
[4•]%Ï›0�
1. %Ï›XÒ•

• 1980D�–t¯J@‡Ω›–�\Dt¥îà»¿Ã...

a) JåÃ‰tYµtò⇠¿Jî8⌧)¯�t∏∏åx (gradient vanishing)
b) ‰⌧¿⇠îlåò¥¨¿Ã,»5—iXl0�ëD)¸â�i (overfitting)8⌧
c) ¸ƒ\ƒ∞‹⌅

• %Ï›X0 �‡îx

a) CNNt %Ï›X �•1D Ù»‰. ë@ l0X »§l| ¨©X0 L8– MLP Ù‰ ‰⌧
¿⇠��‰. ®‡x‹�⇡@»§l|ı Xî�⌘Xı (weight sharing)0ï¨©

b) ✓¸ GPUÒ•Dµ\Yµ‹⌅ 10⇠1000Ëï
c) x07 UÑ– Yµ pt0� lå ò¥®. ⇣\ pt0– �∞‹H xtà| �pò �¡D
p�tŸ✏å⌅XÏpt0|x⌅�<\⇠Ì⇠10ù�‹§î0ï (pt0U�0ï)

d) ƒ∞@Ë⌧X‡,1•ã@\1h⇠⌧⌧ (ReLU),t|µt¯�t∏åx8⌧DT
e) Yµ– ®¸�x ‰ë\ ‹⌧(regularization), �| ‰¥, �⌘X ïå0ï, |� D(X x
‹|  ›XÏ à•<\ Ã‰¥ YµXî ‹mD√(dropout)0ï, p0 H§, pt0 U�,
Y¡⌧⌧

f) 5ƒ�DYµ (layerwise pre-training)0ï⌧⌧,¯Ïò¿�@ò¨©X¿JL.

• π’YµXÄ�

a) ¸pπ’îú@⇠ë≈<\ : 0ƒYµ¸ƒ⌧\l⌅\ƒ–∞iXÏ¨©Xî)›
b) ⌅�0ƒYµ@µ¯Yµ (end-to-end learning) : ⌅¥¸�D\ºà–Yµ
c) @…5@π’îú0: –òπ’ı⌅D‰xπ’ı⌅<\¿X
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d) ^ËƒX@…5@¸\–¿òT�@⇡@� π’D (low-level feature)îúX‡,§\
�⇠]Tî¡�x‡ π’D (high-level feature)îú

e) π’DYµXî|t⌘ît¿t⌧π’Yµ (feature learning),\⌅Yµ(representation
learning)t|î©¥|Œt¨©
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2. J@‰5|I∏` (Deep MLP)

• lp@Ÿë

a) L⌧X5D�ƒ DMLPXΩ∞, 0à¯Ö%5, 1 ⇠ L� 1@…5, Là¯ú%5<\l1
b) là¯5Xx‹⇠| nl\\0. 0à¯5@Ö%5Xx‹⇠î n0 = d\\0, Là¯ú%5
Xx‹⇠î nL = c\\0

c) l�1à¯5¸ là¯5D∞Xî�⌘Xî (nl�1+1)⇥nl⌧t¨Xp,t|â,\\0Xt

U
l =

2

6664

u
l
10 u

l
11 · · · u

l
1nl�1

u
l
20 u

l
21 · · · u

l
2nl�1...

u
l
nl0 u

l
nl1 · · · u

l
nlnl�1

3

7775
for l = 1, 2, · · · , L
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d) DMLPXŸëDh⇠\⌅∞Xå\0:

o = f(x) = fL(· · · f2(f1(x)))

e) \0X⌅µT|⌅tÖ%x‹@ú%x‹|‰L¸⇡t\0

z0 = x !

2

66664

z
0
0

z
0
1

z
0
2...

z
0
n0

3

77775
=

2

66664

1
x1

x2
...
xd

3

77775
and zL = o !

2

664

z
L
1

z
L
2...

z
L
nL

3

775 =

2

664

o1

o2
...
oc

3
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f) là¯5X∞ :

zl = ⌧l(U
lzl�1) 1  l  L

@…5– t˘Xî l = 1, 2, · · · , L � 1à¯ \1h⇠ ⌧1 ⇠ ⌧L�1î ¸\ ReLU|, ú%5X
\1h⇠ ⌧L@\¿§Ò‹¯®t‹, tanh, softmax|¸\¨©

g) là¯5X jà¯x‹X∞ :

z
l
j = ⌧l(s

l
j) tL s

l
j = ul

jz
l�1

Ï0⌧

ul
j =

⇥
u
l
j0 u

l
j1 u

l
j2 · · · z

l
jnl�1

⇤
zl�1 =

2

666664

1
z
l�1
1

z
l�1
2...

z
l�1
nl�1

3

777775
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• Yµ

a) Là¯ú%5X kà¯x‹@∞⌧¯�t∏∏ƒ∞ : �U
L

�
L
k = ⌧

0
L(s

L
k )(yk � ok) 1  k  nL

@J

@u
L
kr

= ��
L
k z

L�1
r 0  r  nL�1 1  k  nL

b) L� 1à¯5<\Ä0 1à¯5L¿X¯�t∏∏ƒ∞ : �U
l

l = L� 1, L� 2, · · · , 1

�
l
j = ⌧

0
l (s

l
j)

nl+1X

p=1

�
l+1
p u

l+1
pj 1  j  nl

@J

@u
l
ji

= ��
l
jz

l�1
i 0  i  nl�1 1  j  nl

c) YµL‡¨òX¸î⌧ 
– @…5–‹¯®t‹h⇠�‡ ReLU|ƒÖ
– …‡⌧Ò$(|î©�h⇠|P(‘∏\<⇣î\¯∞ƒ\�X

d) �¡x›XΩ∞,�@‰⌧¿⇠|¨©Xî CNNXƒÖ<\YµtÙ‰⇠‘tL‰.
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3. X¸ËX‡Ω› (CNN: convolutional neural network)

• DMLP@ CNNDP

a) DMLP
– D⌅∞lp (FC : fully connected)
– �⌘X�ŒDYµtT‡,¸â�i�•1

b) CNN
– ÄÑ∞lp,⇠©•(receptive field)x⌅‹�¸ ¨
– �¡¸⇡@ 2(–, 3(–lpXX¸ËX∞–⌧ã@π’Dîú
– ©êlp¥X\îå@t√îå¨t–�(1tJ@pt0–�i
– X¸ËX ∞D �©XÏ ª@ π’ ıD ‰¥ÿ�¡(down-sampling)X0 ⌅t Ä¡

(pooling)∞Dt¥⌧⇠â
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• X¸ËX5

a) X¸ËX∞

– x‹‰D$®©ê\\‹
– X¸ËX ∞D ⇠â` »§l(mask)| ‰⇣(kernel), D0(filter), �ƒ∞(window)|
‡ Xp, t˘Xî îå|¨ ÒX‡ ∞¸| ®P TXî  � ∞t‰. �| ‰¥, 1(–
XΩ∞,⇠©• 1, 20, 2–�t⌧‰⇣ 0.3, 0.4, 0.3D�©XÏπ’ıXt˘⌅X–

1⇥ 0.3 + 20⇥ 0.4 + 2⇥ 0.3 = 8.9

2(–XΩ∞,

2⇥�1 + 2⇥ 0 + 9⇥ 1 + 2⇥�1 + 2⇥ 0 + 9⇥ 1 + 2⇥�1 + 2⇥ 0 + 9⇥ 1 = 21

– ‰⇣Xl0 hîÙµ@⇠\$�, uî‰⇣, zîÖ%, sîú%π’ı(feature map)

s(i) = z ⇤ u =

(h�1)/2X

x=�(h�1)/2)

z(i+ x)u(x) s(j, i) = z ⇤ u =

(h�1)/2X

y=�(h�1)/2)

(h�1)/2X

x=�(h�1)/2)

z(j + y, i+ x)u(y, x)
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– 3(–�¡(RGB)–î 3(–X¸ËXD�©
– X¸ËX ∞@ ëΩ �•ê¨–⌧ � h-1⌧X x‹� ⌅¥‡‰. t| )¿X0 ⌅XÏ
g�0(padding)D⇠â
i. �•ê¨–Dî\⌧⇠Ã|¯¨ 0Dg�0

ii. �•ê¨–x⌘\x‹✓Dı¨Xîg�0

– CNNƒ DMLPò¸t¥§(bias)�à‰. ∞∞¸–t¥§✓Ã|TXî®¸

(0.2) + 1⇥ 0.3 + 20⇥ 0.4 + 2⇥ 0.3 = 9.1

(2) + 2⇥�1 + 2⇥ 0 + 9⇥ 1 + 2⇥�1 + 2⇥ 0 + 9⇥ 1 + 2⇥�1 + 2⇥ 0 + 9⇥ 1 = 23
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b) �⌘Xı @‰⌘π’ıîú
– Ö% ✓– ⇡@‰⇣D �©X¿\ �⌘X|ı (weight sharing)\‰‡ƒ X‡, ⇡@
�⌘X|ÏÏÛ–6¥TÉt|îX¯–⌧6x�⌘X (tied weight)|‡ƒh.

– 8 Ö%: 8 ú% lpX Ω∞, DMLP| �©Xt Ï0– � 64⌧X �⌘X ‰⌧¿⇠�
DîX¿Ã, CNND 3⌧‹¨ ‰⇣D �©Xt, 3⌧X �⌘X ‰⌧¿⇠| YµXt (.
(®xXı°ƒlåÆD–)

– ‰⇣Xπ’
i. (0.3, 0.4, 0.3)X‰⇣@x‹ 3⌧X…‡DlXîH

ii. (-0.5, 0.0, 0.5)X‰⇣@¿T�àîÛ–⌧⇠Qt|. ¿T�∆<t 0
2

4
�1 0 1
�1 0 1
�1 0 1

3

5 :⇠¡–¿

2

4
�1 �1 �1
0 0 0
1 1 1

3

5 :⇠…–¿

2

4
0 �1 �1
1 0 �1
1 1 0

3

5

2

4
�1 �1 0
�1 0 1
0 1 1

3

5 :�� –¿

– ‰ë\π’DîúX0⌅XÏ‰⌧\î⇠Ì⇠⇠1⌧X‰⇣D¨©
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– kà¯‰⇣X ià¯�⌘Xîåî u
k
i\\0

– DMLP@»,�¿\$XÌ⌅�L‡¨òD�©XÏ‰⇣DYµ<\>Dƒ.
– ‰⇣@¥§π’ıDîú`¿‹�X¿\,t|t©\Yµ¸�Dπ’Yµ (feature

learning)9@\⌅Yµ(representation learning)t|‡ÄÑ
c) X¸ËX∞–0x CNNXπ’

– tŸ– Ÿ¿(translation equivariant, ‡8� tŸXt tŸ �Ù� ¯�\ π’ ı–
⇠�) !�¡x›–⌧<¥tŸtòL1x›–⌧⌧L¿–®¸�<\�ò

– �x‹î≈Ω�<\ƒ∞�•X¿\—,lp
– x‹îJ@5DpXt⌧⌅¥–�•D¯X¿\Ñ∞lp

d) pÙÌ–X\‰¥ÿ�¡
– pt0X �•ê¨– ��à g�0| \‰t Ö% pt0@ ú% pt0X l0î ⇡‰.
tÏ\)›DÙÌ(stride)t 1t|‡\‰.

– ÙÌD 2\$�Xt,x‹ 2⌧»‰Xò)ÿ�¡XÏX¸ËX�©
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– ÙÌD k\ $�Xt, x‹ k⌧ »‰ Xò) ÿ�¡XÏ ‰⇣D �©. ∞¸�<\ Ö%
pt0Ù‰ 1/k0\ïå⌧ú%pt0ªL.

– 2(–�¡m⇥n–�tÙÌ k|�©Xt, m
k ⇥

n
k\ïå⌧�¡ç›. (1/k20\ïå⌧

ú%pt0)
e) P⌧–�©

– RGB 3(– t¯¿î 3 ⇥m ⇥ n| �¿¿\, t– �\ ‰⇣ ⇣\ 3 ⇥ h ⇥ h\ $�⇠¥

3(–t¯¿–��\g�0ƒ�©�•

– |⇠TXÏ 3(– lpX pt0| k ⇥m⇥ nX ¡!t¥\ \⌅X‡, t– ¡QXî ‰
⇣@ k ⇥ h ⇥ hX l0| �¿t, π’ ı@ 1 ⇥m

0 ⇥ n
0X l0| �ƒ‰. ÙÌt 1tt,

m
0 = mt‡, 2tt m

0 = m
2t‰.

– ÏÏ⌧X‰⇣D¨©Xt‰⌘π’ıDîú`⇠à‰. [¯º 4-188p]

• Ä¡5 (pooling layer)

a) CNN–⌧î Ë¸ËX ∞ ∞¸– Ùµ ReLU \1h⇠| �©\ ‰L, ¯ ∞¸– Ä¡∞
D�©
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b) \�Ä¡,…‡Ä¡,�⌘X…‡Ä¡Òt¨
c) ÙÌDlåXt‰¥ÿ�¡®¸,ÙÌD 2\Xtπ’ıD 1/2\⌅|⇠à‰.
d) ¿òXå ¡8\ �Ù| Ïh\ π’ ı–⌧ î} µƒ| îúh<\h 1• •¡– 0Ï`
⇠àL

e) Yµ<\Ä0LD¥|`‰⌧¿⇠�∆L.
f) Ä¡@ë@¿T–T⇣
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• ⌅¥lp

a) L)]
– CNN@L)]Dt¥ôÏJ@lp|ÃÏ
– ⌅��xL)]: Ë¸ËX5)\1h⇠(¸\ ReLU¨©) )Ä¡5
– ‰⌘ ‰⇣D ¨©XÏ ‰⌘ π’ ıD îú : ‰⇣ k

0⌧| ¨©Xt k
0 ⇥ m

0 ⇥ n
0 l0X

π’ıDú%, m0@ÙÌ–0|∞�

b) LeNet-5 (CNNX´à¯1ı¨@)
– 1998D LeCunt⌧H\ CNNlp: D0+êx›D⌅\⇠\x›êŸT‹§\
– π’îú: C-P-C-P-CX‰/5Dµt 28⇥ 28ÖTıD 120(–Xπ’°0\¿X
– ÑX:@…5tXòxMLP
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– ´à¯ X¸ËX 5@ ÙÌ s=1, ‰⇣l0 h=5, ‰⇣⌧⇠ k=6, g�0 p=2\ $�, ú%
π’ı@ 6⇥ 28⇥ 28

– t¥¿îÄ¡5–⌧îÙÌ s=2|¨©XÏú%@ 6⇥ 14⇥ 14

– Pà¯X¸ËX5@ÙÌ s=1,‰⇣l0 h=5,‰⇣⌧⇠ k=16,g�0 p=0\$�,ú%
π’ı@ 16⇥ 10⇥ 10

– t¥¿îÄ¡5–⌧îÙÌ s=2|¨©XÏú%@ 16⇥ 5⇥ 5

– 8à¯ X¸ËX 5@ ÙÌ s=1, ‰⇣l0 h=5, ‰⇣⌧⇠ k=120, g�0 p=0\ $�,
ú%π’ı@ 120⇥ 1⇥ 1

– »¿…–ÑX0•Dî�X0⌅XÏ FC MLPÖ%5(120⌧)-@…5(84⌧)-ú%5(10
⌧)|x�X‡,ú%\1h⇠\⌧ softmax|�©X‡, argmax|�©XÏÑX

c) �¿l0Xpt0‰Ë0
– DMLPîπ’°0Xl0�Ï|¿t∞à�•
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– CNN@ �¿ l0| ‰ ⇠ àî �⇣. Ö%X l0� ¿Ω⇠¥ƒ X¸ËX ∞–î
�•D¸¿JL

– Ë¸ËX5–⌧ ÙÌD p�\‰pò, Ä¡5–⌧ ‰⇣tò ÙÌD p�XÏ π’ ı l
0|p��•

4. X¸ËX‡Ω› (CNN)¨@l

a) ImageNetpt0†t§ 2ÃÄX–�tÄXƒ\ 500⇠1000•X�¡Dx07–⌧⇠—XÏ
lïX‡ı⌧

b) ILSVRC�å (CVPRY �å–⌧⌧\)

• 1000ÄX– �t ÑX(classification), Äú(detection), ⌅X ¿� 8⌧(localization): 1⌧
⌅@ 5⌧⌅$X(\�∞

• 120Ã•X»(—i, 5Ã•XÄù—i, 15Ã•XL§∏—i
• ∞π: AlexNet(2012), Clarifi�(2013), GoogLeNet&VGGNet(2014), ResNet(2015)

c) ∞π\ CNN@⌅\¯®¸�⌘X|ı⌧h<\h⇣¨¨©⇠î\�‡Ω›t(
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• AlexNet (2012,†`†�Y, Alex Krizhevsky)

a) Ë¸ËX5 5⌧@D⌅∞(FC) MLP5 3⌧
b) Ö% 3⇥ 224⇥ 224–´à¯X¸ËX5@ 96⌧X 3⇥ 11⇥ 11‰⇣DÙÌ 4\�©,0|⌧

96⇥ 55⇥ 55π’ıªL.
c) Ë¸ËX5@ 200Ã⌧, FC5@ 6500Ã⌧�…X‰⌧¿⇠
d) FC5– 300Œ@‰⌧¿⇠!•ƒ CNN@ FC5X‰⌧¿⇠|⌅tî)•<\⌧⌅
e) AlexNet1ıîx

– ImageNett|î�©…pt0†t§
– GPU|¨©\—,ò¨
– \1h⇠\ ReLU¨© (ƒ∞‹⌅ïå)
– ‰⇣XË¸ËX∞¸|t√‰⇣X✓D‡$XÏp�Xî¿Ì⇠Q�‹T0ï�©
– pt0U�(ò|¥0@⇠⌅<\ 20480\U�) (¸â�iå<)
– ‹mD√ (¸â�iå<)
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• VGGNet (2014, Oxford) [VGG-16(Ë¸ËX 135+FC 35)]

a) ë@‰⇣D¨©XÏ‡Ω›DT±JåÃÊ
b) Ö% 3⇥ 224⇥ 224– 2⌧XX¸ËX5D�©\‰. ��ÙÌt 1x 3⇥ 3‰⇣D 64⌧�©,
0|⌧ 64⇥ 224⇥ 224π’ıªL.

c) t¥⌧ÙÌ 2\ 2⇥ 2‰⇣\\�Ä¡⇠â

d) Ë¸ËX5 8⇠16⌧|P¥ AlexNetX 5⌧–Dt 2⇠30J¥–
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e) 1⇥ 1‰⇣

– (–ïå®¸
– m⇥ nXπ’ı 8⌧– 1⇥ 1‰⇣D 4⌧�©! m⇥ nXπ’ı 4⌧�(
– ‰‹–Xt, 8⇥m⇥nP⌧– 8⇥ 1⇥ 1‰⇣D 4⌧�©XÏ 4⇥m⇥nP⌧|ú%Xî

H

– ReLU@⇡@D �\1h⇠|�©Xtπ’ıXÑƒ%ù�
– $∏ÃlçX$∏Ãl(NIN)–⌧ ò
– GoogLeNet–⌧�˘�<\¨©
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• GoogLeNet (2014, Google)

a) NINlp
– MLPconv5tË¸ËX∞D�‡h
– MLPconvî‰⇣D.®�t⌧MLPX⌅)ƒ∞D⇠âh

b) ⌅Ì…‡Ä¡: MLPconv�ÄX⇠Ã|π’ıD›1Xt,π’ı��D…‡XÏú%
x‹–Ö% (‰⌧¿⇠ïå)

c) GoogLeNetXuÏDt¥î NIND⇠�\xIX (inception)®»
– »tl\$∏Ãl\MLPconv�‡$ÖXXË¸ËX∞¨©
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– 1⇥ 1Ë¸ËXD¨©XÏ(–ïå

d) xIX®»D 9⌧∞i\ GoogLeNet
– ‰⌧¿⇠�àî5 22⌧,∆î5 5⌧\� 27⌧5
– D⌅Ù∞5@ 1⌧– à¸ : 11Ã ⌧X ‰⌧¿⇠| �¿p, VGGNetX D⌅∞– DX
t 1%
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• ResNet (2015, Microsoft)

a) 5⇠�ò¥òtòL–î1•X‰�ÏT¡‹–tt‡,¥ê¿⇣D¿òt ©à�X(.
b) ResNet@ îX Yµ(residual learning)t|î Dt¥| t©XÏ 1• �X| <Xt⌧
5⇠|�Ìòº(\� 12025L¿)

c) –òX X¸ËX ‡Ω›¸ îXYµ ‡Ω› : îX Yµ@ ¿Ñ8 ∞⌧ x| T\ F (x) + x

– ⌧|�©. F (x)îîX

F (x) = ⌧(x ⇤ w1) ⇤ w2 F (x) = ⌧(x ⇤ w1) ⇤ w2

y = ⌧(F (x)) y = ⌧(F (x) + x)

d) XåËX5 2⌧»‰¿Ñ8∞DPît : ¯�t∏∏åx8⌧t∞
e) VGGNet¸⇡@⇣ : 3⇥ 3‰⇣¨©

f) VGGNet¸‰x⇣
– îXYµ¨©
– ⌅Ì…‡Ä¡¨©(FC5⌧p)
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– 0X�‹T�©(‹mD√�©àDî) (5.2.6�8‡)

(Yµ8Ï¸⌧ 3)
(1) Home TestÄ¥⌧⌧ú (upload!) (»⇣ 3‘ 30|⇠î| 24‹)

(¸X)Yµ8Ï¸⌧ 1 & 2ƒ»⇣⇣\ 3‘ 30|Ñ.
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