) gt+l L gt _ltgl.
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https.//colab.research.google.com/drive/1

XPIU-
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Optimization 7 Gradient RB/N\FZ1E

Small Gradient

Loss Saddle Point

< Local Global

Minimum Minimum
L 4 0.




IILIJ

=#)= (Momentum)

ARAEHE  FUBBTNNETEESE TR -

Small Gradient

o Saddle Point
\ o ‘ b”

> Local
f > Minimum
PPPPT—treniiiean ; p’ "
.
5 | ]
.' . ----- O



Compute gradient g° = VL(8°)

For each dimensioni: m} = g/
Compute gradient g* = VL(61)
: SR 1 _ 0 1
For each dimensioni: m; = g; + g;
Compute gradient ¢~ = VL(0%)
For each dimension i: m? = g? + g;

Compute gradient gt = VL(68Y)

Momentum

_|_

For each dimension i: m! = g? +gl+ 0 ++gf



» Compute gradient go — VL(QO) Momentum GER2&88 Momentum)

For each dimensioni: m} = g/ 6! < 6 —nm!
> Compute gradient g* = VL(61) 0<p<1

For each dimensioni:  m; = fm; + (1 —B) g} 67 « 6} —nm;
» Compute gradient 7~ = VL(0%)

For each dimension i: m? = Bm; + (1 —pB) 03 — 0% — nm?

> Compute gradient gt = VL(68Y)

Foreach dimensioni:  m! =pgmi™* + (1 - B)gf oIt « 0f —nm!
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Adam: RMSProp + Momentum

> Compute gradient gt = VL(0Y)

Momentum

For each dimensioni: mi = Bmi™' + (1 — B)gf 0/t « 6f —nm;

RMSProp

. . 2 2 t+1 e _ 11 ¢

For each dimension i: ¢} = \/a(o'it_l) +(1-a)(g?) 07" < 0, 19
l

Adam

t41 ron Adam has bias-corrected terms,
0;7" « 0; ——m, . . T
y Logt which are omitted here for simplicity.
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Learning Rate Scheduling

t+1 t 1N
0" < 0; — F m;

O;

n
Warm Up Learning Rate Decay
PRI T N



Summarization of Optimizer

» Learning rate scheduling

.
P
P

t+1 t t . .
0" < 0; ——m; ->Momentum: sum of the previous gradients

0O-
Lo Consider direction
- square of the gradients only magnitude

T B—E S IR A BEIT R
Adagrad, RMSProp, B S HY BRI T Better Optimization
Momentum, Adam, etc. (not for Generalization)



Dropout

A | 4R B BB 1 = 9%
— A8 AL T

it e AR R BT
KNEH




7 BB—{E 558 Srpgidiedrs

Dropout B Ex S HY BRI T Better Generalization
(Worse Optimization)
5I%:‘ DrOpOUt Recipe of Deep Learning <

iNPESELER S

®  Good Results on

i
e R Testing Data?
| Regularization { &
)4

| Dropout

Good Results on
Training Data?

Adaptive Learning Rate

https://youtu.be/xki61j7z- oLy Loy
30?SI=EOF1VJCP3_L5UW|3 &t=4227 ML Lecture 9-1: Tips for Training DNN




Initialization

ABEWERNUE - OJseEERBFFE AR AER
(Optimizer oA iRYIBUE TR EZEN ?)

29
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T £ %@ Training Loss 1B EAIRE(E -
nitialization 4o b mnen REEW— @R G
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T £ %@ Training Loss 1B EAIRE(E -
nitialization 4o b mnen REEW— @R G

Training  Validation
Loss Loss

e IB 2 o RS




Initialization ... OESEER
Pretext Task <™ =z v 173 48

=
==]

Pre-train

Downstream Task



More about Pretext Task

Learn to

= {0 -4 vt W -
: H . M ’ reconstruct

1 I
I I

Linear

. .
Mockingja :
BERT Serles [ mimic SOU:\d%JhQZYS }w’ ]
I I Pt 1 1 t
How about speech? _.. Some of the input

https://arxiv.org/abs/1910.12638 are masked
°®

masked masked

(#3528 2022) EFERTS EAMSTEERLEBRE (Self-supervised Learning) 15!
https://youtu.be/IMINLIKYNmMA?si=M6hL7pKbOU _ufefo

34



https://arxiv.org/abs/2103.07162
This work is done by /it

C . . Why does BERT work?
Initialization

* Applying BERT to protein, DNA, music classification

El CCAGCTGCATCACAGGAGGCCAGCC
El AGACCCGCCGGGAGGCGGAGGACC
IE AACGTGGCCTCCTTGTGCCCTTCCCC
IE CCACTCAGCCAGGCCCTTCTTCTCCT
IE CCTGATCTGGGTCTCCCCTCCCACCC
IE AGCCCTCAACCCTTCTGTCTCACCCT
IE CCACTCAGCCAGGCCCTTCTTCTCCT
N CTGTGTTCACCACATCAAGCGCCGG(
N GTGTTACCGAGGGCATTTCTAACAGT
N TCTGAGCTCTGCATTTGTCTATTCTCC

class DNAs=equence

Pre-train #% Optimization
A Generalization &3B &R

[#232292021) BERXEE (Self-supervised Learning) (=) - BERTRZ &S
https://youtu.be/ExXA05i8DEQ?si=bpmI5yogGDiJ3FUf&t=508

7 B—IE 5 2R A BT

Initialization P B U HY BRI T Better Optimization,
(e.q., pre-train) Better Generalization



?jilil_by:m 3 + 1
/

TR
%ﬁﬂﬂﬂﬁbﬁ i

\

Better Network
Architecture
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Ll

function

PR T EE

Mmy

1§ B

X S

I~ =

)1 1) 6 B K| T 6 [

good
function

o] g B R EF RV LR =
(&% overfitting)

A AR—& - [BR

good
function

— &/ &g BB [ &f

B HRIEK TV

(1R#E domain knowledge)



Convolutional Layer

- : 3 channels : 1000 x 1000
For image processing :

3-D
tensor
e 1000 x 1000
L,
1000 x 1000
1000 x 1000



—_— e \ 1000 x 1000 x 3 parameters

1000 x 1000
— o0 eee
1000 x 1000
1000 x 1000 x 3 x 1000 parameters
1000 neurons Typical multi-layer perceptron
10001000 (MLP) is “fully connected”.
j Do we really need “fully
Feature connected” in image processing?



Observation 1

basic advanced
detector detector



Obse rvati()n ]_ A neuron does not have to

see the whole image.

basic advanced
detector detector

Some patterns are much smaller than the whole image.



Simplification 1

Receptive
field

R~ |rRllol~|o Y

O | O OO (IO |+ |

the same
receptive field

Can be
overlapped

* Can different neurons have different sizes of receptive field?

 Notsquare receptive field?



Simplification 1 — Typical Setting

stride =2 overlap

all channels
A I
kernel size 110 0101 padding
(e.g.,3 x3) 0|1 O|1]0
0|0 110107
1/0|(0J0|1}0O0
410[1]10]0|1] 0| Thereceptive fields cover
lolol1lol1]0]| thewholeimage.

Each receptive field has a set of neurons (e.g., 64 neurons).



1000 x 1000

2 X2

— e cs e
— s e

1000 x 1000

2x2

l

1000 x 1000

1000 x 1000 x 3 x 1000 Receptive
parameters Field

1 /(500 x 500) times
Feature fewer parameters



Benefit of Simplification 1

Fully Connected Layer > Each neuron processes
the whole image.
Receptive Field
good
function
@ » Each neuron only processes a

small region (receptive field).

e Basic patterns are much smaller than the whole image. Each neuron only has to
process a receptive field.



Observation 2

* The same patterns appear in different regions.

| detect “beak” in

my receptive field.
O

/

7- i -~

= They do the same thing. How about

= using the same parameters?

| detect “beak” in
‘my receptive field.




Simplification 2 — Sharing parameters

Each receptive field has a set of neurons (e.g., 64 neurons).

| | N II II II
® 1/0/0]l0|0]1 ®
‘4..... .O Tolol1lo .
® olol1|1l0]o0 ®
‘ 1] 1 Ol 0| Oepmi= -0------}‘.
1lo|1|l0]0|1]0 :
1lo|lo|1]|0|1]0

47



Simplification 2 — Sharing parameters

Each receptive field has a set of neurons (e.g., 64 neurons).

Each receptive field has the neurons with the same set of parameters.

filterl‘ G I; OI OI 1' ‘ filter 1
filter2 Q) €=U T T Tol ol 10 O filter 2
fllter3. olol1T 110l o ‘ filter 3
fllter4‘ 11 1| 0| 0| Oukdaligrdnnnap . filter 4
1lol1]lolol1]o
| 4ofoj1j0(1]0

48



Benefit of Simplication 1 + 2

Fully Connected Layer > Each neuron processes
the whole image.

Receptive Field

» Each neuron only processes a

Parameter Sharing small region (receptive field).

Convolutional Layer
® > Some neurons share

parameters.

e Basic patterns are much smaller than the whole image. Each neuron only has to

process a receptive field.
* Different receptive fields need the same detectors, so neurons for different
receptive fields share parameters.



T BB—{E 55 IR A BT S
CNN e KL Z#E  Better Generalization
(e.g., for image)

Multiple
Convolutional Layers

&
) 4
(Comoltn

64

_ Convolution
filters

To learn more about CNN ...

Filter: :
3x3x64 i

https://youtu.be/OP5HcXJg2Aw?si=cNhXe9W-
PgPA45]N1&t=1686

[1335252021) HFHEMLZLR (Convolutional Neural Networks, CNN)



(= 7 E1E - WE)2 A= activation # bias)

Skip Connection (Residual Connection)

oL AL
ow  Aw

https://arxiv.org/abs/1512.03385




(= 7 E1E - WE)2 A= activation # bias)

Skip Connection (Residual Connection)

https://arxiv.org/abs/1512.03385

"o%

— ) - -
oy — — —_— | —
L — -
N\ \
AL =seeees » FER/) (gradient vanishing) Aw

oL AL AR RN %R

R 454

AE IR K (gradient exploding)



Skip Connecti

—

)

(= 7 E1E - WE)2 A= activation # bias)

on (Residual Connection)

)

w

—

)




Source of image: https://arxiv.org/abs/1712.09913

Without skip connection With skip connection

BT AR — 18 5 B IR T R

Skip Connection Z KT S50 E Better Optimization




=

X

Normalization

mean =0 mean =0
AA . ) v
Norm Norm
- — — e
A A
_____

BRI &B

fl




bz
#=2_F

Batch normalization a

" " 2= yez + B
Normalization .
oWl =l .
|
 Batch Renormalization N /ﬂ //
e https://arxiv.org/abs/1702.03275 E.sz | \ /ME
* Layer Normalization H, wh xﬂ
* https://arxiv.org/abs/1607.06450 .
[and o ‘ |
depends on z! |

($335232021) BEHSERISTEREEEN (H) - HRITE(L (Batch
Normalization) 7}

https://youtu.be/BABPWOKSbLE?si=gzwtWMEBzbgf7sl

7 R—{E 5 R A T
Normalization RN ESHE Better Optimization

(Sometimes Better
Generalization)
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Classification

Regression




Classification @ bird ___

Classification

@ 10 Y1 «— +

Class1 1

Class 2 T




Loss = Evaluation Metrics?

Classification ...

dog
: E : bird
Ground truth: bird ===t O R @ .
Q@-tr—|r |-4
© dog
bird 44 S\
cat f '

Accuray= 0.5 Use as loss L?

Ground truth: cat ===




Loss = Evaluation Metrics?

Classification

g =VL(6)
@ 2
Class 1
Ground truth: e -
ClaSS 0 T & €T N\ 2
Nothing is @ 1 Yo+ +
happening. Class 2
+001 = P2 %23 T4z ...
Gradientis O ...... +0.01

Change a little bit



Loss = Evaluation Metrics?

* For classification, if we use accuracy as the loss function ...

A MR

I ——

Loss




Cross-entropy as the loss in classification

2 Y1 +— + €21

Ground 0.73 Class1 1

!/

truth: 0.27 <um— by
Class 2

Class1 Class 2 1 Yoo #

Class 2 T,
softmax b, €23 Nag ...




RP 70 ANRRAE 55 —a

https://youtu.be/8iFvM7WUUs8?si=VdfmHEdUEmM1TJOIR

EE2 Softmax?

score of token Q----- 9
score of token 14------ .

4

K Parameters

D K dim

+
o
-

softmax
Probability || Logit [ —
(0-1, surm to 1) (any number) LM head
E.S". ESL 51
M
g2
mEX e 2 HFK
g9z
l »5; 55
Probability M= o514 o5 4 oS3 Logit




V1
Ground
truth: ===
Class 2 0.0
Class 1

\ 4

[

1.0

Class 2

Vo V1 %

*
Z?ilog(y{)

Cross-
entropy 073

‘IIIII* 0.27h

Class1l Class 2

$ *

W & 5 10 AR 2T i/ )

2 Vi = +

Class 1

1 Yye— +

Class 2
+0.01

t

by




Why Cross-entropy?

How to do Classification

* Training data for Classification
(x*,9%) (x23,92) oo
/

. i »
5 ¢ ""?j. Q9
| e

Classification as Regression?
Binary classification as example

Training: Class 1 means the target is 1; Class 2 means the
targetis -1
Testing: closer to 1 — class 1;gloser to -1 = class 2

od wor EverCam

ML Lecture 4: Classification

Logistic Regression Linear Regression
Stepl: fupr(x) =0 (Z wix; + b) fwp(x) = Z wix; + b
‘ i
Output: bet‘ween Oand 1 Output: any value
Training data: (x™, §™) Training data: (x™, ™)

Step 2: | 9™: 1 forclass 1, O for class 2 $™: a real number

1 :
L= ) CUHEMIN L) =35 ) (G = 9"

Cross entropy:
C(f(x™),9™) = —[9™Inf (&™) + (1 = 9™)in(1 = f (™))
Question: Why don’t we simply use square error as linear
regression?

eated wrr EverCam
w Cambeny

ML Lecture 5: Logistic Regression

https://youtu.be/fZAZUYEelMg

https://youtu.be/hSXFuypLukA




Loss = Evaluation Metrics?

* For classification, if we use cross-entropy as the loss function ...




i‘fﬁ%— . J/fn%grjf: ) // xrA

KRB o omrmemE > B2 EREN

€ 4
:

S . B
AR
st (Testing) 17 weme e | (Validation)
< y
T BR— (B 5B SR EENT R
Do not use BREWREE Better Optimization

accuracy as loss (Not for Generalization)



~

= WAT4

=)

ELAth o] fE 12

https://youtu.be/QSEPStBgwRQ?si=50B
XckoLugbaroKY

Step 2: Loss function L(f(x™),9™) = max(0,1 — $*f(x))

f9" =1, max(01-f(x)) 1-f(x)<0 f(x)>1
If 7 = =1, max(0,1 + f(x)) 1+f(x)<0 f(x)<-1

Hinge
0SS
Sigmoid +
cross entropy
Square loss
Ideal loss
Sigmoid +
Square loss ) | - | S‘,n,'(x)
1 . o 1 -
Larger value, smaller loss penalty Good enough

ML Lecture 20: Support Vector Machine (SVM)




Need More Training Data ...

Overfitting

[ = z l(f(x),j?) .............. > [ = Z l(f(x),f/)

x~Train x~Test

N

Collecting more training data

(be careful about the representative)

7 B—ES B B B
More training data HREHEE Better Generalization
Not for Optimization



Data Augmentation

Overfitting
L = z [(f(x),Y) =eveessnanuan > [ = z I(f(x),9)
x~Train x~Test
Collecting more training data
voice change
blurry conversion  volume

&d b

bird bird bird Hello™ Hello™ Hello™



Be careful about what you augment

Overfitting
I = Z [(F(X),§) werererereren- > [ — z 1(F(x),9)
x~Train x~Test
Collecting more training data
voic change
flip blurry cohvession  volume

HEE

right right right Speaker X Speaker X  Speaker X



MIXUP  titps://arxiv.org/abs/1710.09412 1.0

f — DD @rrrrases >
dog cat
+ 1.0
— f — D)) €rrrrnes >
0.5 x >0
" dog  cat
Il
0.5 0.5
f ﬁ ")?? ‘ llllllll ’

dog  cat

x 0.5

x 0.5



Data Augmentation
Overfitting

[ = z l(f(x),j?) .............. > [ = Z l(f(x),f/)

x~Train x~Test

N

Collecting more training data

(be careful about the representative)

22 7 AR — 1 5 B R TR

Data Augmentation BB E Better Generalization
(e.g. Mixup) Not for Optimization

\




Semi-supervised Learning

&bird
l'l
@D %ﬁ Unlimited
cat dog unlabeled data

x~Train x~Unlabel




L= ) W9 +4 ) IFE)

x~Train x~Unlabel l \

larger entropy entropy distribution

(x)lll

smaller entropy

FEEBNE

Ryt 57 -

f(x)



L= ) 1.9 4 ) g (FO.f()

x~Train x,x'~Unlabel

connect

0 otherwise

glx,x") = {

U(f(x0),f(x")
f(x), f(x) B9 "EBER"

LA — /
DR g




Semi-supervised Learning

L= ) f@.9) +2 ) ()

x~Train x~Unlabel
L= ) W)+ D g (@)
x~Train x,x'~Unlabel
T IR—ELE R T S
Semi-supervised BREWEE Better Generalization

(e.q., Entropy, Graph) Not for Optimization



Parameter Regularization

llllllll

IIIIII

IRER A

Preferred

M

> X

-------

lllllll

¥ 5L Parameter FU{R I (E2

A

# 2 Parameter #3231 0 1T

R(6) = ZW

|

N\

W

/—;

1510} # )

)

Not
Preferred




Parameter Regularization
% Parameter #3Eir O

L'(6) =L(0), +AR(6); R(O) = ) (6,
IR E R A 8 ¥ 1R Parameter BRI (B &R R E)

g=VLO@) 6<60-ng
g =VL'(@®) 6<0-ng =0-1n(g+210) =60—ng—2116

= (1 — 2 /1)9 —
_ VL(8) +AVR(O) =VL(O) +210 ! 9
g weight decay




Parameter Regularization
% Parameter #3Eir O

L'(0) =£L(B); +AR(6); R(O) = ) (6,
IRE RS $1% Parameter HUR Y (BB K HREE)
7 B—ES IR Y R
Parameter HREHREE Better Generalization
Regularization Not for Optimization
Weight Decay B ER I RY R T Better Generalization

Not for Optimization



Momentum

Ada mW For each dimension i: mf = ,Bmf_l + (1 - ,B)gf

https://arxiv.org/abs/1711.05101

RMSProp
For each dimension i: gl.t — \/a(o'it_l)z +(1 - a)(gf)z

Adam AdamW

t t
O+t of ——m! 0+t — (1= 2106} — - m!

l l

T BB—{E 5 2R EF

AdamW e FRVER = Better Generalization (cf. Adam)
Better Optimization (cf. Vanilla)



257 (Bl BRI R

Adagrad, RMSProp, Momentum, Adam, etc. HE I T Better Optimization
AdamW HER R T Better Generalization (cf. Adam)
Better Optimization (cf. Vanilla)
Dropout B AU A = Better Generalization
Weight Decay B A LA = Better Generalization
Initialization (e.g., pre-train) B YR T Better Optimization,
Better Generalization
CNN (e.g., for image) WK=& E Better Generalization
Skip Connection WK T SZFE Better Optimization
Normalization & K T S E E Better Optimization
(Sometimes Better Generalization)
Do not use REHATEE Better Optimization
accuracy as loss
More training data HRERTE Better Generalization
Data Augmentation (e.g. Mixup) HREHATE Better Generalization
Semi-supervised (e.g., Entropy, Graph) HREHATE Better Generalization

Parameter Regularization HEREE Better Generalization
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