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discriminative p(y|z) generative p(z|y)

p(zly = 0)

y=1 p(zly =1)
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y|lr) = - ]Ly)
p(y|z) =l \y)p(x)

generative NTgEr, HREE
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. ERERI RIS HIBINE . MHEREN,

p(y)
PlyIZ) =PEIY)
(y|z) p( ‘y)p(w)
generative
- HIBNERI RS R
p(x)

p(zly) = p(y\zz’:)p(y)

generative

515550
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+ NEHEBREIEMEE: 2 — f(z) L f(z)

- IRKREE: L(y, f(x))

Ly

- SERRES
. NEESEEESIEISRSTE: T — g(7)
- iiRskEE: L(pg, g(m))
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- IEBHHIEEY (Non-parametric functions)

. SRR NOUMEHIE—NEL (FlRHamasE) MR

(}/(Xl), e 7y(Xn)) ~ Nn(“v z)

« y(-) ExgJfunction



. BT BEUHENE (1) F5E (3)

X ~ N(u,x)

2
y — 01 P120102
— 2
P210102 2

= ()

Cor(Y}, ¥j) = p12 for i # j

* (Univariate) Gaussians:
x~N@Ep=00%=1)

* Multivariate Gaussians:

X = [xl, ...,XD]T

~N(x;p=0pZx=1Ip)




A\

\ ) - O

= [

A



U

NI 2>

SSITP

Pand

A\

« V0 Y, ToR




S/

UD4 D>
@.“Wﬂl
A

—7-5 % 7 sl&ﬁj\ﬁ w::

* Y, 700 Yz*ﬁ?&

Y2
o

-2




1) i

BB SH1EPS




1) i

- AJLIBIERM Y &8 Y,AIHERR

s AR =ABRIZ% =58

AN SZ 43

INAN




1) i

- AJLIBIERM Y &8 Y,AIHERR
« DR = e - E R

l-l
Y= 3=
2=
2- s
Z o0- Y 0
/ I
2=
2=
Y= ol
4




1040

—o=H

gy

s AUBIERM Y, B Y, AUHERT

» AR =B = 2R K




—El%/ﬁﬁj\ﬁ

- AJLAEIERM V1B Vo ROHERT
* BIBRIR =B = BIRKF

LI
Y- .
2-
2-
|-
X 0 .
&
=
2=
2=
Y




1) i

E IR =R =2 IR KA+

l-l
. 3=
2-
2=
'-
X 0 _ 0
\
| -
_2-
2=
-Y = 5=
] 1 ] _L‘ | ] 1 1 1 1
4 2 0] 2 4 6 -4 3 2 | 0 I 2 3 Y




1) i

- AJLIBIERM Y &8 Y,AIHERR
s ALK =A% =2 F, X

Li
i 3 °
2-
2-
'-
S 0
\
| i
D= i
— _2-
Yum 5=
_HI
y 2 0 2 y 6 4 3 2 4 0 1 2 3 1y




E/\

—El%/sl Jj

« AILABIEERM V13 Y, BOHERT

1)
-
o
-
w©
o
o~
>
Q
o
e
o
1
Q
-
I

o

0.0 0.5 1.0 1.5

-1.0 -05




S/

UD4 D>
@.“Wﬂl
A

g ﬁ%—/ sl&ﬁj\ﬁ w::

0 1 0.99 0.98 0.97 0.96 e e
0 0.99 1 0.99 0.98 0.97 S — i — T S <
w = . y=| 0.98 0.99 1 0.99 0.98 W | —==———————
: 0.97 0.98 0.99 1 0.99 — o \
0 0.96 0.97 0.98 0.99 1 e e L R
T —
e e——




o o

1040

/ 1
0.99
0.98
0.97
0.96

0.99

0.99
0.98
0.97

0.98
0.99

0.99
0.98

0.97
0.98
0.99

0.99

0.96
0.97
0.98
0.99

index

S/

)
2
is2

kD)

O

ZUD,




EEMdtE: REEISHhD

« SENMIER W IREHITCIR4ED 1o

(_ i lll p(zy) 1 T k(rx1,z1) k(z1,z2) ... k(zi,zNn) ... _\
fo p(xs2) k(ze,z1) k(x2,z2) ... k(z2,zN) ...
p(f) =N ' ' : : ' :
fN ,u(a:N) k(a:N,azl) k(xN,aig) k(a:N,a:N)




. BT BEUHENE (1) F5E (3)

X ~ N(u, )

* (Univariate) Gaussians:
x~N(x;u=0,0%=1)

* Multivariate Gaussians:
M= ( M1 ) y — ( ‘7% P120102 ) x = [xq, ..., %p]"
— — 2
2 p210102 05 ~N(Gpu=0pZ=1p)

Cor(Y}, ¥j) = p12 for i # j
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y() ~ GP(m(),k(,))
E(y(x)) = m(x) -
Cov(y(x), y(x)) = k(x,x')
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Suppose

y=( " ~ N (g, X)

Y, My

where

1 233 212

= Y =
H (Mz) (221 Zzz)

Then

Yol Yi=y1~ N (u2+ X571 — 1), T22 — T X171 T12)




SRS eaEEE

- MIARNMHENEN, FIFEREEXURIR, £ ARMURS:
oi, | £) = 2B 8 p(E£)

p(f) — [p(f,£)df.

- N s, AT EEEHMRIK:

p(felxs, %, £) = N (k(x,, x) T k(x, x)7If,
(X, Xy) — k(x*,x)Tk(x, x) k(x, X))
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[ f ] ([ 0] [ k(x,x) k(x,x) ]) p(felxs, %, ) :N(k(x*,X)Tk(X,X)_lf,
g |~V

¥

0 || k(Xe,X) Kk(X,X4) k(Xy, Xy) — k(%4 X) T (%, %) 71 e(X, X4

y 0 k(x,x) HoI| k(x,x.)
(s RS )

pfelxe, %, ,0) = N (k(xe, %) (K (x,%) +{o’T)) Ly,
%) (K (%, %) _ K (x,x.))

k(X Xs) — k(x
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[ f ] ([ 0] [ k(x,x) k(x,x) ]) p(felxs, %, ) :N(k(x*,X)Tk(X,X)_lf,
g |~V

¥

0 || k(Xe,X) Kk(X,X4) k(Xy, Xy) — k(%4 X) T (%, %) 71 e(X, X4

y 0 k(x,x) _021 k(x,X,)
[f* ] NN([ 0] ’ [ k(x*,x (X4, X4) ])

pfelxe, %, ,0) = N (k(xe, %) (K (x,%) +{o’T)) Ly,
%) (K (%, %) _ K (x,x.))

k(X Xs) — k(x
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Modelling brain development to detect white matter injury in term and preterm born neonates




SEMSFERIMN FE

SEEERTLY, il

Female
GA 31 weeks
PMA 33 weeks

Male
GA 28 weels

C

GA 36 weelks
PMA 37 weeks

D

Female
GA 4] weels

PMA 42 weeks

Modelling brain development to detect white matter injury in term and preterm born neonates

Lesion
Mask

L

S

p—

SR

GPR
Model

GPR +
Cluster

ROC Curves

o
1~ False Postive Rae
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» ATHZEMEHZAIRIGE

Multi-layered
XOR Perceptron
ADALINE (Backpropagation)
A A
A
Perceptron
Golden Age . Dark Age (“Al Winter”) .

Electronic Brain

1986

1957 1960 1969

1970 1980

D. Rumelhart G Hinton - R. Wlhams

A

V. Vapnik - C. Cortes

Deep Neural Network
(Pretraining)

A

S. McCulloch - W. Pitts F.Rosenblatt ~ B. Widrow - M. Hoff M. Minsky - S. Papert
XAND Y XORY NOT X i .’ o . f o Foward Activity == o
+1 4] -2 +1 +] - 1 Sl || & ‘ ' e e
AR AR I' ®|® O 7T e St
= Learnable Weights and Threshold *» XOR Problem « Solution to nonlinearly separable problems  « Limitations of learning prior knowledge * Hierarchical feature Learning
« Big computation, local optima and overfitting * Kernel function: Human Intervention

= Adjustable Weights
= Weights are not Learned




fEREE ) 23

. WM ZE (Biological Neural Network)

. #1225 (Neuron) : FE{K
« 52 (Axon) : {&iBPz)]
Sl (Synapse) : fHRTTZEUEHRIPE]

- (=€ (Dendrite) : =5%5)]
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» ANTHEREHZEAIRFSE

S. McCulloch - W. Pitts

Perceptron

Dark Age (“Al Winter”)

Multi-layered
Perceptron
(Backpropagation)

A

M. Minsky - S. Papert

XAND Y XORY
+1 +] -2 +1 +#] -
A
X Y +1 X +1

NOT

’o @0

= Adjustable Weights

= Weights are not Learned

* Learnable Weights and Threshold

* XOR Problem

D. Rumelhart G. Hinton - R. Wiliams

Deep Neural Network

A

V. Vapnik - C. Cortes

A

(Pretraining)

Foward Activity =i

<@—— Backward Error

« Solution to nonlinearly separable problems
= Big computation, local optima and overfitting

« Limitations of learning prior knowledge
* Kernel function: Human Intervention

« Hierarchical feature Learning
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REA=R

o REIBFRh(x) = sign(wlx + b)

« Beilleg (Perception)

0.8

0.7 4
. Ll
sign(x)
A
y<> 0
1
0.4 +
3 > -
X =]
0.2 +
1<>
0.1 H +
0 T
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
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« ALREER

S. McCulloch - W. Pitts

Electronic Brain

I EAIRNE SR

Perceptron

Golden Age

Dark Age (“Al Wifiter”)

Deep Neural Network

(Pretraining)
Multi-layered m
Perceptron s ')
(Backpropagation)
A

F. Rosenblatt B. Widrow - M JHoff

XAND Y XORY NOT X
+1 +] -2 +1 +1 - -1
SIR 21L% |
X Y + X Y +1

= Adjustable Weights
= Weights are not Learned

* Learnable Weights and Thresiibld

1970

M. Minsky - S. Papert

+ XOR Problem

1980

D.Ru elhart G Hinton - R. Wiliams V. Vapnik - C. Cortes

Foward Activity =i " .
.

<@—— Backward Error

« Solutioflito nonlinearly separable problems + Limitations of learning prior knowledge
« Big conibutation, local optima and overfitting * Kernel function: Human Intervention

« Hierarchical feature Learning
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=

+ SRS

—1 otherwise

{+1 if (hy(x) = +1and h,(x) = —1) or (hy(x) = —1and h,(x) = +1)
hix) =
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» ATHZEMEHZAIRIGE

Deep Neural Network

(Pretraining)
Multi-layered .
XOR Perceptron |
ADALINE (Backpropagation)

A A

A

Perceptron

Golden Age . DarfliAge (“Al Winter”)

Electronic Brain

1970 1980 1990

D. Rumelhart G Hinton - R. Wiliams

S. McCulloch - W. Pitts

XAND Y XORY NOT X Foward Activity > . % 4
o o SRS e SO
+1 4] 2 +1 4] -1 -1 S B ,
x/ J, \, x/ ‘[, \u | <@—— Backward Error Tl
= Adjustable Weights = Learnable Weights and Threshold *» XOR Problem « Solution to nonlinearly separable problems  « Limitfions of learning prior knowledge * Hierarchical feature Learning

= Weights are not Learned « Big computation, local optima and overfitting * Kerngllfunction: Human Intervention




=Rkgg Multi-Layer Perceptron (MLP)

h(x) = OR (AND(hy(2), ~hy(x) ), AND(—hy (%), hy () )



=Rkgg Multi-Layer Perceptron (MLP)

AND(hy(x), —hy(x))




=Rkgg Multi-Layer Perceptron (MLP)

AND(=hy(x), hy(x))




=Rklzg Multi-Layer Perceptron (MLP)

h(x) = OR (AND(hl(x), —hy(%)), AND(—hy (%), b (x)))

h(x) = sign(sign(sign(wlx) — sign(wlx) — 1.5) +
sign(—sign(w! x) + sign(w}x) — 1.5) + 1.5)
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» ANTHEREHZEAIRFSE

Deep Neural Network
(Pretraining)

Multi-layered m

XOR Perceptron A t
ADALINE (Backpropagation)
A A
A

Perceptron

Golden Age . Dark Age (“Al Winter”)

Electronic Brain

1980 1990

S. McCulloch - W. Pitts F.Rosenblatt ~ B. Widrow - M. Hoff M. Minsky - S. Papert D. Rumelhart G. Hinton - R. Wiliams V. Vapnik - Cfortes

Foward Activity =i - .
.

XAND Y XORY NOT X -“’

+1 +] -2 +1 +]

JIN N |

®

<@—— Backward Error

« Hierarchical feature Learning

= Adjustable Weights = Learnable Weights and Threshold *» XOR Problem « Solution to nonlinearly separable problems + Limitations of learningibrior knowledge
= Weights are not Learned « Big computation, local optima and overfitting * Kernel function: Hum4@ Intervention
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* 0(2): BEGEHRRZL

S BRTRE XY

i}

[
=

sunhi(z)Fe: —ca

cosh(2)  eZte—Z

tanh(z) =

: d tanh(2)
0z

= 1 — tanh(z)?

——sign

084 ——tanh
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- 0(2): EfBEIEREY

Logistic, sigmoid, or soft step

Hyperbolic tangent (tanh)

Rectified linear unit (ReLU)"”’

Gaussian Error Linear Unit (GELU)™!

Softplus'®!

Exponential linear unit (ELU)®!

Leaky rectified linear unit (Leaky ReLU)!""]

Parametric rectified linear unit (PReLU)!'?)

1
o= 1I+e*

T — T
tanh(z) = -
anh(z) i

0 ifz<0
itz

= mar{l. 2} =2l

Lo (5)

= z®(z)
In(1 + €")

alef —1) ifz<0
T ifz>0
with parameter cx

001z ifz<0
x ifzx >0

ifz >0

with parameter cx

ar ifz<0
oy
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- BUEIEHE averl =1 Layer!

p(l-1)
0 _ (). @-~1) 4 )
e = ij-o- andoj —H(Sj )

i=0

£ =
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- BUENERE

* Input: weights W(l), o, W) and a query data point x
- Initialize 0(®) = [1]
X

sFeapl= 1o
- s = WD el-1)

oW =

o)

* Output: hW(l) W@ () = o)




VNI

fEREE ) 23
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- RBMAL: BBETRE

*Input: D = {(x(n),y("))}:ﬂ,n(o)
* Initialize all weights W((Ol)), oy W((OL)) to small, random numbers
andsett =0
- While TERMINATION CRITERION is not satisfied
* For i € shuffle({1,...,N})

‘Forl=1,..,L

. B : (1) (L)
Compute GW = VW (3 :-"'W(t) )

- Update W®: W((tlil) = W((tl)) — @M
*Incrementt:t=t+1

* Qutput: W(%), — W(t)
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- REUUACENLI: REHEHE

b “Input: W, ., W and (x),y D)

* Run forward propagation with x® to get oD, .. ol
- (Optional) Compute £() = (O(L) — y(i))2

- Initialize: 6) = 2 (oiL) - y(i))
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- 1RE

AUCERMSTL: REHERS

*Input: WO, ., W and (x),y D)

* Run forward propagation with x to get oD, ..., 0»
- (Optional) Compute #® = (o) — y(i))z

- Initialize: 81 = 2 (oiL) — y(i))

ol

(1+1) _
9 o H2(+1)

L) — D) 0
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- REUUACENLI: REHEHE

o0 (0L (80
(@) — [ —_ -
d = (ao(l)) © (azm)

- compute 8@ = WD g+ (1-0Y ©oW)

o¢ . W(Z+I)T6(l+1) . d tanh(Z)

Ehcad ] 2
50 = 1 — tanh(z)
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- REUUACENLI: REHEHE

< “lnput: WD, . W@ and (x(i),y(i))

* Run forward propagation with x® to get o, ..., o)
+ (Optional) Compute #() = (o1 — y(i))z
 Initialize: 8 = 2 (oiL) — y(i))
*Forl=L-1,..,1
» Compute 6(1) s W(l+1)T6(l+1) © (1 - O(Z) O O(I))

- Compute G = 6(1)0(1—1)T
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- REUUACENLI: REHEHE

< “nput: W, .., W) and (x(i),y(i))

* Run forward propagation with x() to get o, ..., 0(1)
' (Optional) Compute #() = (o(L) — y(i))z
Initialize: §&) = 2 (09) - y(i))
" Forl=L-1,..,1
- Compute 6§ = w D! g+D) O(1-0Y 0O O(I))

» Compute G = §Wot-1"

- output: G, ..., 6@ the gradients of £ wrt w@, . w@

torch.Tensor.backward

Tensor.backward (gradient=None, retain_graph=None, create_graph=False, inputs=None)
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°
LLIT

g E, FTR&EAI3EMLPE LS {EAIEREL
* Theorem: any function that can be decomposed into

perceptrons can be modelled exactly using a 3-layer MLP

* Any smooth decision boundary can be approximated to an

arbitrary precision using a finite number of perceptrons

+, X ,+
X[Z —JX




« FEZFIHIZEN : more than one layer

Definition [edit]

Deep learning is a class of machine learning algorithms
thatl111(PP199-200) yses multiple layers to progressively extract higher
level features from the raw input. For example, in image processing,
lower layers may identify edges, while higher layers may identify the
concepts relevant to a human such as digits or letters or faces.

'2|§1

R

. ToERBEAISE, FETLUUBEE (A /9ResNet, BN etc...)
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First layer: computes the Second layer: combines
perceptrons’ predictions lower-level components
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- B (CNN) © IMASTURI RIS

- BEWRBEE, BHAEMNEIREER

* NRREHZINEHEX

= A e

=N E=RE=0 =N =
oOlRr|rRrINv|IR]|O
=INN|jwis|INMN]|O
R lwlws|INn]|o
olr|lrRrIN|IR]|O
O N O . O [

0x0)+0*1)+(0*x0)+(0=*1)+ (1 +-4)
+2+x1)+0*x0)+2*x1)+(4*0)=0
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- B (CNN) © IMASTURI RIS

- BEWRBEE, BHAEMNEIREER

Ny 0|]0[O0O]0([0]0
NG == NS E DS
011212110 U=
0111(0
01241420
* | 1141 | =
g |1 |33 |1)|80
0112131160 ol ED R
0O|]0(1]11(0]0

0x0)+O0+x1)+(O0*«x0)+(1*x1)+(2x—4)
+2+x1)+2+«x0)+@A*x1)+(4+x0)=-1
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« SIRHERZE (CNN) : IINGFRE(ERIMRE ML

- BEWRBEE, BHAEMNEIREER

- NEEBRZAIEHEX

O[0[O0O]O]O]O

01-1(-110
0112121160 ol1/0
0(21414(2]0 -21-5]1-5(-2

E 3 1141 =

O(11313]11]60 21-21-1(3
0112131160 I -110(-5]10
O[O0l 1|1]01]0
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fERZZ ]2 -

- BERIMLERLEII30FRIFME RS, 1

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5

INPUT
e 6@28x28

S2: f. maps
6@14x14

|
‘ Full coanection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Y. Lecun, et al. “Gradient-based learning applied to document recognition®, P IEEE, 1998.
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- BEFEG (HHIR, CT, 8F5F) XokS M EEEXAXE,

T1 T1 weighted T2 FLAIR Segmentation
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- EXEGSEIR
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EUSERES

E
IR

* 40%BIMICCAINEZEXK-

v= Task type

Classification @)
Detection €&2)
Modeling &)
Reconstruction @)
Registration @

Regression €59
Segmentation €5

https://grand-challenge.org/challenges/
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Frequency maps for MICCAI'21
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