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Agenda

To discuss in detail about some of the highly successful deep CNN
architectures
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LeNet-5

[LeCun et al., 1998]

Image Maps
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Fully Connected

Input
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Convolutions
Subsampllng

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]

§ Citation of the paper as on Jan 31, 2021 is 33,759

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

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

Max POOL3

ECA
FCo

FC7
FC7

FC8

§ Citation of the paper as on Jan 31, 2021 is 75,675

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Architecture:
CONV1 o x
MAX POOL1 :
NORM!1
CONV2 Input: 227x227x3 images

MAX POOL2

NORM2 . ) . .
CONV3 First layer (CONV1): 96 11x11 filters applied at stride 4
CONV4 =>

CONVS5 Q: what is the output volume size? Hint: (227-11)/4+1 = 55
Max POOL3

FC6

Fo7

F
FCS8
FCo

208

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Architecture:
CONVA Ui A
MAX POOL1 :
NORM1 Input: 227x227x3 images

CONV2

MAX POOL2

NORM?2 First layer (CONV1): 96 11x11 filters applied at stride 4
CONV3 =>

CONV4

CONVS Output volume [55x55x96]

Max POOL3

FC6 Q: What is the total number of parameters in this layer?
EG7

F
FCS8
FCo

208

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Architecture:
CONV1 s o
MAX POOL1 ?

NORM1 Input: 227x227x3 images

CONV2

',L"Qé;?ou First layer (CONV1): 96 11x11 filters applied at stride 4

CONV3 =>

CONV4

Conve Output volume [55x55x96]

Max POOL3

FC6 Parameters: (11*11*3)*96 = 35K
EG7

F
FCS8
FCo

208

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Architecture:

208

CONVT ! A
MAX POOLA1 :

NORM!1

CONV2 Input: 227x227x3 images

MAX POOL2 After CONV1: 55x55x96

CONV3 Second layer (POOL1): 3x3 filters applied at stride 2
CONV4 Q: what is the output volume size? Hint: (55-3)/2+1 = 27
CONV5

Max POOL3

FC6
FC7

F
FCS8
FCo

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Architecture:

208

CONV1 o s
MAX POOL1 ?

NORM!1

CONV2 Input: 227x227x3 images

MAX POOL2 After CONV1: 55x55x96

CONV3 Second layer (POOL1): 3x3 filters applied at stride 2.
CONV4 Output volume: 27x27x96

CONV5

Max POOL3 Q: what is the number of parameters in this layer?

FC6
FC7

F
FCS8
FCo

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Architecture:

208

CONVT ! A
MAX POOLA1 :

NORM!1

CONV2 Input: 227x227x3 images

MAX POOL2 After CONV1: 55x55x96

CONV3 Second layer (POOL1): 3x3 filters applied at stride 2.
CONV4 Output volume: 27x27x96

CONV5

Max POOL3 Parameters: 0!

FC6
FC7

F
FCS8
FCo

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
227x227x3] INPUT

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] FC6: 4096 neurons

4096] FC7: 4096 neurons

1000] FC8: 1000 neurons (class scores)

pooling

Source: CS231n course, Stanford University
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AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:

ridd ax Max pooling
227x227x3] INPUT b o pooiing

55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 i .

27x27x96] MAX POOL1: 3x3 filters at stride 2 Details/Retrospectives:

27x27x96] NORM1: Normalization layer - first use of ReLU

27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 - used Norm layers (not common anymore)
13x13x256] MAX POOL2: 3x3 filters at stride 2 - heavy data augmentation
13x13x256] NORM2: Normalization layer - dropout 0.5

13x13x384] CONV3: 384 3x3 filters at str!de 1, pad 1 - Pooling is overlapping

13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1 - SGD Momentum 0.9

13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 L X e 1 2' duced by 10
6x6x256] MAX POOL3: 3x3 filters at stride 2 - Learning rate le-z, reduced by
4096] FC6: 4096 neurons manual!y when val accuracy plateaus
4096] FC7: 4096 neurons - L2 weight decay 5e-4

1000] FC&: 1000 neurons (class scores) -7 CNN ensemble: 18.2% -> 15.4%

Source: CS231n course, Stanford University
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Imagenet Leaderboard

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

307 282
25 First CNN-based winner [152 tayers| [152 layers| [152 layers|
20 /

16.4

15

11.7 22 layers,

10

7.3 6.7 51
s =

A EH =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Linetal Sanchez & | Krizhevsky etal| Zeiler & Simonyan &  Szegedy et al He etal Shao et al Huetal Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)

Source: CS231n course, Stanford University
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Imagenet Leaderboard

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

307 282 ZFNet: Improved

hyperparameters over |152 Iayers| |‘I52 Iayers| |152 Iayers|
25 AlexNet \
20

16.4

15
11.7 22 layers

7.3 6.7 o1

5 [__salon Bl [l
I BB ---.

10

2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Linetal Sanchez &  Krizhevsky etal| Zeiler & Simonyan &  Szegedy et al He etal Shao et al Huetal Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)

Source: CS231n course, Stanford University
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ZFNet

Z F N et [Zeiler and Fergus, 2013]

image size 224 110 26 13 13 13
filter size 7 []

13
384 | V1 w384 256
N N

stride 2 3x3 max c
3x3 max pool| | contre pool 4096 4096 class
S e stride 2 units| | units| [ softmax
= ‘53: 55 ,b =
2 9 256
Input Image \ N
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
AlexNet but:

CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 16.4% -> 11.7%
§ Citation of the paper as on Jan 31, 2021 is 11,396

Source: CS231n course, Stanford University
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ZFNet

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282
Deeper Networks l152 Iayersl l152 Iayersl l152 Iayersl
25
20 \
16.4
15
10

5 5.1
, [ H B =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin etal Sanchez &  Krizhevsky etal  Zeiler & Simonyan &  Szegedy et al Heetal Shao et al Huetal Russakovsky et al

Perronnin (AlexN; Fergus  [Zisserman (VGG) (GooglLeNet ResNet] SENet)
( ,)ﬂ- } (LGG) (Googl )l ) (

Source: CS231n course, Stanford University
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VGG

Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Small filters, Deeper net S

—

8 layers (AlexNet)
->16 - 19 layers (VGG16Net) (

—

Only‘%nm;g_l\lv sl_;jde 1, Qad 1
and 2x2 MAX POOL stride 2
L T

E——

11.7% top 5 error in ILSVRC’13

(ZFNet)
-> 7.3% top 5 error in ILSVRC'14 C:Z. O
—— -

AlexNet VGG16 ~ VGG1
"fwh. R2ZYR S
§ Citation of the paper as on Jan 31, 2021 is 51,620 224 x22{Xél

—

Source: CS231n course, Stanford University
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VGG

Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: Why use smaller filters? (3x3 conv)

Stack of trlge‘3x3 cony (stride 1) layers
has same effective receptive field as

one 7x7 _conv layer

three 3x3 conv(stride 1) layers?
-_— —

Abir Das (IIT Kharagpur)

[_fCaoes ]

AlexNet

> 1000 ] 2

]

Input ] L Input

VGG16 VGG19

Source: CS231n course, Stanford University

Feb 01 and 02, 2021

18 / 73


abir


LeNet AlexNet ZFNet C3D GoogleNet ResNet MobileNet-v1
o 00000000000 00 0O®00000000 000 0OOO0000000000000000000 000000000000 00000000

is looking at (or éettiné comEuted gue to)

—

Input Image One Iazer of 7x7 convolution
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VGG

Input Image One layer of 3x3 convolution
—_—

§ Receptive field is 3 x 3
—_—
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VGG

Input Image Two layers of 3x3 convolution
PRI )

§ Receptive field is 5 x 5 (’7 -
-

-
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VGG

Input Image Three layers of 3x3 convolution

’V\n.,)gf/ ——

§ Receptive field is 7 x 7

Abir Das (IIT Kharagpur) Feb 01 and 02, 2021 22 /73
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VGG

ase §t«u
[Simo d Zi: 2014]
AR v@i i

use smaller filters? (3x3 co

Stack of three 3x3 conv (stride 1) layers [~\—(. 7mk,c =
has same effectlve receptive |elg:| as ==
one Wayer Y == [E——
@eb ==
( - But deeper, more non-linearifies Qy\‘f-" ”%/E | L 1
' Y\q’% =
- And fewer parameters: 3 * (3°C?) vs. — , N ]
7 72C2for C channels per layer
= = ‘v e
0 AIexNet " VGG16 VGG19

/‘&t/ q’ ,F\ lw g’élC/ Source: CS231n course, Stanford University
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CONV3-64: [2244224x64] memory: 224*ggé*§4 3.2 params: (3 3*54— 1,728%
4x224x64] memory: 224 224 64=3 2\ params: (3*3*64)*64 36, 864/
POOL2: [112x112x64] memory: 112*112*64= “800K pargms: Qe 65:."(,
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0 —
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 @

p=—)

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 ~
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14;512=100K params: 0 7
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 7

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 e — 2
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 o°
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 F—
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 f/t’l »

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216/ f VGG16

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 7/ 9% %
TOTAL memory: 1 S ~—ﬂ8 / image ( or a forward pass) 2>

TOTAL params: 138M parameters

Source: CS231n course, Stanford University
—_——
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VGG

INPUT: [224x224x3] ~ memory: 224*224*3=150K params: 0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 Note:
CONV3-64: [224x224x64] memory: 224*224*64=3.2M s: (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K params: 0 -
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 Most memary-is in
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 early CONV

POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: 0 Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 inlate FC
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 15.2M * 4 bytes ~= 58MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters
7—1

Source: CS231n course, Stanford University

Abir Das (IIT Kharagpur) Feb 01 and 02, 2021 / 73



abir

abir


LeNet AlexNet ZFNet C3D GoogleNet ResNet MobileNet-v1
00000000000 00 000000000e0 000 0O0O0O0000000000000000000 000000000000 00000000

o

VGG

SN TS R,

INPUT: [224x224x3] memory: 224*224*3=150K params: 0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0 %&_

/ convs-3
/ conv5-2
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 4 convs-t
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448
FC: [1x1x4096] memory: params: 4096*4096 = 16,777,216 .
FC: [1x1x1000] memory: TO00 params: 4096*1000 = 4,096,000 %&ub\}

TOTAL memory: 15.2M * 4 bytes ~= 58MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

conva-3

comaof

conva-1

conv3-2

conv3-1

conv2-2

conva-1

L

convi-1

;

—

Source: CS231n course, Stanford University
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VGG

Case Study: VGGNet \‘

[Simonyan and Zisserman, 2014] — ]

Details: 4 @]
- ILSVRC'14 2nd in classification, 1st in =

localization” - =
- Similar training procedure as Krizhevsky

2012& [E——
- No Local Response Normalisation (LRN) I

- Use VGG16 or VGG19 (VGG19 only
slightly better, more memory)

- Use ensem/t;l-es for bestTesults ¢  — o m—
- FCLfgatu@s_geneMto other — ; I 1
tasks
—~
CC ] e
AlexNet VGG16 VGG19

Source: CS231n course, Stanford University
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Video Classification

Examples from UCF-101 dataset.
it

ApplyEyeMakeup CuttingInKitchen

BalanceBeam TableTennisShot

Abir Das (IIT Kharagpur)


abir


LeNet AlexNet ZFNet VGG GoogleNet ResNet MobileNet-v1

o 00000000000 00 00000000000 Oeo 0000000000000 0O00O0O000000 000000000000 00000000

Conv4b Conv5a || Conv5b fc7
512 512 512 4096

Flgure 3. C3D archltecture C3D net has 8 convolutmn 5 max-pooling, and 2 fully connected layers, followed by a soﬂmax owlayer

Al 3D convolution kernels are 3 x 3 x 3 with stride 1 in both spatial and temporal dimensions. Number of filters are denoted in each box.
The 3D pooling layers are denoted from pooll to pools All pooling kernels are 2 X 2 x 2, except forpoollis 1 x 2 x 2. Each fully
connected layer has 4096 output units. =~ —_—

Conv3b
256

Conv4a
512

Conv3a

Conv2a
n 256

128’

n.
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LeNet AlexNet ZFNet VGG GoogleNet ResNet MobileNet-v1
o

00000000000 00 00000000000 OO0e 0000000000000 0O00O0O000000 000000000000 00000000

C3D

)'L/ 7 2 V. '.I‘

INPUT: [16x112x112@ memory: 16*112:112"3=602K params; Q. (NOt counting biases) I
CONV1a-{16x%]12x112x64] memory: 16*1127112°64=12.8)y) paramg( 3)(3"3"3)"64 = 5184
POOL1:J16x56x56%64] memory: 16"56°56"64=3.2M params; 0 W) No,&
CONV2a: [16x )@x@] memory: 16*56*56*128=6.4M params: 64*(3*3%3)*128 = 221,184
POOL2: [8x28x28x128] memory: 8*28*28*128=802K params: 0

CONV3a: [8x28x28x256] memory: 8*28*28*256=1.6M params: 128*(3*3*3)*256 = 884,736
CONV3b: [8x28x28x256] memory: 8*28*28*256=1.6M params: 256*(3*3*3)*256 = 1,769,472
POOLS3: [4x14x14x256] memory: 4*14*14*256=200K params: 0

CONV4a: [4x14x14x512] memory: 4*14*14*512=401K params: 256*(3*3*3)*512 = 3,538,944
CONV4b: [4x14x14x512] memory: 4*14*14*512=401K params: 512*(3*3*3)*512 = 7,077,888
POOL4: [2x7x7x512] memory: 2*7*7*512=50K params: 0

CONV5a: [2x7X7x512] memory: 2*7*7*512=50K params: 512*(3*3*3)*512 = 7,077,888
CONV5b: [2x7X7x512] memory: 2*7*7*512=50K params: 512*(3*3*3)*512 = 7,077,888
POOLS5: [1x4x4x512] memory: 1*4*4*512=8,192 params: 0

FC6: [4096] memory: 4096 params: 4*4*512*4096 = 33,554,432

FC: [4096] memory: 4096 params: 4096*4096 = 16,777,216 — [ |
FC: [101] memory: 101 params: 4096*101 = 413,696 T

TOTAL memory: 28.3M * 4 bytes ~= 107.82)B / image (for a forward pass)
TOTAL params: 78.4M parameters’
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GooglLeNet

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282

Deeper Networks 152 layers| [152 layers| [152 layers]

\

22 IayerSJ

16.4
11.7
10
7.3 6.7
5.1
= B B
0 [T

25

20

15

2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Linetal Sanchez &  Krizhevsky etal  Zeiler & Simonyan &  Szegedy et al Heetal Shao et al Huetal Russakovsky et al
Perronnin (AlexNet) Fergus  [Zisserman (VGG) (GoogleNet) (ResNet) (SENet)

§ Citation of the paper as on Jan 31, 2021 is 27,825

Source: CS231n course, Stanford University
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GooglLeNet

1x1 convolutions

1x1 CONV
with 32 filters

56

56
(each filter has size 1x1x64,

and performs a 64-dimensional
dot product)

preserves spatial dimensions,
reduces depth!

56 P 56

64 32

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GooglLeNet

[Szegedy et al., 2014]

Deeper networks, with computational
efficiency

- 22 layers

- Efficient “Inception” module

- No FC layers

- Only 5 million parameters!
12x less than AlexNet

- ILSVRC’14 classification winner
(6.7% top 5 error)

Inception module

Source: CS231n course, Stanford University
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ResNet MobileNet-v1

AlexNet ZFNet VGG C3D
00000000000 000 OOOeO000000000000000000 000000000000 00000000

LeNet
o 00000000000 0O

GooglLeNet

Case Study: GooglLeNet

[Szegedy et al., 2014]

“Inception module”: design a
good local network topology
(network within a network) and
then stack these modules on
top of each other

Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GooglLeNet

[Szegedy et al., 2014]

Apply parallel filter operations on
the input from previous layer:

- Multiple receptive field sizes
for convolution (1x1, 3x3,
5x5)

- Pooling operation (3x3)

Filter
concatenation

Previous Layer

Concatenate all filter outputs
Naive Inception module together depth-wise

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GooglLeNet

[Szegedy et al., 2014]

Apply parallel filter operations on
the input from previous layer:

- Multiple receptive field sizes
for convolution (1x1, 3x3,
5x5)

- Pooling operation (3x3)

Filter
concatenation

Previous Layer

Concatenate all filter outputs
Naive Inception module together depth-wise

Q: What is the problem with this?
[Hint: Computational complexity]

Source: CS231n course, Stanford University
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GooglLeNet

Case StUdy GOOQLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q1: What is the output size of the

Example: 1x1 conv, with 128 filters?

Filter
concatenation

3x3 conv,
192

1x1 conv,
128

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case StUdy GOOg LeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]
. Q1: What is the output size of the
Example: 1x1 conv, with 128 filters?
concatenation
28x28x128

1x1 conv,
128

3x3 conv,
192

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case StUdy GOOg LeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]
N Q2: What are the output sizes of
Example: all different filter operations?
concatenation
28x28x128

1x1 conv,
128

3x3 conv,
192

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case StUdy GOOg LeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q2: What are the output sizes of

Example:  J\Gitferent filter operations?

Filter
concatenation

3x3 conv,
192

28x28x128 28x28

1x1 conv,
128

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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Case StUdy GOOg LeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q3:What is output size after

Example: filter concatenation?

Filter
concatenation

3x3 conv,
192

28x28x128 28x28

1x1 conv,
128

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case StUdy GOOg LeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q3:What is output size after

Example: filter concatenation?

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation

3x3 conv,
192

28x28x128 28x28

1x1 conv,
128

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GooglLeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q3:What is output size after

Example: filter concatenation?

Conv Ops:
28x28x(128+192+96+256) = 28x28x672 [1x1 conv, 128] 28x28x128x1x1x256

[3x3 conv, 192] 28x28x192x3x3x256
e [5x5 conv, 96] 28x28x96x5x5x256
5x5 conv,

28x28
28x28x128 8x28x256 Total: 854M ops

3x3 conv,

1x1 conv,
8 192

128

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Q3:What is output size after

Example: filter concatenation?

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation

3x3 conv,
192

28x28x128 28x28

1x1 conv, 5x5 conv,

128

Module input:
28x28x256

Naive Inception module

Abir Das (IIT Kharagpur)

Q: What is the problem with this?
[Hint: Computational complexity]

Conv Ops:

[1x1 conv, 128] 28x28x128x1x1x256
[3x3 conv, 192] 28x28x192x3x3x256
[5x5 conv, 96] 28x28x96x5x5x256
Total: 854M ops

Very expensive compute
Pooling layer also preserves feature
depth, which means total depth after

concatenation can only grow at every
layer!

Source: CS231n course, Stanford University
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GooglLeNet

Case StUdy GOOg LeNet Q: What is the problem with this?

[Szegedy et al., 2014] [Hint: Computational complexity]

Q3:What is output size after

Example: filter concatenation?

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation

3x3 conv,
192

28x28x128 28x28 '
Solution: “bottleneck” layers that

use 1x1 convolutions to reduce
feature depth

1x1 conv,
128

5x5 conv,

Module input:
28x28x256

Naive Inception module

Source: CS231n course, Stanford University
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GooglLeNe

Case Study: GooglLeNet

[Szegedy et al., 2014]
1x1 conv “bottleneck”

layers
Filter
concatenation

A 4

1x1
convolution

Filter
concatenation

x1
convolution

1x1
convolution

Previous Layer

Previous Layer

Naive Inception module
Inception module with dimension reduction

Source: CS231n course, Stanford University
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ResNet MobileNet-v1

00000000000 000 0000000000000 000e000000 000000000000 00000000

Case Study: GooglLeNet

[Szegedy et al., 2014]

28x28x480

Fitter
concatenation

28x28x128 _ 28x28x192  28x28x96  28x28x64
— £ \ ~
1x1 conv, 3x3 conv, 5x5 conv, 1x1 conv,
128 12 % g
28x28x64  28x28x64 28x28x256
1x1 <I:onv, 1x1 (I:onv,

64 64

Module input:
28x28x256

Previous Layer

Inception module with dimension reduction

Abir Das (IIT Kharagpur)

Using same parallel layers as
naive example, and adding “1x1
conv, 64 filter” bottlenecks:

Conv Ops:

[1x1 conv, 64] 28x28x64x1x1x256
[1x1 conv, 64] 28x28x64x1x1x256
[1x1 conv, 128] 28x28x128x1x1x256
[3x3 conv, 192] 28x28x192x3x3x64
[5x5 conv, 96] 28x28x96x5x5x64
[1x1 conv, 64] 28x28x64x1x1x256
Total: 358M ops

Compared to 854M ops for naive version

Bottleneck can also reduce depth after
pooling layer

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GoogLeNet

[Szegedy et al., 2014]

Stack Inception modules
with dimension reduction ‘
on top of each other \

Fiter
concatenation

Inception module

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GooglLeNet
architecture

Stem Network:
Conv-Pool-
2x Conv-Pool

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GooglLeNet

[Szegedy et al., 2014]

Full GooglLeNet
architecture

Stacked Inception
Modules

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GoogLeNet

[Szegedy et al., 2014]

Full GooglLeNet
architecture

Classifier output
(removed expensive FC layers!)

Source: CS231n course, Stanford University
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GooglLeNet

Case Study: GoogLeNet

[Szegedy et al., 2014]

Full GooglLeNet
architecture

S

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

Source: CS231n course, Stanford University
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Case Study: GooglLeNet

[Szegedy et al., 2014]

Deeper networks, with computational

efficiency
- 22 layers | |
- Efficient “Inception” module
- No FC layers

- 12x less params than AlexNet
- ILSVRC'’14 classification winner
(6.7% top 5 error)

Inception module

Source: CS231n course, Stanford University
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ResNet

ZFNet

VGG
00000000000 000

C3D GoogleNet

MobileNet-v1
00000000000000000000000 @00000000000 OO000000

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30

28.2

25

20

15

10

A—NA

2010
Linetal

2011

Sanchez &
Perronnin

16.4

2012

Krizhevsky et al

(AlexNet)

11.7

2013

Zeiler &
Fergus

“Revolution of Depth”

152 Iayers| |152 Iayers| |152 layers

22 layers,

i .

2014 2014
Simonyan &  Szegedy et 3|

Zisserman (VGG) (GoogleNet]

36 5.1
Hm wB
2015 2016 2017 Human
Heetal Shao et al Huetal Russakovsky et al
(ResNet) (SENet)

§ Citation of the paper as on Jan 31, 2021 is 68,522

Abir Das (IIT Kharagpur)

Source: CS231n course, Stanford University

Feb 01 and 02, 2021 54 /73



LeNet AlexNet ZFNet VGG C3D GoogleNet
o 00000000000 00 00000000000 000

ResNet

Case Study: ResNet

[He et al., 2015]

Very deep networks using residual Fx) + x T relu

connections

X
identity

- 152-layer model for ImageNet

- ILSVRC’15 classification winner
(3.57% top 5 error)

- Swept all classification and
detection competitions in X
ILSVRC’15 and COCOQO’15! Residual block

F(x) ]relu

MobileNet-v1

0000000000000 0000000000 Oe0000000000 00000000

Source: CS231n course, Stanford University
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ResNet

Case Study: ResNet

[He et al.,, 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional
neural network?

s ol

5 >6-layer o
o £
£ o)
£ B
s g
= =

. 1 .
Iterations Iterations

Q: What's strange about these training and test curves?
[Hint: look at the order of the curves]

Source: CS231n course, Stanford University
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ResNet

Case Study: ResNet

[He et al.,, 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional
neural network?

S ol

5 6-layer —
o £
£ @
£ B
s g
= =

. 1 .
Iterations Iterations

56-layer model performs worse on both training and test error
-> The deeper model performs worse, but it's not caused by overfitting!

Source: CS231n course, Stanford University
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ResNet

Case Study: ResNet

[He et al., 2015]

Hypothesis: the problem is an optimization problem, deeper models are harder to
optimize

The deeper model should be able to perform at
least as well as the shallower model.

A solution by construction is copying the learned
layers from the shallower model and setting
additional layers to identity mapping.

Source: CS231n course, Stanford University
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ResNet

Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

I relu
H(x) F(x) + x
X
F(x
]relu ) relu identity
X X
“Plain” layers Residual block

Source: CS231n course, Stanford University
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ResNet

Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

oo H(x) = F(x) +x ~, [ relu Use layers to
() Foo +x fit residual
] F(x) = H(x) - x
x instead of
]fe'u F relu identity H(X) directly
f
X X
“Plain” layers Residual block

Source: CS231n course, Stanford University
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C3D GoogleNet

Case Study: ResNet

[He et al., 2015]

Full ResNet architecture:

- Stack residual blocks

- Every residual block has
two 3x3 conv layers

- Periodically, double # of
filters and downsample
spatially using stride 2
(/2 in each dimension)

Abir Das (IIT Kharagpur)

I relu
F(x) + x

F) ]'e'” ide):tity

X
Residual block

MobileNet-v1

0000000000000 0000O000000 0000000 e0000 00000000

3x3 conv, 128
filters, /2
spatially with
stride 2

3x3 conv, 64
filters

Source: CS231n course, Stanford University
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ResNet

No FC layers
besides FC
1000 to
output
classes

Case Study: ResNet

[He et al., 2015]

Global
average
pooling layer
after last
conv layer

Full ResNet architecture: I |
- Stack residual blocks Fi) +x relu
- Every residual block has
two 3x3 conv layers
- Periodically, double # of

3x3 conv, 128

filters and downsample F(x) ]relu X fiters, /2
spatially using stride 2 identity Spatialy wih

(/2 in each dimension)

-Additional conv layer

at the beginning X

-No FC layers at the Residual block
end (only FC 1000 to

output classes)

Source: CS231n course, Stanford University
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Case Study: ResNet

[He et al., 2015]

28x28x256
output
1x1 conv, 256 filters projects
back to 256 feature maps

For deeper networks (28x28x256)

(ResNet-50+), use “bottleneck” t T
layer to improve efficiency 3x3 conv operates over

(similar to GoogLeNet) only 64 feature maps T

1x1 conv, 64 filters
to project to

28x28x64 28x28x256

input

Source: CS231n course, Stanford University
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error (%)

20-layer

0 1 2 74 : 5 § - 6
Ils (1e4)
Figure 6. Training on CIFAR- 10 Dashed lines denote training error, and bold lmes denote testing error

Source: He et. al., 2015

Abir Das (IIT Kharagpur)
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GoogleNet
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Case Study: ResNet

[He et al., 2015]

Experimental Results

- Able to train very deep
networks without degrading
(152 layers on ImageNet, 1202
on Cifar)

- Deeper networks now achieve
lowing training error as
expected

- Swept 1st place in all LSVRC

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks

* ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets

* ImageNet Detection: 16% better than 2nd

* ImageNet Localization: 27% better than 2nd
+ COCO Detection: 11% better than 2nd

* COCO Segmentation: 12% better than 2nd

and COCO 2015 competitions

Abir Das (IIT Kharagpur)

Source: CS231n course, Stanford University
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MobileNet-v1

§ ConvNets, in general, are compute and memory heavy

§ MobileNet-vl from Google [in 2017] describes an efficient network in
terms of compute and memory so that many real world vision
applications can be performed in mobile or similar embedded
platforms
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§ ConvNets, in general, are compute and memory heavy

§ MobileNet-vl from Google [in 2017] describes an efficient network in
terms of compute and memory so that many real world vision
applications can be performed in mobile or similar embedded
platforms

§ Used depthwise separable convolution which is depthwise convolution
and then pointwise convolution
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MobileNet-v1

§ ConvNets, in general, are compute and memory heavy

§ MobileNet-vl from Google [in 2017] describes an efficient network in
terms of compute and memory so that many real world vision
applications can be performed in mobile or similar embedded
platforms

§ Used depthwise separable convolution which is depthwise convolution
and then pointwise convolution

§ Also introduced two simple scaling hyperparameters
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Depthwise Separable Convolution

8 Suppose, we have Dp x Dp x M input feature map, D X Dp x N
output feature map and D} x D). spatial sized conventional
convolution filters.

[T

DyXDxM

DeXDpXM DeXDpXN

§ What is the computational cost for such a convolution operation?
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8 Suppose, we have Dp x Dp x M input feature map, D X Dp x N
output feature map and D} x D). spatial sized conventional
convolution filters.

[T

DyXDxM

DeXDpXM DeXDpXN

§ What is the computational cost for such a convolution operation?
—Dy-Dyp-M-Dp-Dp-N

§ What is the number of parameters?

Abir Das (IIT Kharagpur) Feb 01 and 02, 2021 67 / 73



LeNet AlexNet ZFNet VGG C3D GoogleNet ResNet
o 00000000000 00 00000000000 000 0OOOOO00000000000000000 OOO000000000 0000000

Depthwise Separable Convolution

8 Suppose, we have Dp x Dp x M input feature map, D X Dp x N
output feature map and D} x D). spatial sized conventional
convolution filters.

0.

DyXDxM

DeXDpXM DeXDpXN

§ What is the computational cost for such a convolution operation?
—Dy-Dyp-M-Dp-Dp-N
§ What is the number of parameters? —Dy. - Dy, - M - N
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Depthwise Separable Convolution

§ Now, think of M filters which are Dg x Dk (not Di X D x M)
and think each M of these filters are operated separately on M
channels of input of spatial size Dr x D

§ What is the computational cost for such a convolution operation?
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—Dg -Dg-Dp-Dp-M
§ And what is the number of parameters?

Abir Das (IIT Kharagpur) Feb 01 and 02, 2021 68 / 73



LeNet AlexNet ZFNet VGG C3D GoogleNet ResNet
o 00000000000 00 00000000000 000 0OOOO000000000000000000 OOO0O0000000 OOeO0000

Depthwise Separable Convolution

§ Now, think of M filters which are Dg x Dk (not Di X D x M)
and think each M of these filters are operated separately on M
channels of input of spatial size Dr x D

§ What is the computational cost for such a convolution operation?
—Dg -Dg-Dp-Dp-M
§ And what is the number of parameters? —Dyg - Dg - M
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Depthwise Separable Convolution

§ Now, think of M filters which are Dg x Dk (not Di X D x M)
and think each M of these filters are operated separately on M
channels of input of spatial size Dr x D

§ What is the computational cost for such a convolution operation?
—Dg -Dg-Dp-Dp-M
§ And what is the number of parameters? —Dyg - Dg - M

§ This operation is known as Depthwise Convolution operation
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Depthwise Separable Convolution

§ What is the output shape now?
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Depthwise Separable Convolution

§ What is the output shape now? —Dp X Dp x M
§ Where did the NV (output channels) go?

Abir Das (IIT Kharagpur) Feb 01 and 02, 2021 69 / 73



LeNet AlexNet ZFNet VGG C3D GoogleNet ResNet
o 00000000000 00 00000000000 000 0OOOOO00000000000000000 000000000000 OOOe0000

Depthwise Separable Convolution

§ What is the output shape now? —Dp X Dp x M

§ Where did the NV (output channels) go?
It is simply not there because depthwise convolution does the
convolution only on input channels.
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Depthwise Separable Convolution

§ What is the output shape now? —Dp X Dp x M

§ Where did the NV (output channels) go?
It is simply not there because depthwise convolution does the
convolution only on input channels.

§ Now think about 1 x 1 traditional convolution on Dp X Dp x M
featuremap to get Dr X Dp x N output. What is the computation

cost?
1
1 “~— N —
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Depthwise Separable Convolution

§ What is the output shape now? —Dp X Dp x M

§ Where did the NV (output channels) go?
It is simply not there because depthwise convolution does the
convolution only on input channels.

§ Now think about 1 x 1 traditional convolution on Dp X Dp x M
featuremap to get Dr X Dp x N output. What is the computation

cost?
1
1 “~— N —

—1-1-M-Dp-Dp-N=Dp-Dp-M-N

§ What is the number of parameters?
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Depthwise Separable Convolution

§ What is the output shape now? —Dp X Dp x M

§ Where did the NV (output channels) go?
It is simply not there because depthwise convolution does the
convolution only on input channels.

§ Now think about 1 x 1 traditional convolution on Dp X Dp x M
featuremap to get Dr X Dp x N output. What is the computation

cost?
1
1 “~— N —

—1-1-M-Dgp-Dp-N=Dp-Dp-M-N
§ What is the number of parameters? —1-1-M - N

§ This operation is called 1 x 1 pointwise convolution
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Depthwise Separable Convolution

§ So, traditional convolution with D x Dy x M x N filters, we get
feature map of size Dp X Dp x N

§ Also with depthwise separable convolution (i.e., depthwise convolution
+ 1 x 1 pointwise convolution), we get Dr x Dp x N feature map
§ The computation is less
» Dy -Dyp-M-Dp-Dp-N vs

Dy-Dp-M-Dp-Dp+Dp-Dp-M-N __ 1 _{_L

§ The reduction in computation B Dr Al Dr Dr N =Nt pr

§ Also the reduction in number of parameters
M-Dg-Dg+M-N _ 1 4 1
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MobileNet-v1 Structure

Table 1. MobileNet Body Architecture

Type / Stride Filter Shape Input Size
Conv /s2 3x3x3x32 224 x 224 x 3
Conv dw /sl 3 x 3 x32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw /s2 3 x 3 x64dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x 56 x 64
[ 3x3 Conv | [3x3 Depthwise Conv] Conv dw /sl | 3 x3x128dw 56 x 56 x 128
I Conv /sl 1x1 %128 x 128 56 x 56 x 128
[ BN | | BN ] Convdw/s2 | 3x3x 128 dw 56 % 56 x 128
| T Conv /sl Tx1x198 x 956 | 28 x 28 x 128
Conv dw /sl 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1x 1 x 256 x 256 28 x 28 x 256
Conv dw /52 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1x1x256 x 512 14 x 14 x 256
5x Convdw /sl | 3 x3x512dw 14 x 14 x 512
Figure 3. Left: Standard convolutional layer with batchnorm and Conv /sl 1 x1x512 x 512 14 x 14 x 512
ReLU. Right: Depthwise Separable convolutions with Depthwise Conv dw /2 3% 3 x 512 dw 14 x 14 x 512
and Pointwise layers followed by batchnorm and ReLU. Conv /sl 1x1x512x1024 | 7x7x512
Image taken from: MobileNet Paper Conv dw /2 3 x 3 x 1024 dw 7T xT7x1024
Conv /sl 1x1x1024 x 1024 | 7 x 7 x 1024
Avg Pool / s1 Pool 7 x 7 7 x7x1024
FC /sl 1024 x 1000 1x1x1024
Softmax / sl | Classifier 1 x 1 x 1000

Image taken from: MobileNet Paper
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Width and Resolution Multiplier

§ The role of the width multiplier o € (0, 1] is to thin a network
uniformly at each layer

§ the number of input channels M becomes aM and the number of
output channels N becomes alN

§ The computational cost of a depthwise separable convolution with
width multiplier avis Dy - Dy, -aM - Dp - Dp + Dp - Dp - oM - aN

§ Width multiplier has the effect of reducing computational cost and
the number of parameters quadratically by roughly o
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Width and Resolution Multiplier

§ The role of the width multiplier o € (0, 1] is to thin a network
uniformly at each layer

§ the number of input channels M becomes aM and the number of
output channels N becomes alN

§ The computational cost of a depthwise separable convolution with
width multiplier avis Dy - Dy, -aM - Dp - Dp + Dp - Dp - oM - aN

§ Width multiplier has the effect of reducing computational cost and
the number of parameters quadratically by roughly o

§ Resolution multiplier p € (0, 1] reduces the image resolution by this
factor and the internal representation of every layer is subsequently
reduced by the same multiplier

§ With width multiplier o and resolution multiplier p, the computational
costisais Dy - Dy -aM - pDp - pDp + pDp - pDp - aM - aN

§ Resolution multiplier has the effect of reducing computational cost by

o2
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Experimental Results

Table 6. MobileNet Width Multiplier
Width Multiplier ImageNet Million Million
Accuracy Mult-Adds  Parameters

1.0 MobileNet-224 70.6% 569 42
0.75 MobileNet-224  68.4% 325 2.6
0.5 MobileNet-224 63.7% 149 13
Table 4. Depthwise Separable vs Full Convolution MobileNet 0.25 MobileNet-224 50.6% 41 05
Model ImageNet Million Million
Accuracy Mult-Adds  Parameters Table 7. MobileNet Resolution
Conv MobileNet 71.7% 4866 293 Resolution TmageNet Million Million
MobileNet 70.6% 569 42 Accuracy Mult-Adds  Parameters
Image taken from: MobileNet Paper :g Mgg:izg:ﬁg; ég?z i?g j;
1.0 MobileNet-160  67.2% 290 42
1.0 MobileNet-128 64.4% 186 42

Image taken from: MobileNet Paper
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