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Section 1

Neuron
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Neuron Structure

Figure 1: BBV LEN
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Neuron Structure
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a=f(z)

o B, w = [wy,wy, .., wy] € RY B d £IINEAS, b € R 2HE,
o JEMEER f(.) MABBEHES (Activation Function)
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Common Activation Functions

Section 2

Common Activation Functions
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Sigmoid

© MimiEH]
@ Logistic Function

@ Tanh Function

exp(x) — exp(—7)

tanh(z) = exp(x) + exp(—x)

o Tanh AILIEERMAHFHE Logistic, EEHA (-1,1).
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Common Activation Functions

Sigmoid
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Figure 2: Logistic &##1 Tanh &k
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Hard Sigmoid

o exp() WRBUHBERRA
o 3t Logistic REE 0 MEEM—MRESEF
g;(x) =~ o(0) +x x o’(0)
=0.252 + 0.5

o ULEIBIUAS I hard — logistic(x) FiEM:

1 g(z) =1
hard —logistic(x) =4 ¢, 0<g(zx) <1
0 g(z)<0

= max (min (g;(x),1),0)
= max(min(0.25z 4+ 0.5,1),0)
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Hard Sigmoid
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Figure 3: Hard Sigmoid ZU#5EREL
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Rectified Linear Unit (ReLU)!

o tt Sigmoid HEHABEIFMHHE, K2 50% WHETATFRERS
o x>0 HS#HAN 1, —EREEBEBERKAE

z >0
ReLU(JJ):{ 0 z<0

= max(0, )
A, ReLU(z) = 1(z > 0)

@ Dying ReLU Problem: MIREMERLT (e.g. KNHEEEHSH ReLU B9
BWMNNINF 0), BomA W &2 ReLU ®#kgeS2— 0 (ReLU is close) ,
BoaREEERN, W —REBFERDRAEEEHESIER.

!Nair and Hinton (2010)
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ReLU Variant?

4
3
e Re LU
== Leaky ReLU
----ELU
2
Softplus
1
-4 -2 7 2 4
____________ _‘/"’—
e -1

Figure 4: ReLU. Leaky ReLU. ELU L% Softplus &%t

2Maas (2013); Clevert, Unterthiner, and Hochreiter (2015); Dugas et al. (2000)
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Network Architectures

Section 3

Network Architectures
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Network Architecture

o HIIRML
o FEMRBMERESR, BIMKNERIE—AEERE, FREEE
o DEEFIRML. HEMMEML (CNN)
o IZIZML
o TMERILUZEWHERETMIESR, HALUZWBECHNHRER
o EIFMEZML (RNN). Hopfield ML, B/REZEH (Boltzmann Machine).
ZRIZREEN (RBM)
o EML
o MMBEILIMMVEUEE (RIRENE. HRZWE. 5FME)
o BB MRHH—IR—EAMETHM. TRZEINEZAUZEREN, WL
REAEM, SMTHRAUKEIREBSTASEEZNER.
o EIEMMEML (GCN). Graph Attention Networks (GAT). Message
Passing Neural Network (MPNN)

Neural Network Basis November 29, 2019 14 /39



Network Architectures

Network Architectures
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Figure 5: =M RREHIMKZLEIDTH
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Network Architectures

Universal Approximation Theorem?

A feed-forward network with a single hidden layer containing a
finite number of neurons can approximate continuous functions on

compact subsets of R, under mild assumptions on the activation
function.

3Hornik, Stinchcombe, and White (1989)
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Feedforward Neural Network (FNN)

all = f, (z0) = f, (WO . =) 1)

T = (Z(O) — Z(l) — a(l) — 2(2) U a(L_l) N z(L) — a(L) — QS(ZI?, W,(

LN Faitz Fak = it )=

Figure 6: ZERiIFHEME

Neural Network Basis November 29, 2019 17 /39



Back Propagation

Section 4

Back Propagation
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Back Propagation

Review and Notation

o #WETHE (Gradient Descent)

e BGD. SGD. MBGD
o SGD Variant: SAG. SVRG. 0OCO, etc.

o FFSitEA
o L: RREEZMBHRLE;
o mW: RRE | BHAETHMNE;
o fi(): BRE | BRATHBERL;
o WW g Rm"xm!™ s semas || 2% | RENEIER;
o b e R™: 2RE 1 — 1 BEE | RMRBT;
o 2 e RM: RFRE | BHETHIEN;
o all) € R™': RRE | BrETTHst;
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Back Propagation

Loss Function

o MBFEAXIBRERS, MTFHE (v,y), EREREN:

L(y,y) = —yT log ¥

Zz (5,5 ) + SAIWIE
(1) g (-1)

Wi = Zmz S ()’

i=1 j=1
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Back Propagation

Gradiant Descend

OR(W,b)
U] ) _ 2N 7
W «— W « BTG
(n) #(n)
1 (9L (y Y )
_ () _ @)
w « ( ; ( ETi0) + \W
b(l> b(l> _ aa‘W(VX)’ b)
ob
n (n)
o liM(y( L)
N n=1 ab(l)
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Back Propagation

Gradiant Descend

o i | Bhwysy WU 1 bl tERSH:

0L(y,y) 0219 0L(y, )
oul) ~ oul) 050

0L(y,y) 929 0L(y.7)
8b(l) 8b<l) o2
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Back Propagation

Partial Derivative 1

oﬁ%ﬁv&a(l,lhzﬂ

020 [ 8z§l) 8251)
() 1] 1]
_0 0 (w(l)a( D4 b(l))
- I Y Y awil)
_ (1-1)
- [Oa Ty aj P 0]
) O]

e ——
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Back Propagation

Partial Derivative 2

o itmmeM 220, @H 0 = WhaV b0, mem

920

m®sem®
250 €R

=1

m)

o ke#£:y mW « m) poEsEmE,
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Back Propagation

Partial Derivative 3

o itamsH 254 2 50

o XMERTE | BMETWRLINKNETI (RMEE), HRIRTRLIREINE
| BHETHREEE, Rit—RHAE | Be2anigsn, B o0 kxr.

o 1RiE Z<l+1) = W(l+1> @) + b(l+1 5 8z”1) o (W(l+1)>T
o RiE o) = [, (21), ' fi(.) rﬁ,ﬂ.ﬁu%ﬁ;a, Rt

dalV  0f; (z(l))
920 9z
g (1 ()
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Partial Derivative 3

o RIEHETVAN, 8B | BENRETS

s 94y, 9)
920
_ 04 90D 94(y,9)
T 920 9a0 90D
= diag (f/ (2V)) - (W(l+1))T L §U+1)

— (=)o ((W L) 5(l+1)>

o Hif O BMENSREREN, RS THRENR;

o ERRMEEEE: £ | BN—THETHIREDN (HHWBN) BRESRME
TOHEENE | + 1 BRRETHIRETENEN,. RGBT LIZHETHEREK
AYIEE.

Neural Network Basis November 29, 2019 26 /39



Back Propagation

Partial Derivative

o WHH EE=MESMZE, RERHN—MUE w)) ORERTUSH

0L(y.9) _ (a(””) 50
w @ ¢

ij

oE¢59@“”ﬁ§$ﬁ§&”ﬂﬁ%dkﬂm%ﬁm%{u}¢ﬁ§,ﬂﬁ
ERHE—HER

0L(y, Y
ow

j

o208 o
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Gradient

o L(y,y) %FE | Bixg WU mgEn:
0L(y, ) D (=1 T
WD = 50 (a( 1))

o L(y,7) *F% | BRim b\ wrEN:

0£(1.3) _ s
ab(l)
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Back Propagation

BE 4.1 (0T SR AL BR A BHLES BT B VI 2R B

BN WD = {(@™, y™)I_ ) RIFHE Y, 2% 5% o, ENL RS

N, W4 28 L, # 2 ek m®, 1 <1< L.

1 BbLRIAG e Wb ;

2 repeat

10

11

13

XTUIZREE D (I REA BT HE T

forn=1---N do

M D HPEIREA (2™, y™);

AT — 2R 2O RS o O, BRIBE— 2

R R T A R R 605 /1 x3 (4.63)
/] TEE-EHEHETRH

Vi, LZ:W}%) = 60 (alt-D)r, /1 > (4.68)
vi, 2L _ 0, /1 X% (4.69)
/1 EFs¥k

WO « WO — (6O (at-D)r 4 AWD);
bD — b® — as®;

end

until # 42 R A5 £ B IER Y ER R R R BT
it Wb

Figure 7: REfZHBEE
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Regularization

Section 5

Regularization
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Regularization

Regularization

o JIFHIEE LNE KN R/ MEFIER RS2 H EVHREE R H R —
o MEMEHINSEENIEREE, HEIFKEIE LEIREFEFETLIEEIFER,
HEEOLE 0, NMSBEE
o IENMk: RENERIEHRE
o EHMEI¥S: (1,12 EN
o REMEML. AT IESRIUMIAM (over-parameterization) , —RRfERLIE
138 (Data Augmentation). XE=RF (Weight Decay). Z#ifZ1E (Early
Stop). &FFi% (Dropout) &
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Weight Decay’

o EBRBYUEM, SIN—TREREK

0, (1—w)d,_, —ag,

o TEMRAERIPENIRE TS, WERMEMNKM (2 ENEHMRER. Hlt, XE
RRE—LEREFIERPET [2 ENURSEN. B, ERAERNMASE
(kb Adam) wh, WEZREA 12 ENKHFZEN,

*Loshchilov and Hutter (2017)
®Hanson and Pratt (1988)
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Early Stop

o TEERMBE THIEHITMME, BATAIUER—MIINAEIMINEARES, R

HIITFE (Validation Set), HERIFLE FAEISRABIBEEIZ,
o LIOIFE FMEIRERE TR, fELERS,

6
Prechelt (1998)
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Dropout

o WilE—NREMERMAN, RITTUBNEE—BowET (RANEE XM
BORERED) SOBHEEINAT

o MF—ERE y = f(Wa +b), BRITELEIN—AEERHK d(-), #3
y = f(Wd(z)+b). EH&H d(-) BWEXH

| mOx Training Set
d(z) = { pT Test Set

o Him € {0,1}? 2EF#HM (Dropout Mask), @3 LUEEER p BIASEF
PERENE R

"Srivastava et al. (2014); Wan et al. (2013)
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Dropout

o XFIREMENHET, HEFXK p = 0.5 BMRRY

o WFHABHHET, HEFXERERNERE 1 9%, ERBAZUFIZAK

o EFE—MEHNEHETHITHNNES, ALY REXIHETZ BINERHTT
BNER, E—RHITHNER

S B FETE IR R 1 2

Figure 8: EFETREI

Neural Network Basis November 29, 2019 35/39



Regularization

Two Explanations for Dropout

o ERFSIIfE
o BH—RER, HUTNEBHIRNEHREEH—NFRE, MBE—MEEZFEE
n MBETT, BABEITLUREL 27 M FRL,
o MMtEsSIfmES
o MMHEESISEESH 0 HHNAE, HEERSHH ¢(0), MHEAENTRNN

Eyoly) = [ Fi0)a(0)do ~ 1> (0.0,

o Hep f(x,0,,) NE m REBERFHEEHME, HBH 0, ISR 0
E"J_;R;i—é*éﬁo

8Gal and Ghahramani (2016)
Neural Network Basis November 29, 2019 36/39



Regularization

Data Augmentation

o EHIRERMRWIBERT, JLUBTHIEILEKIZINIIES, IRSEMERY, B
PUED Y=
o FECHEEGLER, WEGHTHEDT, SINRESEAERIGMIIBENZHEMLE,
o fiEd% (rotation). EA% (flip). 48HK (scale). #BJ (crop). F# (translation).
g (noise) ?

°https://medium.com/nanonets/nanonets-how-to-use-deep-learning-when-you-
have-limited-data-f68cOb512cab
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