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output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2
gx Wy, Wy) = f(W,f (W;x)) g(x, Wy, Wy, Ws) = f(Wsf (W, f (W;x)))
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Layer L,

f(): B7ER#E (activation function)

oV BRI TR
2V: SR TR IR

a§2) _ f(Zfz))

= f (Wi x1 + W5 x + Wi s + by)

2 2
o® = £ ()
= FOV % + W, + W x5 + b5V)

(2) _ (2)
a;’ =f (23 )
= F(Wy)x1 + Way)xp + Wa3 x5 + b5Y)

hwp () = ag” = f(z1)
= oY + wias” + wiPas” + by
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Sigmoid f Tanh V
a(x) = 1 G tanh(x) = e e J

1+e™* ¢ exX +e*

10 B /

—-10 s 10 - 7 -1 10 _u 10

ReLU Leaky ReLU ELU

X , x =0
max(0, x) max(fx, x) ale* —1), x<0

B RERR

10
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B BEERY
Swish o
Swish(x) = xo(Bx)
. — AR

GELU
GELU(x) = xP(X < x)

« PX < x)=EEamHRRS R
« HTPX <x)ZSBIEH, AILIASigmoiday TanhefHim bl
GELU(x) = x0(1.702x)

= GELU(x) =~ 0.5x(1 + tanh(\/f?(x + 0.044715x3)))
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FEEIL{LETIE (universal approximation theorem)
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TR —log (zj )
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..AI

AN
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J(W, b;x,y) = Z](w bix®,yO) + 5y Y Y (W)
=1 =1 j=1
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5D , HE/SRR/MUERREE, BrEdle
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B ERkFAEIVEN, En, -1 ERPREINTRRIRED AT RSN
ERIREDTESE

("1)
(m—-1) _ _
5 — (nz 5J(W, b;X,y) = Z io (nl)](W b;x,y) (nz 3

_ (n) | (n;—1) (Tll—l)
_ 2 5] OZ.(nl_l) [Z V%’k f Zk )‘
]

-3 b ()

25@1) W(le . f ( (- 1))

= f' ( (n,— 1)) Zj (Vlg_gnl—l) .5]_(711))
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ERAIN—ftkitFRTA: 60 = (W 6D 17 (20)
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B RERETENZSHIEE
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Local Gradients
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Momentum
AdaGrad
RMSProp

Adam
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Ocv1 =0 —1n - Vo L(6;; xi»yi)

(L EREHLEE TP
Ori1 = O0p — 1 - VgL(By; xHHFT, yti+™)
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Momentum

B XESGDAETRE R ETRHFEBIUEAN R E o]

B (FRsIr—EATE AR E R MACTFINME, n5E= RS FETEE
KA EERE TEE, HISSERZ 7 ERIERE T

=y Vi1 +1-VeL(0)

9 — 6 — vt
NPy A L—TEHHEEN ISR, BEE0.9

%ﬁMTZW—ENE BHEETNANENAEETE, mYEEtzls
SIRERNEFHITIR KT UE, HINBESBEMEEE, HIRECH
MFLEémNHMIRWﬂﬂMO
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AdaGrad
B HiENHWEARENSHNEI]ER

WHEBE: g =VeL(0) % FREFLFEEIE
RHEAHE: r=1r+g0Og 5% MINSGFT RIS EREE
n PHESHARE IR RN
wEEe: A0 =— Og TER) (EIRFRESR0)
€ +T1
SHEH: 0 =0+A0

NPr AR RITTE, WHETHRHFIEILA0
eERN—MIRIIEE



b T BRI B

RMSProp

B AEEITEBERMAXTHRERHNRBRRR CFRt
BRI I9{E)

B g =VeL(0)

EEBENENERTE: r=p -7+ (1—p) gQg
U

HEEHS. Af = —

TTEEH= € + \/Fcag

ST 6 =06+A06

HintoniZ2 I SEIERRB AR pE0.9, F 3JZE0.001
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Adam (Adaptive Moment Estimation)

B NMUBERFEAHENERERTIE, TICFAathERIEN
=R {8, ZERMSPropaYEAt EAIA T Momentumpy B 48

THERRE g =VeL(0)
WEIRMRRPE: mo =B me +(1=B1) - g
Ve = ,82 * V-1 +(1 — 182) "It ®gt

e A m vt
—MIEF—BERT:  m, = —— b, —
Il Il mg 1- Bt (4 1= gt
" - n R
SHEH: Brpq =0, — R,
€+ /Ut
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EEEE[Em
B E2EET, GHENE—TEMEMARNFEESERA
B FELE: HSMABRNMLEEEERS, NSHAEREEX

32x32x3 image -> stretch to 3072 x 1

input activation
, b W )
1] | —> R () [
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



L2 N 2%

[EERREZEF (local receptive field)
WEHZ (weight sharing)

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

STATIONARITY? Statistics is
similar at different locations

Example: 1000x1000 image
1M hidden units

Example: 1000x1000 image

Example: 1000x1000 image
1M hidden units

IM hidden units
Filter size: 10x10 Filter size: 10x10
100M parameters 100M parameters
- Spatial correlation is local
Ranz( Ronz

- Better to put resources elsewhere!

E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters
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EH=
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
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— 32x32x3 mmage

5x5x3 filter w
‘V
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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— 32x32x3 mmage

5x5x3 filter /
S
28
>O >

convolve (slide) over all spatial

locations
32 28

Translation Invariance!

Slide credit: Stanford CS 231n
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EHE
ERBNIRKRE (FE)
— 32x32x3 image activation maps

5x5x3 filter %
P
28
>@ >

convolve (slide) over all spatial

locations
32 / 28

Slide credit: Stanford CS 231n
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ERE
ANRILATB O 5xSHUIER 85, AT LUS Bl6 A [E] RN Bz (&

activation maps

32

28

Convolution Layer

32 28

LANN 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



IR ML

EFR1E
7X7 input (spatially)
assume 3x3 filter

Hstride g1, AN MpaddingBt, 5Z5x5feature map

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

Slide credit: Stanford CS 231n
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IR ML

S£f5): LeNet-5
Gradient-based learning applied to document recognition
[LeCun, Bottou, Bengio, Haffner 1998]

C3: f. maps 16@10x10

INPUT g(1@ 2fgit2%re maps S4: f. maps 16@5x5
32x32 S2: f. maps C5: layer pg. OUTPUT
6@14x14 120 Fglaver S

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

SR RHERMEMWEEFIARE, LeNet-5H N RIFFEA R MILESE
I, MEIF2x28E OF a4 mANEM, RUA—1IZ&S3, Bt
— NG RE, MEAEREI I sigmoidEE

* 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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BRIR A
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1oV L X Tl
Hi= 5 Xij Xij =
N L= 2
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EERENHEIT—K

x: NXD

I3—1k
u,o:1XD

Y, :1XD

_ -
Vo? + ¢

y y+pB

HRENHE)T—L

xX: NXCXHXW
e || |

u,o:1xXCx1x1

v,f:1XCXx1x1

_ G-
Vo2 + ¢

y y+p
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EERENHEIT—K

L —

x: NXD

I3—1t
u,o:1xXD

v, :1XD

_ -
Vo? + ¢

y y+pB

R)A—1K

(RNN, Transformers)
x: NXD

S
u,o: N X1
Y, :1XD

_ G-
Vo2 + ¢

y y+p
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HRENMEIT— I ERSEBT—1L

x: NXCXHXW x: NXCXHXW
pw | || we ||

o :1xCx1x1 Lo NXCx1x1

v, :1XCX1x1 v, :1XCX1x1
=By =Byt
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22 B &% 3 AN 2%
B AlexNet
B VGGNet

B GoogleNet
B ResNet

B MobileNet
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

w
o

28.2

152 layers| |152 layers| |152 layers

N
(%))

N
o

16.4

[y
(%))

Top-5 Error Rate

11.7  |191ayers| |22 layers

7.3 6.7
5.1
. . B ER 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)

[
o




AlexNet

AlexNet
B EXfEImageNettt T {E AR E EFHZE ML
B S AM—EFEARWEINKERBENEZZIT—EIGH

v RelLU
v" Data Augmentation
v" Dropout
Architecture:
CONV1 ‘
NORM1 N/ s| I\ |
CONV2 M w | 55 38 048 soas \dense
SHI e - -
MAX POOL2 \Jl/ 55 R, - .
NORM2 . 3TN L\
CONV3 224 L s 5 Q‘ j 1 : :
CONV4 h . e EB 3 '4"713‘_:':«- 13 dense | |dense
CONV5 1} — I L]
Max POOL3 \w 192 192 128 Max L
224\||l&;, Max 128 Max pooling  20%8 2048
pooling pooling

A. Krizhevsky, 1. Sutskever, and G. Hinton, “ImageNet classification with deep convolutional neural networks”. In
NeurIPS, 2012.



AlexNet

AlexNetiFH{E 2

: : A 4 i 13 ensoJﬂ:ense
Full (simplified) AlexNet architecture: L )
[227x227x3] INPUT pooking

[55x55x96] 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] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2 .
[4096] - C6: 4096 neurons i ;Zc\might decay oe-4 o 0
[4096] FC 7" 4096 neurons - ensemble: 18.2% -> 15.4%

[1 000] r C 8 . 1 OOO neurons (C|aSS SCOreS) 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

SHARSHEERE

params AlexNet FLOPs




AlexNet

AlexNets{E£ A B ZF ) TR EE
B Weight decay

Ew) =EWw) + %WTW

B Data augmentation
BHY: I RINGEERE
Fiv%: IKEERAE, cropBEHERs X

B Dropout
HiY: BrlbdilEs, B THERRENENAE
7% BEERNGERIARY, ARFUERTHETT



AlexN et 4§ 25 1 0 i

AlexNetXiH ) FE 5 g
B OER: EIMEHNER
B EE BNE—RMRHAETRE T

ZFNet: iHAlexNet&#5 %
B JZAlexNethFE—M11x11, stride H4BIETNE, HRpk
7x7, stridey2lIEFRE
B ¥Conv3.,4,5%8)channelZ1EHn1£)512,1024,512
image size 224 110 26-__ 13 13 13 . £
Fk:% &13 384 256
LE““’“ o [N ﬂ ~ S]]

po!
stride

0 6
1 \256 256

Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output

filter size 7 7

&
4096 4096 class
units units| | softmax

Input Image




ZFNet

30 282

2010

Lin et al

Sanchez &
Perronnin

ZFNet: Improved
hyperparameters over

AlexNet \

16.4

BEHANEARSR L1527 AR ZE R AR

152 layers

152 layers

152 layers

11.7

19 layers

8 layers

2012 2013 2014
Krizhevsky et al|  Zeiler &
(AlexNet) Fergus

22 layers|

2014

Simonyan &  Szegedy et al
Zisserman (VGG) (GooglLeNet)

A

2015

He et al
(ResNet)

A

2016
Shao et al

A

7.3 GJ// iy
Bliuch
| H B =

2017

Hu et al
(SENet)

Russakovsky et al
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VGGNet

EREIE —
A O4z; [ oftmax | ]
-~ E IJ | E,J %i/ \1:9 l :Cf: 000 ] | Eg jg:z J
=+ | FC 4096 ] | 00l ]
] E E,J I_.l Q%Q 1: /j [ FC 4096 ] | : 2 |
l Pool ] | 12|
| 2 1 | 12_1]
| 2 1 | 2|
—%AIeXNetE,‘J%E' | 5121 | Pool J
| Pool ] | 51 |
L] }‘A8)§ jj16 19)=I l Softmax | | 5121 | 512__|
[ FC 1000 ] | 2 | 12_J
[ %iﬂgkd\i’ﬂj‘j3x3, l FC 4096 | | 2 | | 512
. . l FC 4096 J | Pool ] | Pool ]
Strldeié] 7'*7 1 | Pool | I ] | n ]
—_ 1 | > | ] | n |
L T\-ﬁéﬂ‘i FH 2X2 El‘] | J L Pool ] | Pool ]
. | Pool | | “ ] | n |
max pooling [ ] i 7] o]
| Pool | | Pool | I | Pool |
I | | ] | |
L_iix11 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

R ERENNERE
B RFERIFE
v 3 stride H1BI3 X3 EREX NIRRT EF, FHT11N7X7K )
HERE

B EWEREZFNEATELCHSEH (ki AFiEdIchannel
M=1971)
v 3PT3x3HIEIRENESHE: 3x3%2 =27
V ANIXTRERERSHE: 1x72 =49

B ERNGENSE DR M AR BT R EFRHERIARRE



VGGNet

23 AL s
VGGNetl) Z#2EF#h (DFEBRAER)
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 image)
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

EIRHIMLE LS, BERITERE

B §22%, mixRTAlexNet

B [nception module (network within a network)

v ARIXNEREFMBLE FinceptionZE ) A & A E A RLZEF

Inception module

[ ﬁé 1:3(): Hég'%é; IL.\EI:tAleXNet/J\12{|i:|_L

GoogLeNet, VGGNet, AlexNetfixfttib AFRE=IRE], LK
HZEIJRNAZRFEIRTESHZ L, MEMNERRE

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



GooglLeNet

Inception modules A1 x 1£&F Sbottleneck

B EEFATAEZENGHSS T RAENTEES

B Inception moduleBYSEFRSCINA, Seidid 1 x 1EFIFHITHELE,
HBITARRZEFNERZ, FHRERHER—&

B XHEFRBEEEFITRIE, BLRERREENZEIAIFR
JFabottleneck

Naive Inception module
Inception module with dimension reduction



GooglLeNet

Auxiliary classification head
B RS RKRERRKEEASEFWEIINEG, BEmA

auxiliary classification head%g f#iX > [o] &

Full GoogLeNet
architecture

o G

~

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



VGGNet5GooglLeNetay 14 &

30 282
25.8 Deeper Networks 152 layers| |152 layers| (152 layers
25
\ Ao YR A
20
16.4
15 |
11.7 1119 layers| (22 layers|
10
7.3 6.7
5 | | ‘ 3.6 -
0 - = =
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

test error (%)

S6-layer

training error (%)

20-layer

5 3 : 5 s o i p 3 :
iter. (1e4) iter. (1e4)

A 4

. weight layer
L HypOtheS|S F(x) {relu .
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 ResNetE{uiiE i -
" EFRERZEMA shorteut” PN

X

ResNet

A 4

weight layer

.f(x) "rdu

weight layer

X

identity

ARCIR AR

¥ ¥ ¥ ¥ ¥

B fgstem cell (7x7&F) Fp5
KH3xX3EE

B FHFHER T8 PR BT,
filterd) = &A=

SREREEERERERE
o
ANANFNENR

33 conv, 256

¥

SR S
ol |

33 conv, 256

-

33 conv, 25|
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ResNet

ResNetA G5,

& Y 4& 254

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv 112x112 Tx7, 64, stride 2
33 max pool, stride 2
< 1x1,64 ] Ix1,64 ] Ix1,64 ]
~ v2_‘ 5 D ; / L} . s
COMEX | 90X30 )| 163 o ]xz R o }x3 3x3,64 | %3 3x3.64 | x3 3x3.64 | %3
I I | 1x1,256 | | 1x1,256 | 1x1,256 |
- - [ 1x1,128 ] [ 1x1,128 ] [ 1x1,128 ]
7 7
com3x | 28x28 | | 3308 k2 [| X300 [k | | 3x3.128 [xd | | 3x3.128 [ x4 | | 3x3.128 | x8
- - T | Ix1,512 | | 1x1,512 | | Ix1,512 |
a - : [ 1x1,256 ] 1x1,256 ] I1x1,256 ]
R R . . .
conv4_x 14x 14 :i: ;22 X2 :z: ;Z(g x 6 3x3,256 | x6 3x3,256 | x23 3x3,256 | x36
- - | Ix1,1024 | Ix1,1024 | Ix1,1024 |
: 1x1,512 7] 1x1,512 1x1,512
- - . . .
convd_x Tx7 :X:Zi; x2 :X:Zi; x3 3x3,512 | x3 3x3,512 | %3 3x3,512 | %3
[ 9% 00 | 98, 954 | 1x1,2048 | 1x1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10? 3.6x10° 3.8x10° 7.6x10° 11.3x10°




ResNet

error (%)

00 7ElmageNet LRI ITFE

error (%)

plain-18 ResNet-18 MANAAN,
==plain-34 ==ResNet-34 34-layer
2% 10 20 30 20 50 2% 10 20 30 20 50
iter. (le4) iter. (1e4)

Error rates on ImageNet validation Error rates (%) of ensembles
method top-1 err. top-5 err. method top-5 err. (test)
VGG [41] (ILSVRC’14) - 8.43" VGG [41] (ILSVRC’14) 7.32
GoogleNet [44] (ILSVRC’ 14) - 7.89 GoogLeNet [44] (ILSVRC"14) 6.66
VGG [41] (v5) 24.4 7.1 VGG [41] (v5) 6.8
PReLU-net [13] 21.59 5.71 PReL.U-net [13] 4.94
BN-inception [16] 21.99 5.81 BN-inception [16] 4.82
ResNet-34 B 2184 571 ResNet (ILSVRC’15) 3.57
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




MobileNet

1 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

[1 Depthwise Separable Convolution

T & @

(a) Standard Convolution Filters i

Dy LI Depthwise Convolutional Filters Pointwise Convolutional Filters

Dy — M — Figure 2. Depthwise separable convolution.

(b) Depthwise Convolutional Filters

Dg -Dg-M-Dp-Dp+M-N-Dp-Dp
Dig-Dg-M-N-Dp-Dp
1
= + —

1
«— N — N D2

(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

[1 Architecture

Table 1. MobileNet Body Architecture

Type / Stride Filter Shape Input Size
Conv/s2 3Xx3x3x32 224 x 224 x 3
Conv dw / sl 3x3x32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw / s2 3 X 3 x 64dw 112 x 112 x 64
Conv /sl 1 x1x64x128 56 X 56 x 64
Conv dw /sl 3 %X 3 x 128 dw 56 X 56 x 128
Conv /sl 1x1x128 x 128 56 X 56 x 128
Conv dw / s2 3 x3x 128 dw 56 x 56 x 128
Conv /sl 1 x1x128 x 256 28 x 28 x 128
Conv dw / sl 3 X 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1 x 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 x1x 256 x 512 14 x 14 x 256
5x Convdw /sl | 3 x3 x 512dw 14 x 14 x 512
Conv /sl 1 x1x512x 512 14 x 14 x 512
Conv dw / s2 3 x3x512dw 14 x 14 x 512
Conv /sl 1 x1x512x 1024 7x7x512
Conv dw / s2 3 x 3 x 1024 dw 7T x7x1024
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 RelLU
1x1 é:onv
BN
ReILU

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

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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Fr5 23
one to one one to many many to one many to many many to many
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HINFRLE N 4%

Recurrent neural network (RNN)
B HAX = {x, %, ..., x5} B— T F5
B RNNEJFMLIRMNGES

h|=\fw (h’t—la fl?t)

y new state / old state input vector at

T some time step

T yt =fWhy(ht)

output / new state

some function
with parameters W

another function
with parameters W
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Vanilla RNN

B RNNRI—MHREREMFEN, EERENSEETT
B {FFERY[O)RR
v BEEER TR EIRE
>  RNNBIRUEEREBEIMETR S B
v KERKES
> Z BT RRTE] B B B R
v OMEFHIT

y hy = fW(ht—la mt)
|

hy = tanh(Wyphy_1 + Wypxy)

Y — Why hy
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Vanilla RNNBYiTEE

B AN, BENEERR
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Vanilla RNNBJIHE[E
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HINFRLE N 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

> | E_h
> 2"‘

| E_h

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

n AR TR R BOHE S RO VR I, 3448

FEACET o) Rt

Cell state (BTTIRA) : BF “i212” YEipuikss, TEeS
IRIZHIMIBR . EFhF
BREITL, WAL, WHiTo,  Ji= o0y e £ by
1f = 0'(”"’17' h(_1”l‘(: -{'-l);f_)
ht*
Cr_q / I\ C, Ot = 0’(””’0- })(_1,.1'(: + bo)
— " (+) >
> St = tanh(We - [hi—1, o -
A 5; 5 o C't = tanh(] [he—1,x¢] + be)
o o tanh o

ht—l_ /_»ht Ci= fi o Ci1+ 1t ©CY
X ht = o = tanh(CY)
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Variants of RNN: GRU

2z =0 (W, - [hi—1, x¢])
ry =0 (W, - [hi—1,x¢])
h; = tanh (W [re * he_q, x4])
h; = (1—zt)>l<ht_1—|-zt>k/~1t
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B RNN+I=H
B EENE

B Transformer
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Icr)lptut: tSeSquence x = Decoder: s, = g(Y,» Si4 C)

utput: sequence

p q y1, i yT estamos comiendo pan [STOP]
. —_ Y4 Y, Ys Va4

Encoder: h =1, (x, h, )

B I

h; > h, > h, > h, > Sy P S, e s, o S, — S 4
X X, X3 Xy > & Yo Y, Y, Y,
we are eating bread [START] estamos comiendo pan

[E&: MAFYNEERWES R R EE



RNN+F=

SINEE L

L T EXF

(alignment scores)
k R /Vk k eti = fattn (Si-1, hy)
_Aﬂ i a: ax_ estamos
soffmax 2. 13— B8 FE N
’_A_‘ ’_L From final hidden state: y {E(attention weights)
G \ ®12 ®1s ®1a Initial decoder state s 0<a;; <1,
Pl Ml u S S a1
h1—Lh2—Lh3—Lh4 ! s, + s, it'l
I 1t s iErTYEE
X Xy X3 Xy _> ¢ Yo Ct - z at,lhl
[
we are eating bread

[START] 4 E%ﬁst
St = gu(Ve—1,St—1,Ct)

«  Dzmitry Bahdanau, et al. “Neural machine translation by jointly learning to align and translate”. In ICLR 20135.



RNN+F=

SINEE L
B BRESE-—SEACENLTXREE
B AERZKERMAFIRAEER ST

estamos comiendo pan [STOP]
Y4 Y2 Y3 A
—— B Al e )
e P s, —p| s,
B S lﬁ lﬁ lﬁ Wit
X, X, X, X, c, c, c, c, A
. 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.
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Image Captioning

Alignment scores:  Attention:

HxW HxW
€100/ €101|€102 8100 2101 3102
e € e a a .
i I D a0 S person wearing hat [END]
e1,2,0 e1,2.1 e1,2,2 81'2'0 a1’2,1 31,2,2
T Y1 y2 y3 y4
Z 7 Z
0,0 0,1 0,2
P h0 h1 > h2 - h3 P h
4
CNN Zio| Z11| %12
ZZ,O Z2,1 Z2,2 T T T T T T T T
Extract spatial Features:
HxWxD C1 yO C2 y1 C3 y2 C, Y3
features from a X VW X
retrained CNN
: 2 e b e o)
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.
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E-waLilk:l
B EEERATERHMEEZERBIRERAQEN), K(8#1E), VUE)

Attention(Q, K, V) = softmax (QKT) vV
o Ve
di /ZQ, KFEFEF 414, B [m) S 4ERE

Q. K BN xERE 5 FRAMEZERFYT—1L
K" QK'
Q 1234 1234 1234
1 1234 1 , ,
2 _ 2 2 Softmax 2
4 4 4 4
Z

1234

B AR XERERT V AR FN

AwN =
X
|
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B3E¥=/5 (Self Attention)

Yo || Y1 || V2 Yo || Y1 || Y2
aﬁe;tion self-att’entim
S B —
o ] v vl f [l o[ @ % | [
(A=
Yo || Yy || Y5

{
self-attention

1
Xp || X1 || %2
Po || P1 | P2
1
position encoding
; I

Xo || X1 || X%




Transformer

Transformertt /il
B Transformerm@Google[Z|PAE201 75 LRV —F B 7AIE S L IE=E

B TransformertRBUER T 3EEI0H], FEEETTAHFITHRIIIZ, ™
HeeBiBaERER
B FEBRILE (Encoder) FHEEASEE (Decoder) ZHRY

SIS R I have a cat <end>
t 4
f( Encoder )\ C( Fecoder )\
- A
(___Encoder ) »( Decoder )
z X
( Encoder ) >( Decoder )
2 »
C Encoder ) b( Decoder )
1 B
C Encoder ) b( Decoder )
T B
\( E"?’de" 3 » C( Decoder )/

¥ 8 —R
Ashish Vaswani, et al. “Attention is all you need”. In NeurIPS, 2017.



Transformer

TransformertiL /it
B IR IR EAER
B %3357 (Multi-head Attention) : Transformerd, 1Bid4)E—

RYFFIRES IR, AR HEENNE . BN RRE
AAENTEIE, BITFEIENEEHEEIRIE.

4 1
MatMU| Linear
f A A
SoftMax Concat
f A A
A
Mask (Opt.) Scaled Dot-Product h
"‘ Attention
Scale 4l 4l !
V o3 £oh
Linear Linear L] Linear L]

T T
V K

Q



Transformer

Output
Transformertt /i Probabiliies
og
B Zgf3zE (encoder) FA :
#Ef02S (decoder) F* .

. . . rl Add & Norm |<ﬁ
g EE 5E% jj *%iﬁgﬂﬁk Feed

Forward

J

(r—>[ | ]N Add & Norm
oo - oo Add &_Norm =)
m HEMENERE o | ||
s Forward Nx
HE (N=6) , LUE | T ——
R T
E&%imﬁﬂ;flﬁ\jj*ﬂa N ’_>[ Add &_Norm ] Masked
. Multi-Head Mutti-Head -
ﬁ:-jlj g;é H.Ré )% 1 E ,%\ ‘ Attention Xttlentie(?n
C— J L —
Positional Positional
Encoding ®_€'—) ¢ Fncoding
Input Output
Embedding Embedding
A h
Inputs Oulpuls

(shifted right)



Transformer

#0 Ta Transformer

Vision Transformer (ViT) Transformer Encoder

' MLP \
Ball < Head

I

MLP

— N

Norm
Transformer Encoder

l
- @ 4 06 D0 n)

* Extra learnable

[class] embedding L1near PI'O_]eCthIl of Flattened Patches

[ Multi-Head |
Attention

\ J
' “\

Norm

[ 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

ImageNet-1K Trained

ConvNeXt
Swin Transformer
ViT (2021)
(2020)
Diameter
| | 1 1
4 8 16 256 GFLOPs

ImageNet-22K Pre-trained

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



