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MAELMREN T EF>

plg =N

iJHé;R%H:E : (xliyl)l (xZIyZ)) """ ,(xn,yn)
MR . f(x) =x"Tw

flx) =¥()w
JEL =R . f(x; 0)
MABFIRZE KL

1 . . 1
JO) == @) JOO) = (f(xi;0) - y)?
=1
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> TIEEMANGS
y = f(x;0):R" — R™.
fQ;0)=frofpqgo o f1(x)
fi(z2) = RO(WWOz + pW): RM-1 - R™
FERE - W e RmXmia

= : b e R
S ENTTEERMNGESM)BUERE - AW



HIE

> B R R
XN TTRIEARGEZEM ) BUSREL : h

h(z) = [0(z1),0(2,), -+ 0(z)]"

RELU: 0(z) = max{0, z}

Sigmoid: o(z) = 1+2_Z
eZ_p~Z
Tanh:0(2) = ———

Leaky RELU: 6(z) = max{z,yz}(y € (0,1))
GELU: 0(2) = g [1+ erf(%)]

SoftPlus: o(z) = %log(l +ef?),p>0



HIE

> B R R
XN TTRIEARGEZEM ) BUSREL : h

h(z) = [0(z1),0(2,), -+ 0(z)]"

41 —— RelU
—— sigmoid
—— tanh
—— leaky RelLU, y=0.3
— GELU

21 —— Softplus, B=1




HIE

> AUE R (saturating)

- 18 (saturating)
- SHUEKR

1.071 Sigmoid 51 — RelU
== Tanh a4l = Leaky-RelLU
0.51 = Softplus
3_
0.0
2_
/)
~0.51 1 R/
/’
-‘I
~1.0 0| =——=—
-5 0 5 -5 0 5




HIE

> B R R
XN TTRIEARGEZEM ) BUSREL : h

h(z) = [0(z1),0(2,), -+ 0(z)]"

RELU: 0(z) = max{0, z}

Sigmoid: o(z) = 1+2_Z
eZ_p~Z
Tanh:0(2) = ———

Leaky RELU: 0(z) = max{z,yz}(y € (0,1))
GELU: 0(2) = g [1+ erf(%)]

SoftPlus: o(z) = %log(l +ef?),p>0
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> EIEEMEMNLE (multi-layer perceptron)

R SR RLAIY

{‘EE% zsz ’/Eﬂ/él_lztﬁzﬁlj -TP:FE

REFFTRE

AR : A (x) = ZRiLj -
j=1 €

EREERE - AP (x) = e*

> [O]m : [©]Y]|o) &R

fO;0) = W4 (x) + b

qbgr(x): %?J_TZ
BN

= N4 ALE

BYFERR  ZEBERERL (x) = x



XE2—NEHE - KRG F M AA2ERENDs: - IR

FEAHESESMNREZEBCOOPHE - XEN TR

TEEN fe cCOOMTEEMN e >0 F&E f € FER
sup|f(x) — f()| <e

RiZ f(x) BENESLHXEX = [a, b] ERISHEELELER
e WTEREMN e >0  FE—ITZII p(x) - F15
X TFFTE [a, ] XBAN x - #B |f(x) —p(x)| <€ -

10



IR 0:R - RE—1MIFRY - BFREEZNRY - < I,
RN d-ZERNEBYI 1A [0,1]% - SEEVEIESRME [, -
RIZEEICH C(1y) ° B4 - B € > 0OFNE(ATIELLLR
B feCy - FEREENDNFREMELWE -

F(x) =W@e(WWx + pM) + p@

TERRE fRUELUR &
Vx€el;  |F(x)—f(x)| <e€-

11



> HEFIOE ( Curse of dimensionality )

3T L-LipschitzE L3 - TR A2 K45
F(x) = WOg(WDx + pD) + p®@

Xf e CUPIEL » IRFeRIL, mEMRTT - WEREN

X T2 REL - zetEE]YdR ?Eﬁ?LM
XIFTCCI0BRIREL - 2ZUL[BlYABER RIS

X T AREEE - 82 WS (DL BE e AR 2 B R 7

12



EEcosEURKRE - EEEZZEISLERE f - BB
Fourier<>ia

fw) =

1
(Zﬂ)d R4

f (x)e‘iWTx dx
B
G = | JFwldw <o

BEEREBREEREp - BLAFEREADRIREE
225 F(x) - TFRARE FROELEURE

2 Gt

13



Z [Esigmoid BUE KL - AEREQLBIRKE f - BEE
WEZEBL EHf, - DIRMENBIFourierd ik

fe(w) = fo(x)e —iw'x gy

(Zﬂ)d R4
#E
G =inf | L+ IWDIf(Wldw < e

Ho|lw| = sup |wlx| - EEERMERERELRKp - ABA
X€N

FHETENDINAEMEMLS F(x) - FARE fRIE
LU e

CZ
IFG) = F@IP, ) <7

14
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> FEPEIE AR IR
MM(z) = Wz + b

> HREEEER
Res(z) = z+ c(MM(c(MM (2))) ODE#Z¥

+X

MLP(x)
t -

: MMW[T]'b[r] ) Res I\le‘t's (X)
T

Layerr —1 Layer i [ Res ] +
7 J e : F ,
H e, H n E

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

[ Res

[ Layer 1 ] ............................................ [ Res ] _

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

16
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> Y3—1E(Layer normalization)/= :

Z1 — H
o
Zz_‘a T"EZ' nl Z._"Z
LN-5(z) = P = ‘7—;‘ G = Zl—l(nll i)
5 \
Zm_.ﬁ
o

LN(z) = B _+ YLN —_S (2)

- REAZ#(scaling-invariant):
LN(MMgyy 4p(2)) = LN(MMy, ,(2))
-gYaA—1EE - B E—1EE ( ERUERE ZE )

17



18 22 W 255 TR Y 15 3R

4 | 9| 2

5| 6 | 2

2 | 4|5

5| 6|5 | 4|78
5 | 7| 7|9 | 2

5| 8| 5|3 ]|8]| 4
n,xn,xn.= 6x6x3

H

W

Filter Result

Parameters: .

Size: f=3 2| = d P
#channels: n,=3 -l +
Stride: s=1 ol
Padding: p=o0

18
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> TR R

: / I 'Mm —
8% Wl l”"”Hl
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> EEHLEI(Attention)

f)ﬁaﬁf_’;%%%,u ( encoder states ) xq,x,,--+, %, € R¢
RIS RS ( decoderstates) h € R°

2.
Y5 .

[=<x,h>x+< x,h>x, + - +<x,,h > x,

HEEBRRE MARBRASOARNY:
score(h, x;)

ERTNE

exp(score (h, xl-))

a; =
l r exp(score(h, xl-))

i, f=a1x; +azx, + -+ ayxy 20



A8 22 [ 225 0P B A SR
> BIEE A& (Attention)

miBas RS (encoderstates ) xq,x,,+, %, € RC

&8 (query): qg; = Wix; (W2 € R™*)
# (key): k; = Wkx; (Wk € Rm*¢)
18 (value): v, = WVx; (WY € R™*¢)
MR M (alignment\score):
o = A kj o exp(e;;)
T Vd T Xfiexp(ey)
M )

Attention(q, k,v); = z a;jv

J=1
21



hy = h, =9 h, —P h, » 5, — Transformer Encoder

, A .
comzznz 11 11 [ (D—

we are eating bread Norm I

Vision Transformer (ViT)

[ Multi-Head |

MLP | Attention
Head \ *_f_‘
. Norm

Transformer Encoder

[l 5 8 38

D Embedded

| Patches
- dddddddddd

* Extra learnable
[class] embedding Linear Projection of Flattened Patches

i [T [ ]| ||
'?:""\ EWE

—

22
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19516

> Pl

dims = [4096] * 7
hs = []
X = np.random.randn(16,dims[@])

for n_in, n_out in zip(dims[:-1], dims[1:]):
W = 0.05%np.random.randn(n_in, n_out)
X = np.tanh(x.dot(W))
hs.append(x)

20000 A

15000 -

10000 A

5000 A

24



19516

> Pl

dims = [4096] * 7

hs = []

X = np.random.randn(16,dims[0])

for n_in, n_out in zip(dims[:-1], dims[1:]):
W = 0.01xnp.random.randn(n_in, n_out)
X = np.tanh(x.dot(W))
hs.append(x)

10000 A
7500
5000 +
2500 +

25



19516

> Xavier#J4a1E

ERy =Wz R W;; ~N(0,w?)

, 1
Covly;] = njpw® x Cov [z;] = w = N
MRBEREAReLU - BBy =o(Wz) - RIXW;; ~
N(0,w?)
1
Covly;] = =njw* X Cov[z;] > w = —
2 Nin

2

26



19516

> Pl

dims = [4096] * 7

hs = []

X = np.random.randn(16,dims [0])

for n_in, n_out in zip(dims[:-1], dims[1:]1):
W = np.random.randn(n_in, n_out) / np.sqrt(n_in)
X = np.tanh(x.dot(W))
hs.append(x)

27



SIS

> gETU AN

r(x,v,z) = z?(x* + y)?
u = x*

v=u-+t+y

W = zu

r = w?

(x,y,2z) = (1,2,4)

/‘/,/_‘\\\\ 1
(1 —{ o
\'\\__// J

\2/ - | — - r=144 |

7

G it

28



SIS

> BETLAEMN
r(x,y,2) = z2°(x* + y)*

Ju
u = x* P 2X
ov v
vEuty 5, =1 5 =1
W= zu ow Z ow U
%u - 9z
T
r=w? Pyl 2W
e w
@ 3
| ox/or 4—( ou/ox=2x I«
<) |
o oviou=1 |
ev/oy=u |
&
Bwlov =
\ Oylor [« L 8w/62=3 H or/ow =2w }
- £,
f\ 0z/or /}<
N 4

29



SIS

> gETU AN

fC;0)=frofiqo o f1(x)

oA 14 2 I 45 P RVIRE (IR SRER BUS R S) - LA
RENNSEERSE - @oJLE 0(1) BN
SR - WRf(x; ORNEZRERN OWN) - BBAE
Vof (x;0) NEZREMA ON) -

30



FECATAIE

> IEER=T)

/MBI FIRZEKEL
1 . . 1
_ (Q) (i) — _ B Ay
J©) =) JD©) OO =5 (F(5:0) = )’

j=1

0:=0—aVyJ()
=0-a ) VD)
2

31



19516

> BEANLTEE N PRIA
i’]’jﬂﬂ ( THE ) M{1,2 - n}PEEB LA
J1,J2 0 JB

6:=0— aﬁz Vy] UK (6)

BRE{1,2---n} 2 RkHEB,, B, -+ By,
0:=60—a Z VoJP() j=1,2,k

lEBj

32



FECATAIE

- MR EBSRAR - MR REE— A?’iﬂt*ﬂ:?ﬁ'
R MES—1THELEERE  cElE

R

- B R A B ER R/ AR

33
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FECATAIE

> T2 B

Vier1 = X + L — Xp—1)
Xk+1 = Yk — aVf(xy)

Vier1 = Xk + B — Xp—1)
Xk+1 = Y — aVf(yx)

35



FECATAIE

> TR EHN

—— SGD+Momentum

= Nesterov

36



FECATAIE

> TR EHN

dxy = Vf(xk)
grad?,, = grads,; + dxy - dx

a

\/gradi+1+10—7

dxk

Xk+1 — Yk —

dx; = Vf(xg)
grad,, = fgradi,, + (1 — B)dx; - dx;
Xk+1 = Yk — - dxy,

\[gradi+1+10—7
37



FECATAIE

> TR EHN

dxy = Vf(xx)
Skrq = Sk +dxy - dxy

a

e+l = X T dxp
Jsk+1+10_7
dgck = Vf(zxk)
Sic+1 = Bsic + (1 = f)dxy - dxy
a
Xk+1 = Xk — - dxy
\/sk+1+10—7

38



FECATAIE

> TR EHN

—— SGD+Momentum

= RMSProp

39



FECATAIE

dx; = Vf(xg)
Vi1 = Brvk + (1 — By)dxy
Sk+1 = BaSk + (1 — Bo)dxy, - dxy

REFLE :
i]\ _ vk+1 § . Sk+1
k+1 = k+1 Sl o
1 — ﬁl 1 o ﬁz
a N
Xp+1 = Xk Vk+1

) V3k41 + 1077

gj%[lgl =09 B, = 0.999 1«

40



FECATAIE

> F Y EREaRIE

A | 4 Loss ,
loss | Learning rate decay!
low learning rate
high learning rate \
good learning rate
>
epoch -

Epoch

41



FECATAIE

model loss

— ftrain

— valid
0.6 1

0.5 1

0.4

loss

0.3 4

0.2

0.1 4

0.0

epoch

42



FECATAIE

L,1

L1

: IENIME
J(8) =](8) + AR(0)
- J{E(weight decay) :
R(6) = %67
CME
R(0) = X |6;]

o M4 W 25 (Elastic net) :

R(6) = BX6; + X164

43
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FOO G

> JINGE . EFA(Dropout)

- Ul ZRRVEHE(B— 11

R (batch)) - DAEER1 — pBEA|,

MEZERN—ERE - F
- R 7 2 MRE

FEE R 1 /p

44



FECATAIE

> JINGE . EFA(Dropout)

} 7 £ e T S SO hichar = loce dAvonn
p = 0.5 # probability of keeping a unit active. higher = less dropout

def train_step(X):
# forward pass for example 3-layer neural network
H1 = np.maximum(®, np.dot(Wl, X) + bl)
Ul = (np.random.rand(*Hl.shape) < p) / p # first dropout mask. Notice
H1 *= Ul # drop!
H2 = np.maximum(©, np.dot(W2, H1l) + b2)
U2 = (np.random.rand(*H2.shape) < p) / p # second dropout mask. Notice /p!
H2 *= U2 # drop!
out = np.dot(W3, H2) + b3

~ompbute aradients (fnot shown)
compute jraaients. .. not snown)

# perform - Ul ... (not shown) N L e
def predict(X): / /)rl\lJ -L:_Et HT_I- 1% TT.'-K/Z\
# ensembled forward pass

H1 = np.maximum(©, np.dot(Wl, X) + bl) # no scaling necessary
H2 = np.maximum(©, np.dot(W2, H1) + b2)
out = np.dot(W3, H2) + b3

45



> SR

HrIHECS2311R %
cs231n.stanford.edu/slides/2017/cs231n 2017 lecture?.pdf

Cybenko, George. "Approximation by superpositions of a sigmoidal
function." Mathematics of control, signals and systems 2, no. 4 (1989): 303-
314.

Hornik, Kurt. "Approximation capabilities of multilayer feedforward
networks." Neural networks 4, no. 2 (1991): 251-257.

Jones, Lee K. "A simple lemma on greedy approximation in Hilbert space
and convergence rates for projection pursuit regression and neural network
training." The annals of Statistics (1992): 608-613.

Barron, Andrew R. "Universal approximation bounds for superpositions of a
sigmoidal function." IEEE Transactions on Information theory 39, no. 3
(1993): 930-945.

AETREZEHCST26R % : Lecture 9-10: Accelerated Gradient Descent 46



https://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
https://pages.cs.wisc.edu/~yudongchen/cs726_sp23/Lecture_9_10_accelerated_GD.pdf
https://pages.cs.wisc.edu/~yudongchen/cs726_sp23/Lecture_9_10_accelerated_GD.pdf

18 22 [ 225 P AR BR

> Batch normalization &1
z — E|Z]

BN (z) = \/Var[z] + €

BN(z) = B +y © BN-S(2)

47
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