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y = f(x; 0)

A three-lay

Input
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Hidden

or, feed-forward network,

PN

Output

f(z) = fO (FO (FD(a)))
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h= fU)(x; W, ¢)

y=f@(h;w,b)

fla; W, e,w,b) = fA(fD(x))

0%0@ O

—w' max{0,W 'z +c} +0b.
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The Rectified Linear Activation Function
|

g(z) = max{0, z}
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0
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a(x)

z <0: hi =g(z,a); = max(0,z;) + a;min(0, z;)
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a; = 0.01 Leaky RelLU

a E]FEIE#, Parametric ReLU
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for:=1,...,n;do
wl® H%ﬁyﬂmm: TR X
end for

for:=n; +1,...,ndo

AD {4 | j e Pa(u®)} [|its mnra o s
. : : ;.
W0 §0(A0) N
end for 2
return u™ E
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Run forward propagation (Algorithm 6.1 for this example) to obtain the activa-
tions of the network
Initialize grad_table, a data structure that will store the derivatives that have

been computed. The entry grad_table[u(i)] will store the computed value of
Ou ™)

grad table[du™] « 1

for j =n — 1 down to 1|do

Hu ()

Au (1) Ggli)

The next line computes ' = Do jePa(u®) 5ali 5y Gy USING stored values:
‘ ) Qu ()
grad table[ul)] « Zi:jepa(u (1)) grad_table[ul?) 5
end for
return {grad table[u')] |i=1,...,n;)}
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WHO INVENTED THE REVERSE MODE OF DIFFERENTIATION?
ANDREAS GRIE‘WANK

Seppo Linnainmaa (Lin76) of Helsinki says the idea came to him on a sunny
afternoon in a Copenha ark in 1970. He used it as a tool for estimating
the effects ithmetic rounding errors®n the results of complex expressions.
Gerardi Ostrowski 1) discovered and used it some five years earlier in the
context of certain process models in chemical engineering. #¥ere and throughout

references that are not listed in the present bibliography are noted in paren-
theses and can be found in the book [7].

Also in the sixties Hachtel et al. [6] considered tfe_optimization of electronic>
circuits using the costate equation of initial value problems and its discretiza-
tions to compute gradients in the reverse mode for explicitly time-dependent
problems. Here we see, possibly for the first time, the close connection between
the reverse mode of discrete evaluation procedures and continuous adjoints of
differential equations. In the 1970s Iri analyzed the properties of dual and
adjoint networks. In the 1980s he became one of the key researchers on the
reverse mode.

IR IR RAR, ARG TFAIUI L
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VR FEE I i X 2%

Require: Network depth, [
Require: W) j ¢ {1,...,1}, the weight matrices of the model
Require: b(i),i € {1,...,l}, the bias parameters of the model
Require: x, the input to process
Require: vy, the target output

h0 =g

end for
g = h\V)
J = L(y,y) + X2(0)
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(IREED ks ( BP ) HiXk

After the forward compLﬂation, compute the gradient on the output layer:

g« V] =VyL(g,y) ||M&)n— 20
for k=10,l—1,...,1do
Convert the gradient on the layer’s output into a gradient into the pre-
nonlinearity activation (cl]:cnt—wisc multiplication if f is element-wise):
)

g+ Vawd =g 0 f(@PWWEARZERS, 2T HEIRE R HOZ .
Compute gradients on weights and biases (including the regularization term,
where needed):
Viwd =g+ AV Q(0)
VwenJ=ghF DT LAV 50Q(0)
Propagate the gradients w.r.t. the next lower-level hidden layer’s activations:
g < Vypxk-1J = wkT g
end for

1 5 3 %3 3 0z 0z Oy Oz
p) 4 2 x4 8 ow Oy Ox Ow
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op.bprop(inputs, X, G) = Z (Vxop.f(inputs);) G;

1

Z/=X.X path]l/ mul \ path2

Oz  Ox o
— = —x+xr— =21

0X Oz Oz
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1940s 41 51 Rumelhart et al.
Minsky 1986

AR

BEATRI
1600s
B
1800s

R 2llZx DBN T
Hinton, 2006 EE N

Feedforward networks can be seen as efficient nonlinear function approximators

based on using gradient descent to minimize the error in a function approximation.
From this point of view, the modern feedforward network is the culmination of
centuries of progress on the general function approximation task.
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Number of training examples

CSRC-2017



RS2 T AR AL
R FE 27 53 TR TR 53 00 77 Y GE R A
ERLT7 i

R il Z WUBE VE
21 H bR R EHT I 5
ALPNRYSIEEZE vE

CUR BE 2 ST I ROR SE AR KD

CSRC-2017



A HIAE

1E 4k,
JEENEN AL ] A L Cmmm— o A
RIUE (GEES= e PUE S
/N
Underfitting Appropriate weight decay Overfitting
(Excessive \) (Medium \) (A —0)
o®
@ L]
Ty Lo ]

CSRC-2017



oAk B br: a2 ph %l

J(60; X,y) = J(0; X,y) + aQ(6)?

/)N ey L(Y, f(X)) = i[}— X))
XFFIMENL (SVM) L(y) = max(0,1 — yg),y = +1
l /1
(HEMN ) BEomse > ey flat) — il
g(lﬁ\g%lboosgt%)jz_‘l Ly, f\z)) = — 2—1: Xp|—yif(z;)]
- ole)y = Jlog(l+exp{—f(z)}) y=
1% 4 [n] I L{y, P(Y = y|z)) { log(1 + exp{flx)}) .y=10
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i1=1
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£x/)MY LO SEEk! >NP ¥l )
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s(A)=|l Al || A7

Ridge Regression

equations solution equations solution .
PR o I o il i85 [1 2] __r_=_4:| ]—'_'z} E&%
2 3999y | [7.999] L._""_lJ 2 3fy] 17 y) 1
1 2 [x] [4.001] A ros9091 |1 2|[*]L 4“”‘} _-‘_:_"999} Weight decay
2 3.99]| ™| 7.998] L_=_ 4_{]{]{]] 2 3]|y] |7.001 | y] | 1.001
[1.001 2.0017[ x 4 x 3.994 1.001 2.001 l’4 [x] '2.[]{]3'[
2,001 3.998 [1] [?.uuu] L-}:{n_nmssx} [ 2.001 'H}i}i“ }LT] | 0997 |
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M2 ( hyperparameter ) % #%

w” = arg min >_: L(y,, f(x;w)) + A2 w)

l
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J(w; X, y) = af||w|ji + J(w; X, y)

|

Ve J(w: X, y) = asign(w) + Ve (X, y; w)
ﬂ L
j(’bU;ij) — J(w*;X,y) —|—Z [%Hz*z(wz —w:‘)z —I—(I’LUZ':|

w; = sign(w;) max{ w; | — - ,O}

w; >0 w < g mmp uy = 0wt
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Learning curves
| | | ]

— Training set loss ‘\‘

0.15}H ——  Validation set los

Loss (negative log likelihood)

0.00

0 510 100 150 200 25(
Time (epochs)

i YN
=]

ke b R R4 b A R E— A
JRy s /IME I A 5 1L

CSRC-2017




CNN :
IR Y ——ﬁﬁﬁjﬁd\ fOpuRsErs
2 TR A A A

CSRC-2017



ISENS ICI

B E Rm)(ﬂ

CSRC-2017




bootstrap aggregating
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dropout

(b) After applying dropout.

Net
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w/ 57.7% w/ 8.2% w/ 99.3 %

confidence confidence confidence

f(ﬂjm,y) =aJ(0,z,y) + (1 — a)J(0,z + esign(V.J(6,x,y)))

CSRC-2017



A RO P A 2% iR

N2 G . iR
HIRINLE D . IELHL

PR AR 531 (5] 20 )1 Sk s
AR
rE—> K%

=i B

L b

CSRC-2017



I\l‘

N BIENNLE

fIlis 7 A48

this small bird has
a vellow breast,

brown crown, and
black superciliary

an all black bird
with a distinet
thick, rounded hill.

GT

GAN

GAN - CLS

GAN-INT "y

CSRC-2017

X 2% -

R

a tiny bird, with a
tiny beak, tarsus and
feet, a blue crown,
blue coverts, and
blac k chc:tk




14 ,ﬁé—‘l ) ;Flzl/fj[/f/t

i Cx,y ) SRIFT E S MEZR 57941 PR
M g AL 0] s 5 DU il s i o
“ERZ]T CRISRIZE O,

CSRC-2017



e WFRIRFE BN o

X Fh 77K

=]
e

AN
-

oy

He

“ B

{51 B s

“ 227 SR SNSRI EEAN A
MEZETEE L, TR B SGRZE RN, 1A

T4

CSRC-2017

GRS

) A



minibatch FIFENLER,

1.

3 .

7(6)

= Ex yvrpaaca 10€ Pmodel (T, Y;

T

0)

VE}J(H) — EI;}’NI}datavﬂ lﬂgpmudel (EII,, Y; 9)

T

SE(fim) = \ ‘xfaur[%1 >l =j—@
=1

minibatch & %I & /] !
2 . AT B WNAE

batc

=K

nsize Al learning rate 1

==
SEgN

¥gmjﬁi%ﬁc-2017



Hessian FEFE A1 261

B SERETOUCBICER I+ oo e o

0% f o f

8$% 3$1 8932
0 f & f
Oy Oz Oz
o f &f

| Oz, O0x1  Oxy, Oxo

L T P T o

CSRC-2017




l

7 A Hessian #0 &

1
SEIPS L ‘g' Hg —eg'g

16 1.0
14 | P 0.9 .
12 | £ 0.8 =
E 10f 8 0.7 .
b= g ;
= S - 0.6 =
QL i =1 -
._g 6 B 0.5
55 4 _a:;‘ 0.4 -
2 | 2 0.3 .
)= O 0.2 .
_2 | | ] | | 01 |
—50 0 50 100 150 200 250 0 50 100 150 200 250

Training time (epochs) Training time (epochs)

CSRC-2017



IEREY S UN S
ey T | Ty K o ¢

1. el E & Rtk IME;

2 . NN #H\ K=1 Rtk ME ;

3. KR E, Rk MEA RSB

4 . SR IMERT M) cost func BOR, A

Sy 1x il 1) 7l s

CSRC-2017



FEE n BIEG0, % N
s kT e, 10 R R

CSRC-2017



B 2 JOE

B

SR

—_

W=W1*W2*W3......

CSRC-2017

J(w,b)



ek (SO BRENIEEETH S

f—;l = og'(21) X W2 X' (22) X W3 X ¢'(23) X Wa X 0'(24) X

el

ac
Hag

wo //‘\\ wa wy /‘\
% R ° S

B 3.3.1: ZEBRMETME

el #
& eap(-p1 + axpl-x))*2 L}
0.8 o
0.8
0.7
0.6 [
Nos =
b *
0.4} .
0.3 .
0.2 i
0.1
0 .
&n) 5 5 10

0
Z

E 332 BERHEESH a=aEaa

CSRC-2017



HHLER T Pk

Algorithm 8.1 Stochastic gradient descent (SGD) update at training iteration k

Require: Learning ra i
Require: Initial parameter6 TRl !

while stopping criterion not met do
Sample a minibatch of m examples from the training set {zV), ... x (™} with
corresponding targets y(%).
Compute gradient estimate: g + +%Lv 0> . L(f(x®:0),y")
Apply update: 8 + 0 —€eg
end while

er = (1 — a)ey + aer

1. e @ENe B91%; (s MRUGEIHTH I
2. g BTREEHRTE; gﬁﬁﬁﬁﬁwm;
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Algorithm 8.2 Stochastic gradient descent (SGD) with momentum

Require: Learning rate €, momentum parameter c.
Require: Initial parameter @, initial velocity v.
while stopping criterion not met do
Sample a minibatch of m examples from the training set {:1:(1), U ('m')} with
corresponding targets y(i). N
Compute gradient estimate: g + é Vo _, L(f(x";0),49)
Compute velocity update: v + av — €g )
Apply update: 8 <+ 6 +v ol
end while '3030\‘20 e
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Algorithm 8.3 Stochastic gradient descent (SGD) with Nesterov momentum

Require: Learning rate e, momentum parameter q.
Require: Initial parameter 0, initial velocity v.
while stopping criterion not met do
Sample a minibatch of m examples from the training set {1, ... = (™} with
corresponding labels y(i)
Apply interim updatd, 6 < @ —|— oV
Compute gradient (at infeTi T g +— n}bvg > L(f (@); 9),y )
Compute velocity update: v < av — eg
Apply update: 8 « 6@ + v
end while

gﬁ%ﬁf ST BRSSP EAT SO, T BEALER T VTG
i
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Algorithm 8.4 The AdaGrad algorithm

Require: Global learning rate e
Require: Initial parameter 6
Require: Small constant §, perhaps 10 =7, for numerical stability
Initialize gradient accumulation variable » = 0
while stopping criterion not met do
Sample a minibatch of m examples from the training set {xV), ... x ™} wit]
corresponding targets y(¥.
Compute gradient: g < T—ng > L(f(x;8),y®)
Accumulate squared gradient: r <~ r+g®© g

€

Compute update: Af < —= - ® g. (Division and square root appliec

element-wise)
Apply update: 0 < 6 + AO

end while

& i id
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Algorithm 8.5 The RMSProp algorithm

Require: Global learning rate e, decay rate p.

Require: Initial parameter 0

Require: Small constant §, usually 107°, used to stabilize division by small
numbers.

Initialize accumulation variables » = 0

while stopping criterion not met do
Sample a minibatch of m examples from the training set {21, ... = ™} with
corresponding targets y(z).
Compute gradient: g <+ T—]]:LVQ > L(f(x%;0),y®)
Accumulate squared gradient: r + pr + (1 —p)g© g
Compute parameter update: A@ = —ﬁﬂ ©g. (\/5—1? applied element-wise)
Apply update: 8 +— 0 + A8

end while

&M ARSI
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Algorithm 8.6 RMSProp algorithm with Nesterov momentum

Require: Global learning rate €, decay rate p, momentum coefficient .
Require: Initial parameter 0, initial velocity v.
Initialize accumulation variable r = 0
while stopping criterion not met do
Sample a minibatch of m examples from the training set {33(1), R (m)} with
corresponding targets y(i).
Compute interim update: 6 <+ 8 + aw
Compute gradient: g < FILVQ- S L(f(2%);0),y®)
Accumulate gradient: r < pr + (1 —p)g© g
Compute velocity update: v + av — % ©g.
Apply update: 8 « 0 +v
end while

%‘ applied element-wise)
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Algorithm 8.8  Newton’s method with objective  J(0)
Ell Z:ilL(f(a} (Z)S 9)1 y(t))°

Require: Initial parameter 6
Require: Training set of m examples
while stopping criterion not met do
Compute gradient: g + — Vg > L(f 6),y")
Compute Hessian: H + -+ V3 EL L(f m(z ) y®) ﬂ
Compute Hessian inverse: H
Compute update: A = —H 'g
Apply update: 8 = 0 + A
end while

THHEEMRK, O(3)
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