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output layer
input layer
hidden layer

g&x, Wy, W,) = f(W,f (W;X))
Wi e RHXDM

Wy € RPeu

3B 4%

AN
Qt‘:‘
7
PN
<5

output layer

Va
o
®

input layer
hidden layer 1 hidden layer 2

g(X, er WZJ WB) - f(WBf(WZf(Wlx)))
Wi € R Pin
Wy € RF2xMH

W3 c RDout X Hz
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a§2) _ ¢ (zfz))

— = O £ W+ W, 45

(2) _ (2
a,’ =f (zz ))
= FO %y + Wx, + Wi x5 + b

(2) _ (2)
a;” =f (Zs )
= f(Wa1 2y + Wiy %, + Wyg'xs + ")

Layer L

Layer L,

f(): BER#E (activation function)

3
hy,, (%) = ai” = f(27)
2 2 2
= fat? + W a? + wPag? + b))
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Sigmoid f Tanh V
a(x) = 1 : tanh(x) = e e J

1 + e—x -10 ¥ 10 ex _|_ e—x

B RURR

10
10 10

-10 i 10 Wre—ery 10 - * 10
ReLU Leaky ReLU ELU
X , x=0
max(0, x) max(fx, x) {a(ex - 1), x <0
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B ESERHY
Swish(SiLU)
Swish(x) = xo(Bx)
. AR R

GELU
GELU(x) = xP(X < x)
* PX <) SRR MR
« HTPWX <x)@SEK#, AILLAHSigmoidak TanhiK Zir{il
GELU(x) = x0(1.702x)

29 GELU(x) ~ 0.5x(1 + tanh( \/g(x + 0.044715x3)))
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FEEIELEIE (universal approximation theorem)
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< SRR —log (1)
B ATEINSGHASE (xD,yD), .., x(V,ym))
—1 H; Hyyq
J(W, b;%,y) = —ZJ(W b x®,y®) + = 7 > > (o)
=1 i= 17 =1
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Momentum
AdaGrad
RMSProp

Adam
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CHEMNES

16 E TP
Orv1 =0 —1n-VoL(6;)

%Mﬁg‘%
Ocvr =0 —1n-VoL(0; xi»yi)

Ocryr =0 —1n - VoL(Os; xi:i+n»yi:i+n)




EHERMN TN I8

Momentum
B WESGDAZEFHESHERZ AW A TR E D)@
B (EFRSIA—EBTEIAHERNMRELE, NEHaEFheTER
KGR E T, HIS57ER 75 R AYES B T BE
Ve =Y -Ve_qg +1-VeL(0)

0 =0 — V¢
K ehy N E— S EHER LA SBAEN, EEE0.9

SIANEZ—RE—EEZETARINGREETE, mMIaTEZlEH
EEIRRNEBZRAITRAWEZLE, RTBESAMELE, FRIFEZA
23 5 SRR ERAE L A%
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AdaGrad
B BENWARENSHNEIER

WHEBE: g =VeL(0) {2 FREFTEEEIE
RUTHHE: T=71+90g 5% WIIGFF R R E
7 FHRSBANF LS EHM

tEErE.  Af = — Og FEMREN (FIEDHIER )
€ +r

S EH: 6 =0+ A6

Ko AEERIT TR, IIGFFHRIA N0
eH— MR
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RMSProp

B AHBERITFABEMNMAXTHEEENRBRRE (PR
BRI HR AT IE)

HEE g = VeL(6)

FABENERERTEE: T=p -7+ (1—p) gOg
7

HEEEE. Af = —

S EH 0 =6+A6

HintonZ i) [/ SEIE B R R BpH0.9, ZF >JZHL0.001
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Adam (Adaptive Moment Estimation)

B NMUCRFEALFHERIERERTNE, BidFathEmNiES
=R YME, FERMSPropadE At Bl T Momentumfi B 48

YERER g =VeL(9)
WEIEREERTE: M= B-meg +(1 = B1) - ge
Ve =Py Vo1 +(1 = B2) - 9: Oy

m v,
I n E \u_: N E 1 . 73 — t 7 ju—
MRS m, = D = 7
e U .
SHER: Opp1 =0 ————m,
€+ V¢

BB, BN0.9, B,H0.99
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£EEERIm
B EEEET, HEEMNE—MEMMANFBEEREEXRA
B FEDR: SMABRMMEEREEERS, NSEMEREREKX

32x32x3 image -> stretch to 3072 x 1

input activation
) b Wax )
1 | —> B i (© s
3072 ) 10
weights /
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)

Slide credit: Stanford CS 231n
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FEREZEF (local receptive field)
F{EHZ (weight sharing)

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

STATIONARITY? Statistics is

Example: 1000x1000 image
g similar at different locations

. IM hidden units

M) 10712 parametersil!

Example: 1000x1000 image Example: 1000x1000 image

O IM hidden units 1M hidden units

O Filter size: 10x10 Filter size: 10x10
100M parameters 100M parameters

-

o

-

- Spatial correlation is local

Ranz Ranz

- Better to put resources elsewhere!

E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters
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EHE
32x32x3 1mage

5x5x3 filter

32 [/
II Convolve the filter with the image
1.e. “slide over the image spatially,
computing dot products”

32

Slide credit: Stanford CS 231n



LT 22 X 4%

ERE

— 32x32x3 image

5x5x3 filter W
y
the result of taking a dot product between the filter

and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

wiz+b

¥~ 1 number:

Slide credit: Stanford CS 231n
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ERE

— 32x32x3 image
5x5x3 filter /
S
28
>@ >

convolve (slide) over all spatial

locations
32 28

Translation Invariance!

Slide credit: Stanford CS 231n
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A=
ZRBINIENE (RE)
/ 32x32x3 image activation maps

5x5x3 filter %
[
28
>Q >

convolve (slide) over all spatial

locations
32 / 28

Slide credit: Stanford CS 231n
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EHNE
MERFANTBONSXxSHEREE, MBI LSRN A~ B89N M &

activation maps

32

28

Convolution Layer

32 28

LN N NN

3 6

We stack these up to get a “new 1mage” of size 28x28x6!

Number of parameters: F?’CK and K biases

Slide credit: Stanford CS 231n
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EIRIE
7X7 input (spatially)
assume 3x3 filter

Hstride A1, A Mpaddinglf, 5%5%x58feature map

Output size: (N+2P-F) / stride + 1

Slide credit: Stanford CS 231n
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LRE GER)

110(0] 2
ol3al1l1 Max pooling 3|2
0|2|0f2 > 213
2031
110(0]2
ol3l1]1 Average pooling 111
0]2]2]2 g 1|2
2031
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s2fj]: LeNet-5
Gradient-based learning applied to document recognition
[LeCun, Bottou, Bengio, Haffner 1998]

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT
6@28x28
32x32 S2: f. maps C5: layer

6@14x14 I I— 20 F&layer OQUTPUT

’ ‘ Full conAection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

S5 ENNEIHRHEMELEIIARE, LeNet-5SH T RIFENEHMLES
I, mExE ZXZEI'JEIII':FH'MAﬁ")\’I‘Eﬁﬂ Tl — NS, Bmt
— PN IRE, ML 13 sigmoidi&l &

* Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learning applied to document recognition”. In
Proceedings of the IEEE, 86(11):2278-2324, 1998.
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BRI Ax € RVXD

I ~  _%ij T H
Hi=wN /. Xii Xij =

2 _ 1 N 2 S
%::—El (eij — 1) Yij =V &y + B
N £ai—q

Vs BAFFEINEH
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EEEENMEIT—K ERENHEIT—K
x: NXD x: NXCXHXW
I3—1L I3—1L \
,LL,O'Z;_XD u,a:i"_xCx:"_xl
v,0:1XD v,p:1XCX1Xx1
. (x—u)y+ﬁ y_(x—u)Hﬁ

Vo2 + ¢ - \Vo? fe



=3—K

EEREMEIR—L

[ -

x: NXD

J3—1L
u,o:1xXD

v,0:1XD

_ G-
Vo2 + ¢

y y+ B

RI3—1L

(RNN, Transformers)
x: NXD

)I3—1t

u,o: N X1
Y, :1XD

_ G-
Vo2 + ¢

y y+ B
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HHENHET—L IR SEHT—1

x: NXCXHXW x: NXCXHXW
pw | | | e |
,u,0:1><C><’:V_><1 M,U:NxCxlx‘ir_
v, :1XCXx1Xx1 v,p:1XCX1Xx1
=Byt y= Byt
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AlexNet
VGGNet
GooglLeNet
ResNet
MobileNet

|25 XX 48




EliR o RESHEXRER

fEEREERHMEMBNLR, ERTEERRSE
TIRRBVEF

B ORER: BiE Bh BE

m S AT EE R RI E KT

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

w
o

28.2

152 layers| (152 layers| |152 layers

N
(%))

N
o

16.4

-
(%))

Top-5 Error Rate

11.7  |19ayers| |22 layers

s [__swiow | [osees] 31 I . .

2010 2011 2012 2013 2014 2014 2015 2016 2017 Human

Lin et al Sanchez & | Krizhevsky etal | Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus  Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)

-
o




AlexNet

AlexNet
B B XTEImageNettt ZTh{E AR E SR HZ L
B SIAM—LHARHEIMRERHMENEZZIT—EER

v" RelLU
v' Data Augmentation
v" Dropout

Architecture:
CONV1
MAX POOL1
NORM1
CONV2
MAX POOL2
NORM2
CONV3
CONV4
CONV5

Max POOL3

R >
-1 > >

192 128 204

\ [
37- T -

13 dense dense

dense

o]
N
o

1000

192 128 Max L
Max 128 Max pooling 2948 2048
pooling pooling

* A. Krizhevsky, I. Sutskever, and G. Hinton, “ImageNet classification with deep convolutional neural networks”. In
NeurlIPS, 2012.



AlexNet

AlexNetiFZl{E 2

_1- . 197 2 128 Xm>< 57y \dense
= \ ui-'ﬂi,_.,_ 13 13 [ ]
I ﬂ %ﬁ; - 3 ;] 4 u'v dense dense
. . . 6‘ i .- N \ 10600
Full (simplified) AlexNet architecture: - i, Y v T 358
[227x227x3] INPUT . pocking

[65x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2 .
[4096] I C6- 4096 neurons i ;ZCV;\II?\Ilght cecay ,56'4 o o
[4096] FC7- 4096 neurons - ensemble: 18.2% -> 15.4%

[1 000] F C 8 : 1 000 neurons (ClaSS SCO I'eS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10
manually when val accuracy plateaus



AlexNet

SRS TEE R

i

params AlexNet FLOPs

307K

223M




AlexNet

AlexNet {5 B B9 5 > TR g
B \Weight decay

Ew) =EWw) + %WTW

B Data augmentation
E E,\J : j:r;ﬁi)”g/#\*izlgli (a) Standard Neural Net (b) After applying dropout.
Fik: IKFERYE, cropBElFER T X1

B Dropout
Hiy: BrlbdilE, HETHREREMENAE
ik EERNGINERT, REBERAMAET



AlexNetPX 28 25 1) gt

AlexNet¥H EE H T
B OER: HINMEHRR
B EE: SR ETR ST

ZFNet: f%iHAlexNetE#)5 2

B JFAlexNethZE—/11x11, strideH4BERE, B
7x7, strideN2B0ETRE

B %Conv3,4,5F#channel#it&EN%1512,1024,512

image size 224 110 26 13 13

13
¢3 | 3
1 %384 W1 \3‘84 \2A56

3x3 max
ol

po
stride

filter size 7 )

| stride 2

Input Image

C

4096 4096 class
units units| | softmax

6 256

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output



ZFNet

30

BEHWBUAERNR LSE] TRHZE R4

28.2

shallow

ZFNet: Improved

hyperparameters
AlexNet \
16.4

11.7

8 layers

over

152 layers

152 layers

152 layers

19 layers

22 layers,

A

A

A

2010 2011 2012 2013
Linetal Sanchez &  Krizhevsky et al| Zeiler &
Perronnin (AlexNet) Fergus

7.3 6.7 iy
Blacan
B & =

2014 2014 2015 2016 2017 Human
Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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VGGNet

' EIE p =] | Softmax ]
(AN J KXY

| FC 1000 ]

; e I 42 l Softmax ] | |

- E IJ | H,J ﬁ%*/ \1:& L FC 1000 | | : 1222 ]

m ERHRLE LAY e o

[ Pool ] | 2 ]

| 5121 [ 12_1]

I 2 ] | 12_J

—’ﬁAIeXNetHl\J%EI' | 512 1 | Pool |

. l Pool ] | 2|

N }A8E§ﬁ16'19)% [___Softmax ] [ 2 ] | 12_]

N N | FC 1000 | | 12 | | 2|

_ %*ﬂ}—:&j{d\i’ﬂjﬁx& [ caos ) [ 7] | 57 ]

. . | FC 4096 ] | Pool ] | Pool ]

stride3 /41 —— [ | o]

—_ s | 1 | I n |

B T EHERA2x28Y [ ) C o 1 oo ]

] [ Pool ] [ I n J

max pooling | — | ] oewiz ]

| Pool | | Pool | | Pool |

[ ] | ] | 0 ]

[_iixi1 cor ] | , | ) ]

| Input ] | Input ] | Input ]

AlexNet VGG16 VGG19

* K. Simonyan and A. Zisserman, “Very Deep Convolutional Networks for Large-Scale Image Recognition”. In
ICLR, 2015.



VGGNet

RO ERENNERE
B ERTZERENM
v 3 stride ATHI3 X3 ETREXIT MRS E, FHT117Xx7K)
HWERE

B EFNERFHFNEATELHSH (EigmAFiE S fchannel
M= 1)
v 3P3x3HEREHSHE: 3x3%2 =27
V ANTXTHIERERNSHE: 1x7% =49

B FERNENSE DI HUE R R EFIFFIERIEREE




VGGNet

VGGNetr) Z ML (DAMERAER)

ConvNet Configuration
A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB 1mage)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max




GooglLeNet

EORRIM LS LS, ESHHTERER

B F22EF, mxXTAlexNet

B Inception module (network within a network)

v RAEX/DMBERE it E FinceptionZE 1 B & A E AU L2 EF

Filter
conca tenation

Inception module

B REEEEE, MESHS=EEAlexNet/M2(E

GoogLeNet, VGGNet, AlexNetfIXftbib ARE=INE], ML
HZEIJRNDAREEZRRTSHMNEZ D, MEMERRE

C. Szegedy, et al., “Going deeper with convolutions”. In CVPR, 2015.



GooglLeNet

Inception module Y1 x1EF Sbottleneck

B EEFATEAENSGHESS T AEMTES

B Inception moduleRYSEFRSEIR A, FoiBid 1 x 1EFRFHITRELE,
BBIANERTENERNZ, FHESRHEE—k

B XMEFTFRIBEREEFITRIE, BECERERLRRYEE SRR
JAbottleneck

Naive Inception module
Inception module with dimension reduction



GooglLeNet

Auxiliary classification head
B WBRERRERKEEASREIFREIIIZG, BEmA

auxiliary classification headg #%3iX /> |a] &t

Full GoogLeNet
architecture

Sy

Auxiliary classification outputs to inject additional gradient at lower layers
(AvgPool-1x1Conv-FC-FC-Softmax)




VGGNet5GoogLeNetay 14 &t

30

28.2

25
\ A O A
20
16.4
15 |
11.7 1119 layers| (22 layers|
10
T 6.7
5 | | ‘ 3.6 2
r .

; N H H =

2010 2011 2012 2013 2014 2014 2015 2016 2017 Human

Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus |Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)




ResNet

Motivation

B Simply stacking more
layers leads to higher
training error

B Not all systems are
similarly easy to optimize X

)

20-layer

56-layer

training error (%
test error (%)

20-layer

B 3 s 5 G o 1 3 3 i
iter. (le4) iter. (led)

\ 4

. weight layer
] HypOtheS|S F(x) [relu N
It is easier to optimize weight layer identity

the residual mapping F(x) + x
than to optimize the

original, unreferenced

mapping. y = F(x.{Wi}) +x.

y = F(x, {W;}) + W.x.

* Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. “Deep Residual Learning for Image Recognition”. In
CVPR, 2016.



ResNet

-

Plain net 5 ResNet
B ResNetZEAEHIFERELE -
plainnet —

B EAEREZIEMA "shortcut” —

X

ResNet

A

weight layer

]—"(x) ! relu

weight layer

y

X
identity

HARFARARIARL

B [&stem cell (7x7&FR) 5ptY
XH3IX3EHE

B FEFHENTE DR,
filterry & = &P (=




ResNet

ResNet A [7R E B X 48 2544

layer name | output size 18-layer I 34-layer I 50-layer 101-layer 152-layer
convl 112x112 77, 64, stride 2
3x3 max pool, stride 2
N 1x1,64 ] [ 1x1,64 ] [ 1x1,64 ]
COMV2X | 36356 [ :X: gj ] 2 l :X: 2:11 ]x3 3x3.64 | x3 3x3.64 | x3 3x3.64 | x3
e } | 1x1,256 | | 1x1,256 | | 1x1.256 |
- - - - [ 1x1,128 ] [ 1x1,128 ] [ 1x1,128 ]
9 ) ’
conv3_x 28 %28 :i: :;2 x2 :z': };2 x4 3x3, 128 | x4 3x3,128 | x4 3x3,128 | x8
Lo T LT T | 1x1,512 | | 1x1,512 | | Ix1.512 |
- - - - [ 1x1,256 ] 1x1,256 ] 1x1,256 ]
o o) ’ ’ ’
conv4_x 14x 14 zii ;:2 x2 zi: ;:2 X6 3x3,256 | x6 3x3,256 x23 3x3,256 | x36
L T - T T | 1x1,1024 | Ix1,1024 | Ix1,1024 |
- . - . [ 1x1,512 ] 1x1,512 1x1,512
- “ . . .
convy_x TxT :X:Zi; x2 2X2:i; x3 3x3,512 x3 3x3,512 | x3 3x3,512 x3
LIS LIS | 1x1,2048 | Ix1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8 x10? 3.6x10? 3.8x107 7.6x107 11.3x107




ResNet

O #ElmageNet ERYIIZITFE

60—

plain-18
=—=plain-34
2 10 20 30 20 50
iter. (1e4)

Error rates on ImageNet validation
method top-1 err. top-3 err.
VGG [41] (ILSVRC’14) - 8.43"
GoogleNet [44] (ILSVRC 14) - 7.89
VGG [41] (v5) 24.4 7.1
PReLU-net [13] 21.59 5.71
BN-inception [16] 21.99 5.81
ResNet-34 B 21.84 5.71
ResNet-34 C 21.53 5.60
ResNet-50 20.74 5.25
ResNet-101 19.87 4.60
ResNet-152 19.38 4.49

error (%)

ResNet-18
= ResNet-34

10

20 30 40 50
iter. (le4)

Error rates (%) of ensembles

method top-5 err. (test)
VGG [41] (ILSVRC14) 7.32
GoogleNet [44] (ILSVRC'14) 6.66

VGG [41] (v5) 6.8

PReLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 3.57




MobileNet

[0 Goal: efficiently trade off between latency and accuracy

B Build very small, low latency models that can be easily matched to
the design requirements for mobile and embedded vision

applications

I:I Depthwise Separable Convolution
S

Dg mun Depthwise Convolutional Filters Pointwise Convolutional Filters

4—N—>

(a) Standard Convolution Filters

Dy — M — Figure 2. Depthwise separable convolution.

(b) Depthwise Convolutional Filters

D -Dg-M-Dp-Dp+M-N-Dp-Dp
Dyg -Dg-M-N-Dp-Dp
1
= +

1
N N Dz

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

Figure 1. Standard convolution vs separable convolution.



MobileNet

[0 Architecture

Table 1. MobileNet Body Architecture

Type / Stride Filter Shape Input Size
Conv /s2 3x3x3x32 224 x 224 x 3
Conv dw / sl 3 x3x32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw / s2 3 x3x64dw 112 x 112 x 64
Conv /sl 1 x1x64x128 56 x 56 x 64
Conv dw / sl 3 x3x128dw 56 x 56 x 128
Conv /sl 1x1x128 x 128 56 X 56 x 128
Conv dw / s2 3 x3x128dw 56 x 56 x 128
Conv /sl 1 x1x 128 x 256 28 x 28 x 128
Conv dw / sl 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x 256 x 256 28 X 28 x 256
Conv dw / s2 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x256 x 512 14 x 14 x 256
5 Convdw/sl | 3 x3 x512dw 14 x 14 x 512

Conv /sl 1 x1x512x512 14 x 14 x 512
Conv dw / s2 3 x3x512dw 14 x 14 x 512
Conv /sl 1 x1x512x 1024 7x7Tx512
Conv dw / s2 3 x 3 x1024 dw 7Tx7x1024
Conv /sl 1x1x1024 x 1024 | 7x 7 x 1024
Avg Pool / sl Pool 7 x 7 7x7x1024
FC /sl 1024 x 1000 1x1x1024
Softmax / sl Classifier 1 x 1 x 1000

3x3 Conv 3x3 Depthwise Conv
BN BN
ReILU ReILU
1x1 é)onv
BN
RelLU

Figure 3. Left: Standard convolutional layer with
batchnorm and ReLU. Right: Depthwise Separable
convolutions with Depthwise and Pointwise layers
followed by batchnorm and ReLLU.

Table 4. Depthwise Separable vs Full Convolution MobileNet

Model ImageNet Million Million
Accuracy Mult-Adds Parameters
Conv MobileNet 71.7% 4866 29.3
MobileNet 70.6% 569 4.2




MobileNet

[0 Performance

Table 8. MobileNet Comparison to Popular Models

Model ImageNet Million Million
Accuracy Mult-Adds Parameters
1.0 MobileNet-224 70.6% 569 4.2
GoogleNet 69.8% 1550 6.8
VGG 16 71.5% 15300 138

Table 9. Smaller MobileNet Comparison to Popular Models

Model ImageNet Million Million
Accuracy Mult-Adds Parameters
0.50 MobileNet-160 60.2% 76 1.32
Squeezenet 57.5% 1700 1.25

AlexNet 57.2% 720 60
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BINH 22 WX £

FrHIALTE
one to one one to many many to one many to many many to many
f 1 f TEON] I
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BINHH 2R N 4K

Recurrent neural network (RNN)

B MAX = {x1, %y, ..., Xy} B—DFF

B RNNBJI LIRSS

i

output

some function
with parameters W

hy|= fW(ht—la iUt)
y new state / old state input vector at
some time step

o

fWhy

h

t

)

/

another function

new state

with parameters W _
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HIFHEZ ML

Vanilla RNN

B RNNA—MmEERNERX, BRI REET
B FAERO)E
v BEEERTEEIRIE
>  RNNBIREEMRIFERS MY
v KERKER
> ZETHCEHKCHIRT B K A B = R
v OMEHIT

y hy = fW(ht—la wt)
|

hy = tanh(Wyphy_1 + Wypzy)

Y = Why hy
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Vanilla RNNBYiTHE[E

B FHERA, BN

&
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EEZS

125 W) 4%

Vanilla RNNBJiTE

&

B FHERA, FHERERIEZ

-y
o
\
—h

MESHW ETETZIERZ

\

—I—
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=

HY




HIFHLE 4%

Sequence to Sequence:
B Many-to-one + One-to-many

=\

One to many: Produce output
sequence from single input vector

Many to one: Encode input
sequence in a single vector

Yi Y

> E_h
> E_h
L E_h

Sutskever et al, “Se ) i eural Networks”, NIPS 2014
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Variants of RNN: LSTM

B A AR R HISRIT A2 TR 850 2 I H R AIE L R IR, H4&

RS B e [a) L

Cell state (BRITRA) : BT “i212” ks, tEeS
WWIZEOMIBR . EFEF

BT, WA, Wil fi= o0V [ n] +by)

1.,( = 0'(”'} . :h(—]..l'(: -+ bl)

ot = 0(Wo - [he—1, z¢] + bo)

C(—tillll []2{ 1, l(]-Jr-b

= fi0Ci1+ 1« D Cy

X, hi = o1 O t 11111(({)
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Variants of RNN: GRU

ze =0 (W, - [hi_1,x¢])
ry =0 (W - [hi—1, x¢])
h; = tanh (W - [ry * he_1, x4])
ht:(l—zt)*ht_1+zt*izt
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Transformerfi4&

B RNN+IEH
B EENE

B Transformer

e =




2T RNN 5115 58

Input: Sequence x, ... X, Decoder: s, = g (Y, 4; S, 4 C)
Output: Sequencey,, ...
p q y1, i yT estamos comiendo pan [STOP]
. — Y Y2 Y3 Va4
Encoder: h, =1, (x, h, ,) T T T T
P > P> P s s, P s, —P| 5, —P| s,
X, X, X, s P Yo Y Y, Ys
we are eating bread [START] estamos comiendo pan

[B]&h: HAFIRNERWELAEREI R EE



RNN+;F &=

SINEENWH

1L BT

(alignment scores)

k k / k k eti = fatn(Si—1, i)
2 S a3 A4 s
0 . e e 2. JA—BREE S
’—L From final hidden state: y, {E(attention weights)
i \ C1z ®13 ®14 Initial decoder state s 0<a; <1,
Ml M\ M\ M | t S o= 1
1 | 1 1 Ar; =
h1—kh2—Lh3—Lh4 P s, + s, it’l
L0l 0 Y s sErTyEE
X, X, i s —P c, Yo Ct = z at’ihl’
[

we are eating bread

[START] 4 FEE s,
St = gu(YVe-1,St—1,Ct)

*  Dzmitry Bahdanau, et al. “Neural machine translation by jointly learning to align and translate”. In ICLR 2015.



RNN+FE

SINEE A
" EBEE—SEATEN LT EE
B RRERZISGERMANFFIE R EERS

estamos comiendo pan [STOP]
Y4 Ys Y3 A
A A A A
44—
P - - P s, l s, Pl 5, [m—l s P s,
X X, X3 Xy ¢ Yo ) Y 3 Y2 Cy Y3
_ A A A A
we are eating bread
[START] estamos comiendo pan

*  Dzmitry Bahdanau, et al. “Neural machine translation by jointly learning to align and translate”. In ICLR 2015.



RNN+IE=

Image Captioning

Alignment scores:  Attention:

HxW HxW
€100|€101|C102 a00/ 3101 3102
€110| €111 11231 10| @1 14] 3112 person wearing hat [END]
€120 €121/ €122 1203121 A422
T Y4 Y2 Y Y4
ZOO 20,1 ZO,2
> h, h1—>h2—>h3—>h4
CNN Zio| 11| %412
20| 221 | %22 T T T T T T T T
Extract spatial Features: c. |y c. ||y c. ||y c, ||y
features from a HxWxD o | i g
retrained CNN
p b4 A } i 4
Xu et al, “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015 [START] person wearing hat

Xu et al. “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”. In ICML, 2015.



Ea_walilk:l

a-wakilkl
B EENRRAETTERRRFEEZRBIREMRQ(ER), K(3#1E), VIE)

Attention(Q, K, V) = softmax (QKT) vV
o NED
dy 2Q, KFEREI %, BP ) &4 E

Q. K#BINMFEMEITE FELNEREREYI—1E
T QK"
< 12K34 12 34 1234 12 34

A OON-—-

X
"
RwN -

AWON—

1234

1
B ARIEERRS V IRk 2 X .
4




Ea_walilk:l

B3E¥=71 (Self Attention)

Yo Il Vi || Y2 Yo || Y1 || Y2
f i
attention self-attention

ko || Ky || Ky Vo || Vi || V2 MMM Xo || %1 || %5

EF
I
\a\g_:ﬁ-
I_El

Yo || Y1 | Y2
1
self-attention
¥
X || %1 || %2
Po || P1 || P2

1
position encoding
: J

Xo || %1 || %5




Transformer

Transformerf8t /i
B Transformer;gGoogle FIPATE201 7R B —F B /A IE S A TE IR HY
B TransformeriZBUEA T;EENHLEI, FEEERTTAHITHIIEZ, ™

BeEBRBEERER
B FERRILE (Encoder) FHEREZE (Decoder) 2HAX
wEGER I have a cat <end>
1 1
f( Encoder )\ C( Decoder )\
A A
( Encoder ) >( Decoder )
X X
( Encoder ) >( Decoder )
- N
C Encoder ) PC Decoder )
X B
( Encoder ) P( Decoder )
X B
\( EnC{der ) Ly C( Decoder ) ]

¥ B8 —R &
Ashish Vaswani, et al. “Attention is all you need”. In NeurIPS, 2017.



Transformer

Transformerfif /i
B EE IR EREN
B %:LF5 7 (Multi-head Attention) : Transformer®, 18idfaE—

RINFINRNEENRR, BRRESIEESNS] B R NBRYY
BAERFEE, BMTEIEMFEEEENRIE.

4 1
MatMul Linear
f A
SoftMax Concat
f AA
Mask (opt.) Scaled Dot-Product "
f Attention
Scale 11 4l 1l
Ma:MuI Linear L] LneralLL] Linear
Q K V Tr [r

V

K

Q



Transformer

Transformerfif /i

B zigzs (encoder) #0
#2528 (decoder) F*
ZHITENIERB R

B RELEE RN E
HWE (N=6) , LUE
CRSa i RuRE=wal il
s ERER

| —

r 1 ~
~>| Add & Norm )

Feed
Forward

r

OQutput
Probabilities

[ Softmax |}

| Linear )

Feed
Forward

Multi-Head
Attention

. N\
| Add & Norm Je=~

|

| Add & Norm J<—

7 7T

| Add & Norm Je=

11

N x
~—»| Add & Norm ] NVaskod
Multi-Head Multi-Head
Attention Attention
\_ J . _/J
Fositional \ Positional
Encodi T ('C .
ncoding Fncoding
Input Output
Embedding Embedding
A A

Inputs

Oulpuls
(shifted right)



Transformer

#1 x Transformer

Transformer Encoder

, A
L[x <:>

Vision Transformer (ViT)

i MLP \
Ball < Head

Transformer Encoder

1
|
|
|
|
I

|
|
I

ogs I ) 1
T e 6 @ﬁ | [

|

| r
‘ | |
|
1

* Extra learnable ' | '

[class] embedding L1near PrOJectlon of Flattened Patches
Norm

] A
@ e

[ Embedded
Patches

Alexey Dosovitskiy, et al. “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”.
In ICLR, 2021.



Transformer VS. CNN

ImageNet-1K Acc.

90

88

86

84

82

80

78

ResNet (2020
(2015) ( )

ConvNeXt
Swin Transformer
(2021)
DeiT
e

ImageNet-1K Trained

ConvNeXt
Swin Transformer
ViT (2021)
(2020)
Diameter
| | | |
4 8 16 256 GFLOPs

ImageNet-22K Pre-trained

Z. Liu, et al. “A ConvNet for the 2020s”. In CVPR, 2022.



