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Thanks to John Canny, lan Goodfellow,
Yoshua Bengio, Aaron Courville, Efstratios
Gavves, Kirill Gavrilyuk, Berkay Kicanaoglu,
and Patrick Putzky and many others for
making their materials publically available.

The present slides are mainly based on slides from John Canny
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Last time ...

Convnets | with Alyosha Efros
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iInput layer

hidden layer 1 hidden layer 2
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Retinal Cells

Hubel & Weisel featural hierarchy

topographical mapping |
hy[)er-complex O high level
cells , @
complex cells (D mid level
simple cells
"""" O low level
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Locally Connected Layer

\ Example: 200x200 image

\,
—— ‘ 40K hidden units
Filter size: 10x10

4M parameters

Note: This parameterization is good when
input image is registered (e.g., face recognition).

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




<575 TECHNISCHE
=7/

G/~ UNIVERSITAT
9"~ DARMSTADT

Convolutional Layer

PR £ N Share the same parameters across different
- locations (assuming input is stationary):
COnvolutions with learned kernels

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Convolutional of Two Signals

[ ‘,5}\‘
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nl = —00 ]}2 = —00

elementwise multiplication and sum of a
filter and the signal (image)
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[From recent Yann

A Deep Classification Network LeCun slides]

Low-Level| |[Mid-Level| |High-Level|{ | Trainable
— — —
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
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A closer look at spatial dimensions:

activation map

32x32x3 image
 By5x3 filter

|2~

7 28
—=0 »
3= convolve (slide) over all

spatial locations

32 28
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MAX POOLING

Single depth slice

dl1l112]4

max pool with 2x2 filters
and stride 2 6 g

56|78
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Case Study: LeNet-5

[LeCun et al., 1998]

S
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C3. 1. maps 16@ 10010
NPUT C leature maps S4 ! rmaps ‘@56

622828
e S2 L maps O3 1P Felayer OUTPUT

2

—

|
| Fulcondecton | Gaussian connections
Convolutions Subsamping Comnvolutons  Subsampling Full connection

Conv filters were 5x5, applied at stride 1

Subsampling (Pooling) layers were 2x2 applied at stride 2
Tanh nonlinearities applied to filter outputs

I.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




A TECHNISCHE
UNIVERSITAT
DARMSTADT

Case Study: AlexNet

[Krizhevsky et al. 2012]

4 i ' 3
NN
192 192
A & , 128 g
iy, 13
R24 1 !l . .
9 ‘ 2? . 1 u"
o~ 3.
\~ 55 T =
22 Slf Max 128 Max
of 4 pocling pooling
3 48

Input: 227x227x3 images
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Case Study AIexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT

— — 4| e .. |
—"—k 1 1T EN s I s [
} 3 LA = A 4
)‘l \ M\ 1 \l - A / \ A
A‘] o % AN \ /LI /
4\[ 197 1% 548 \ / 204
\az 128 \ - - A
Y \ 1\13 \E \
e N: e \ \ A Y { \
D24 1 =\l ’}, 1 .| 1.1 |
[ & e e Wi It a= [ 3 densel
\ hfl_\ \\[] 3 X ! 17
‘ \ | \ | N | \ | |
\ ) \l Ma
.'.J\ﬂ@j, & M e pooling
'tjv.tl 4 HL,‘* ding pool

[65x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 Details/Retrospectives:

[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] NORMZ2: 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] 4096 neurons
[4096] 4096 neurons
[1000] 1000 neurons (class scores)

- 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

- L2 weight decay 5e-4

- 7 CNN ensemble: 18.2% -> 15.4%

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




The Unreasonable Effectiveness of Deep Features

® O o = & ®

cog bird invertobrate vehicle good, coverng buiding

Low-level: Pool; High-level: FC¢

Classes separate in the deep representations and transfer to many
tasks. [DeCAF] [Zeiler-Fergus]
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Can be used as a generic feature
(“CNN code” = 4096-D vector before classifier)

query image nearest neighbors in the “code” space

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Transfer Learning with CNNs

image 1. Train on
conv-64 Imagenet
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax
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Transfer Learning with CNNs

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

1. Train on
Imagenet

image
conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool

FC-4096
FC-4096

FC-1000
softmax

2. If small dataset: fix
all weights (treat CNN
as fixed feature
extractor), retrain only
the classifier

i.e. swap the Softmax
layer at the end
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 image | : image . fi ~ image 3. If you have medium sized
1. Train on . If small dataset: fix
. 17 H 7
omsd | Imagenet T all weights (treat CNN == dataset, “finetune
conv-64 conv-64 as fixed feature conv-64 instead: use the OI(_j WelghtS
pem— maxpool extractor), retrain only S as initialization, train the full
the classifier network or only some of the
conv-128 conv-128 conv-128 hi gh er | ayers
conv-128 conv-128 ) conv-128
e e i.e. swap the Softmax :

P P layer at the end e retrain bigger portion of the
conv-256 conv-256 conv-256 network, or even all of it.
conv-256 conv-256 conv-256
maxpool maxpool maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool
FC-4096 FC-4096 FC-4096
FC-4096 FC-4096 FC-4096
FC-1000 FC-1000 FC-1000
softmax softmax softmax
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Transfer Learning with CNNs

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

1. Train on
Imagenet

image
conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool

FC-4096
FC-4096

FC-1000
softmax

2. If small dataset: fix
all weights (treat CNN
as fixed feature
extractor), retrain only
the classifier

i.e. swap the Softmax
layer at the end

7image
conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax
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3. If you have medium sized
dataset, “finetune”
instead: use the old weights
as initialization, train the full
network or only some of the
higher layers

retrain bigger portion of the
network, or even all of it.

tip: use only ~1/10th of
the original learning rate
in finetuning to player,
and ~1/100th on
intermediate layers

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




ConvNet Configuration
A A-LRN B C D E
Il weight | 11 weight | 13 weight | 16 weight § 16 weight § 19 weaght
Ca S e St u d y: VG G N et layers layers layers layers layers layers
mput (224 x 224 RGB imag})
; ; convi-bd | convi-64 | convi-64 | comvi-64 | comvi-64 [ convi-64
[Simonyan and Zisserman, 2014] el Wi o] Bt ol Bl fooirg
maxpool
Only 3x3 CONV stride 1, pad 1 comv3-128 | conv3-128 | comv3-I28 | comv3-128 | comv3-128 J com3-128
. conv3-128 | conv3-128 | com3-128 § com3-128
and 2x2 MAX POOL stride 2 maxpol
comv3-256 | conv3-256 | comv3-256 | conv3-256 § comv3-256 J comv3-256
comv3-256 | conv3-256 | conmv3-256 | comu3.2SWY comv3-256 J comv3-256
/ conv1-256 § conv3-256 § convi-256
/ conv3-256
—— o
conv3-S12 | conv3-512 | conv3-512 | conv3-312 | comv3-512 J comvi-S12
conv3-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512 B comv3-512
convl-512 | conv3-512 f§ comvi-512
conv3-512
maxpool
comv3-12 | conv3-S12 | comv3-512 | comv3-512 | comv3-512 | comv3-512
best model com3-512 | comv3-512 | com3-512 | com3-512 | com3-512 Jcom3-512
convl-512 | conv3-512 f§ comv3-512
conv3-512
maxpool
FC-4096
] ] FC-4096
11.2% previous top 5 error in ILSVRC 2013 FC-T00
->7.3% top 5 error ot
Table 2: Number of parameters (in millions).
Network AAIRN | B | C | D | E
Number of parameters 133 133 ] 134 | 138 | 144

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Case Study: VGGNet

(not counting biases)

INPUT: [224x224x3] memory: 224*224*3=150K params: 0

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

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

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: 4096 params: 4096*4096 = 16,777,216

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

ConvNet Conhguration

B

C

D

13 weight
layers

16 weight
layers

16 weight
layers

put (221 % 224 RGB imag

conv3-64
conv3-64

cony3-64
conv3-64

conv3-64
conv3-64

maxpool

conv3-12%
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256

conv1-256

conv3-256
conv3-256
conv3-256

maxpool

conv3-312
conv3-512

conv3-S12
conv3-512
convl-512

conv3-312
conv3-512
conv3-512

maxpool

conv3-312
conv3-512

conv3-512
conv3-512
convl-512

conv3-312
conv3-312

conv3-512

C
C

Co!
co

(R0
Co!
Co!
Col

Ol
Col
Co!
Col

Co
Co!
Co!

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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Case Study: VGGNet

INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (Ot 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

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

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: 4096 params: 4096*4096 = 16,777,216

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

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

ConvNet Conhguration

B

C

D

13 weight
layers

16 weight
layers

16 weight
layers

put (224 x 224 RGB imag

conv3-64
conv3-64

cony3-64
conv3-64

conv3-64
conv3-64

maxpool

conv3-12%
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256

conv1-256

conv3-256
conv3-256
conv3-256

maxpool

conv3-312
conv3-512

conv3-S12
conv3-512
convl-512

conv3-312
conv3-512
conv3-512

maxpool

conv3-312
conv3-512

conv3-512
conv3-312
convl-512

conv3-312
conv3-312

conv3-512

C
C

Co!
co

(R0
Co!
Co!
Col

Ol
Ol
Co!
Col

Ol
Co!
Col

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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Case Study: VGGNet

INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (1Ot 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 . (3*3*64)"64 = 36,864 Note:
POOL2: [112x112x64] memory: 112*112*64=800K params: 0
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73, Most -
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 ost memory'is in
POOL2: [56x56x128] memory: 56*56*128=400K params: 0 early CONV
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

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

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,2
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: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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[Szegedy et al., 2014]

Case Study: GooglLeNet

1 A 8
13 18 i gl el
1y p /sl B B
AHHEHEG 3 i! Ill H H H

fae
Fiter
concatenation
B e~ ~on
33 convolutions | | 55 convolutions | | 1x1 convolutions |ncepti0n mOdU|e
1x1 convolutions t ) }

1x1 convolutions 1x1 convolutions 3x3 max pooling

ILSVRC 2014 winner (6.7% top 5 error)
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Case Study: GooglLeNet

Lype ":;ﬂ ‘::: depth | 21x1 :lx: #3x3 ii“xs #5x5 :; params | ops
comvolution T™x7/2 H2x112x64 l 27K MM
max pood 3x3/2 56 x 56 x 64 0
coavolution Ix3/1 W x56x 192 2 & 192 12K M
max pool 3x3/2 28x28x 192 0
inception (3a) 28x 28 x 256 2 &4 % 128 16 R n 19K | I2M
inceptin (15) 28X 28 % 4580 2 128 123 192 2 % o4 WK | 304M
max pood Ix3/2 I x14x 480 0
incepea (4a) 14x14x512 2 19 ® X8 16 s 60 | 4K | M
incepton (4b) 14x14x512 2 160 i ) 24 N 64 &4 437K S5M
inception (4¢) Idx14x512 2 128 13 2% A 64 64 463K 100M
incoptaon (4d) 14x14x528 2 "2 144 %8 L1 64 ] SSOK | 119M
inception (4¢) I x14x 832 2 256 1% 30 R 128 128 S40K 170M
max pool Ix3/2 TxTx832 0
inception (Sa) TXTx832 2 156 160 kAL R 128 123 072K SM
inceptin (59) TxTx1024 2 RE2 19 3 N 128 123 1385K TIM
avg pool ™@7/1 Ix1x1024 0
dropout ($0%) 1x1x1024 0
lincar Ix1x1000 1 100K M
softmax 1x1x1000 0
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Fun features:

- Only 5 million params!
(Removes FC layers
completely)

Compared to AlexNet:
- 12X less params

- 2X more compute
-6.67% (vs. 16.4%)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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ILSVRC 2015 winner (3.6% top 5 error)

Research

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote vann) 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

2100V

Slide from Kaiming He’s recent presentation https://www.youtube.com/watch?v=1PGL]-uKT 1w

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning



https://www.youtube.com/watch?v=1PGLj-uKT1w
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Case Study: ResNet St
Research
Revolution of Depth 282
152 layers e

22 Imrs 19 laym
. 6.7

357 I l 8 layers 8 layers
=

ISVRC'1IS  ISVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ISVRC'11  ILSVRC'10
ResNet  GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

0V

Kaaming e, Xangyu Jhang S g Ren, & J n “Deep Reudu eorning 1or image Recognition
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Case Study: ResNet (Heetal, 2015
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X l X
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Case StUdy: ResNet 224x224x3
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Case Study: ResNet

CIFAR-10 experiments
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Case Study: ResNet [Heetal. 2015

ILSVRC 2015 winner (3.6% top rror)

Revolution of Depth
AlexNet, 8 layers ¥ VGG, 19 layers , ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
2ICCV

Research

(slide from Kaiming He’s recent presentation)
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2-3 weeks of training
on 8 GPU machine

at runtime: faster
than a VGGNet!
(even though it has
8x more layers)
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Case Study: ResNet (Heetal, 2015

- Batch Normalization after every CONYV layer

- Xavier/2 initialization from He et al.

- SGD + Momentum (0.9)

- Learning rate: 0.1, divided by 10 when validation error plateaus
- Mini-batch size 256

-  Weight decay of 1e-5

- No dropout used

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Case Study: ResNet (Heetal, 2015

64-d 256-d

SHTNIG!
all-3x3 complexity bottleneck
(for ResNet-50/101/152)
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Case Study: ResNet (Heetal, 2015

256-d -
concatenation
\d
1x1, 64 T s
Y relu 3x3 convolutions 5x5 convolutions 1x1 convolutions
3X3’ 64 1x1 convolutions } ) \
relu
L 1x1 convolutions 1x1 convolutions 3x3 max pooling
1x1, 256 L] B
Previous layer

(this trick is also used in GooglLeNet)
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Case Study: ResNet (Heetal, 201

layer name | output size I8-layer 34-layer S0-layer 101-layer | 52-layer
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Localization and Detection

Results from Faster R-CNN, Ren et al 2015

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Computer Vision Tasks

Classification + . . Instance
. Object Detection .
Localization Segmentation

Classification

CAT, DOG, bUCK CAT, DOG, DUCK

\ %
Y Y
Single Multiple
object objects
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Computer Vision Tasks

Classification +
Localization

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Classification + Localization: Task

Classification: C classes
Input: Image
Output: Class label
Evaluation metric: Accuracy

Localization:
Input: Image
Output: Box in the image (x, y, w, h)
Evaluation metric: Intersection over Union

(x, v, w, h)

Classification + Localization: Do both

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Classification + Localization

1000 classes (same as classification)

Each image has 1 class, at least one bounding
box

~800 training images per class

Algorithm produces 5 (class, box) guesses

Example is correct if at least one one guess has
correct class AND bounding box at least 0.5
intersection over union (loU)

Krizhevsky et. al. 2012

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Idea #1: Localization as Regression

Input: image

Box coordinates
< (4 numbers)
Loss:
L2 distance

Correct output:
box coordinates

. (4 numbers)
Only one object,

simpler than detection

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Simple Recipe for Classification + Localization

Step 1: Train (or download) a classification model (AlexNet, VGG, GooglLeNet)

Convolution
and Pooling Fully-connected
layers
.—V | I—>| —p Softmax loss

Final conv

Class scores
feature map

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Simple Recipe for Classification + Localization

Step 2: Attach new fully-connected “regression head” to the network

Convolution /'

and Pooling

ﬁully—connected
layers

Final conv
feature map

Image

Class scores

~

/

ﬁully—connected

layers

~

Box coordlnates

“Classification
head”

“Regression head”
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Simple Recipe for Classification + Localization

Step 3: Train the regression head only with SGD and L2 loss

ﬁully—connected \

layers

I-
N

Class scores

Convolution
and Pooling

/

Fully-connected
layers

I—»I - L2 loss

Final conv
feature map Box coordinates
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Simple Recipe for Classification + Localization

Step 4: At test time use both heads

Fully-connected
layers

Class scores

Convolution
and Pooling

Fully-connected
layers

|+|
Final conv

feature map Box coordinates

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Per-class vs class agnostic regression

Assume classification over C

Classes; Fully-connected

|
e Classification head:

C numbers
I., (one per class)

Class scores

Convolution

and Poolin
© Class agnostic:

4 numbers
Fully-connected
layers (one bOX)
_>I Class specific:
C x 4 numbers

Final conv

5 i (one box per class)
feature map ox coordinates

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Where to attach the regression head?

Il-\fter t':onv After last FC layer:
ayers: DeepPose, R-CNN
Overfeat, VGG

Convolution Fully-

and Pooling connected

layers
—>| | —p» Softmax loss

Final conv
Class scores
feature map

Image

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Aside: Localizing multiple objects

Want to localize exactly K objects
in each image

Fully-connected
layers

Class scores

(e.g. whole cat, cat head, cat left
ear, cat right ear for K=4)

Convolution
and Pooling

Fully-connected
layers

I_,I K x 4 numbers

Final conv (one box per object)

feature map Box coordinates

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




<575 TECHNISCHE
=7/

&)=\ UNIVERSITAT
9"~ DARMSTADT

Aside: Human Pose Estimation

220 x 220
Represent a person by K joints

Regress (x, y) for each joint from
last fully-connected layer of
AlexNet

(Details: Normalized coordinates,

iterative refinement)

Toshev and Szegedy, “DeepPose: Human Pose Estimation via
Deep Neural Networks”, CVPR 2014

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Idea #2: Sliding Window

- Run classification + regression network at multiple
locations on a high-resolution image

* Convert fully-connected layers into convolutional
layers for efficient computation

 Combine classifier and regressor predictions across all
scales for final prediction

Sl 2
Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning L@“Z‘{éﬁ



Sliding Window: Overfeat

4096 4096  Class scores:

Winner of ILSVRC 2013
localization challenge

Softmax

1000
FC FC
Convolution —_— —> |
+ pooling 0SS
e FC
‘ Feature FC FC |
Image: map: — | —> Euclidean

3x221x 221 1024 x5 x5 loss

Boxes:

Sermanet et al, “Integrated Recognition, Localization and 4096 1000 x 4
Detection using Convolutional Networks”, ICLR 2014

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

Network
input: Larger image:
3x221x221 3 x 257 x 257

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

0.5
Network
input: Larger image: Classification
3x221x221 3x257 x 257 scores: P(cat)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

Network
input: Larger image:
3x221x221 3 x 257 x 257

0.5

0.75

Classification
scores: P(cat)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

0.5 |0.75
0.6
©
Network
input: Larger image: Classification
3x221x221 3x257 x 257 scores: P(cat)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

Network
input: Larger image:
3x221x221 3 x 257 x 257

0.5

0.75

0.6

0.8

Classification
scores: P(cat)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

0.5 |0.75
0.6 | 0.8
Network
input: Larger image: Classification
3x221x221 3x257 x 257 scores: P(cat)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

Greedily merge boxes
and scores (details in

paper)

0.8

Network
input: Larger image: Classification
3x221x221 3x257 x 257 score: P(cat)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Sliding Window: Overfeat

In practice use many sliding window
locations and multiple scales

Window positions + score
maps

Final

Box regression outputs o
“ Predictions

Sermanet et al, “Integrated Recognition, Localization and Detection using Convolutional Networks”, ICLR 2014

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Efficient Sliding Window: Overfeat

4096
Convolution
+ pooling
FC
FC
o | Feature map:
|mage: 1024 x5 x5
3x221x221

4096

.e,*,v; TECHNISCHE
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4096 Class scores:

| 1000

FC FC
—>I —_

Boxes:
1000 x 4

1024

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Efficient Sliding Window: Overfeat

Efficient sliding window by converting

fully-connected layers into convolutions Class scores:

4096 x1x1 1024 x1x1 1000x1x1
Convolution & — 0 —
+ poolin
P & 1x1 conv 1x1conv
5x5
conv
conv
Feature map: 1x 1 conv 1x1conv
|mage: 1024X5X5 -
— () —
3x221x221 4096 x1x1 1024 x1x1 Box coordinates:

(4x1000)x1x1

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Efficient Sliding Window: Overfeat
"B

RNEED
EREEDR
EREER

e o . . ERmEg 1x1 1x1
Training time: Small image, .
X
1 x 1 classifier output
10x10
14x14 5x5' 2x? 5x5 . Ix1 . Ix1 <
convolution pooling conv conv conv

Test time: Larger image, 2 x
2 classifier output, only
extra compute at yellow
regions

5x5 2X2 5X5 Ix1 Ix1
—_— —_— > > >
convolution pooling conv conv conv

Sermanet et al, “Integrated Recognition, Localization and Detection using Convolutional Networks”, ICLR 2014
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ImageNet Classification + Localization

Localization Error (Top 5)

40

30

20

10

AlexNet Overfeat VGG (2014)  ResNet
(2012) (2013) (2015)

AlexNet: Localization method not
published

Overfeat: Multiscale convolutional
regression with box merging

VGG: Same as Overfeat, but fewer scales
and locations; simpler method, gains all
due to deeper features

ResNet: Different localization method
(RPN) and much deeper features

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Computer Vision Tasks

Classification +
Localization
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Computer Vision Tasks

Object Detection

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Detection as Regression?

DOG, (x,y, w, h)
CAT, (x, y, w, h)
CAT, (x, y, w, h)
DUCK (x, y, w, h)

= 16 numbers

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Detection as Regression?
DOG, (x,y, w, h)
CAT, (x, y, w, h)

= 8 numbers
>

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Detection as Regression?

Need variable sized outputs
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CAT, (x, ¥, w, h)
CAT, (x, ¥, w, h)

CAT (x,y, w, h)

= many numbers

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Detection as Classification

CAT? NO

DOG? NO

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Detection as Classification

CAT? YES!

DOG? NO

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Detection as Classification

CAT? NO

DOG? NO

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Detection as Classification

Problem: Need to test many positions and scales

Solution: If your classifier is fast enough, just do it

7 TECHNISCHE
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Histogram of Oriented Gradients 4 RS
Pgm
'Hl‘ i score(l, p) = w - ¢(1, p)
Image pyramid HOG feature pyramid

¢ Compute HOG of the whole image at multiple resolutions
e Score every subwindow of the feature pyramid

¢ Apply non-maxima suppression

Dalal and Triggs, “Histograms of Oriented Gradients for Human Detection”, CVPR 2005
Slide credit: Ross Girshick
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Deformable Parts Model (DPM)

+ ..
!

! "
' response of root filter

model

feature map

feature map at twice the resolution

color encoding of filter
- response values
low value high value root locations

Felzenszwalb et al, “Object Detection with Discriminatively
Trained Part Based Models”, PAMI 2010

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Aside: Deformable Parts Models are CNNs?

(1) Color image pyramid

»J

level L

N’A‘hum;ﬂw SuperVision CNN
P e Wittty .
1 |
|
| 1
1

Girschick et al, “Deformable Part Models are Convolutional Neural Networks”, CVPR 2015

DeepPyramid DPM

(3) ConvS feature pyramid

256

%

»
! For each pyramid
/' level / N
image p)mmnd (outpet laver & convs)
level |

(1/168h spatial resolution of the image)

level L

convs pyramid
level |

(5) DPM score pyramid

level L

(4) DPM-CNN /

R

256

(1) Convolve feature pyramad kevel /
with filters from DPM component ¢ | (DT)of part convolsion maps

(2) Compute distance transfoems

root convolution

stack
map
DT

v

DPM score
pyramid
level |

";Lnnor"l""‘ﬂ".’ Dlofom %
Lommps A O s
i, X \.’
DI
pant P pooling | DTofpan P
coanvolutxon P comvolutn
map mp

Single-component DPM-CNN

(3) Sum root and transformed pant maps
Pl

Output:
DPM
dacked ® @-} component ¢'s
i maps obuect detection soores
geometry for pyramsd

filter level /

22

:\Iﬁhr‘ example object geometry filter (Section 2

iI I yool! |
Asmple DPM  Obgect geometry  Object geomsetry
withone part  filler (chanmel 1) filter (channel 2)
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Detection as Classification

Problem: Need to test many positions and scales,
and use a computationally demanding classifier (CNN)

Solution: Only look at a tiny subset of possible positions

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Region Proposals

* Find “blobby” image regions that are likely to contain objects
* “Class-agnostic” object detector
* Look for “blob-like” regions

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Convert
regions to
boxes

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Region Proposals: Many other choices

Outputs  Outputs  Control  Time Repea- Recall Detection

5T AppIoac Segments  Score  #proposals  (sec) tability  Results  Results
Bing [18] Window scoring v / 02 *an .
cemc [19) Grouping ¢ v 20 - * *
EdgeBoxes (20 Window scoring v v 03 " *an rer
Endres [21] Grouping / v / 100 . £ "
Geodesic [2 Grouping / 1 . . ve
MCG (23] Grouping v v 3 . L von
Obiectness [24] Window scoring v / 3 - .
Rahtu [25) Window scoring v v 3 - - '
RandomizedPrin’s (26] Grouping v v 1 * * v
Rantalankila (27 Grouping / 10 " : "
Rigor [28] Grouping / 10 . " "
SelectiveSearch [29] Grouping / v 10 " o e
Gaussian J (" . , #
SlidingWindow v 0 *
Superpixels v 1 *
Uniform v 0

Hosang et al, “What makes for effective detection proposals?”, PAMI 2015

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Region Proposals: Many other choices

Outputs  Outputs  Control  Time Repea- Recall  Detection

i L Segments  Score  #proposals  (sec) tability Results  Results
Bing [18] Window scoring v / 02 PN * :
cemc [19] Grouping v 2 - * .
EdgeBoxes (20 Window scoring v v 03 e ¥ rer
Enares [21] Grouping / v v 10 . - ve
Geodesic [22] Grouping / ] . . "
MCG [BI Cmupmg v v X . Ew e
Objectness [24) Window scoring v / 3 .
Rahtu [55) Window scoring v v 3 '
RandomizedPrin’s [26] Grouping v v 1 * * "
Rantalankila [27) Grouping ¢ 10 e ~ v
Rigor [28] Grouping / 10 . " "
SelectiveSearch [29] Grouping v v 10 " e vew
Gaussian v ( - - *
SiidingWindow v 0 *
Superpixels v ] *
Uniform v 0

Hosang et al, “What makes for effective detection proposals?”, PAMI 2015

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Putting it together: R-CNN

Apply bounding-box regressors
Bbox reg || SVMs | Classify regions with SVMs
Bbox reg || SVMs LY |

Bbox reg .SVMS Forward each region
® | ConvNet through ConvNet

ConvNet

ConvNet §
. ?' Warped image regions

Regions of Interest (Rol)

from a proposal method
(*2K) _—

Girschick et al, “Rich feature hierarchies for
accurate object detection and semantic
segmentation”, CVPR 2014

Post hoc component Slide credit: Ross Girschick

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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R-CNN Training

Step 1: Train (or download) a classification model for ImageNet (AIexNet

Convolution Fully-connected
and Pooling layers
._> | I_>| —p Softmax loss

Final conv

Class scores
feature map

1000 classes

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




R-CNN Training

Step 2: Fine-tune model for detection
- Instead of 1000 ImageNet classes, want 20 object classes + background
- Throw away final fully-connected layer, reinitialize from scratch
- Keep training model using positive / negative regions from detection images

Re-initialize this layer:

Convolution was 4096 x 1000,

' Fully-connected now will be 4096 x 21
and Pooling layers
._>| | —» || —» Softmax loss

Final conv

Class scores:
feature map

21 classes

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




R-CNN Training

Step 3: Extract features
- Extract region proposals for all images
- For each region: warp to CNN input size, run forward through CNN, save pool5
features to disk
- Have a big hard drive: features are ~200GB for PASCAL dataset!

Convolution
and Pooling

pool5
features

Image Region Crop + Warp Forward pass Save to disk
Proposals

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




R-CNN Training

Step 4: Train one binary SVM per class to classify region features

Training image
regions

Cached region
features

Positive samples for cat Negative samples for cat
SVM SVM

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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R-CNN Training
Step 5 (bbox regression): For each class, train a linear regression model to map
from cached features to offsets to GT boxes to make up for “slightly wrong”

proposals

Training image
regions

Cached region

features
Regression targets (0,0, 0, 0) (.25,0,0, 0) (0, 0,-0.125, 0)
(dx, dy, dw, dh) Proposal is Proposal too Proposal too
Normalized good far to left wide

coordinates

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




B, TECHNISCHE

Object Detection: Datasets @ o

D%
(s DARMSTADT

PASCAL ImageNet MS-COCO
VOC Detection (2014)
(2010) (ILSVRC 2014)
Number of classes 20 200 30
Numbe_r of images ~20k ~470k ~120k
(train + val)
I\/Iean.objects per 54 11 7.2
image
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Object Detection: Evaluation

We use a metric called “mean average precision” (mAP)

Compute average precision (AP) separately for each class, then average over
classes

A detection is a true positive if it has loU with a ground-truth box greater
than some threshold (usually 0.5) (mAP@0.5)

Combine all detections from all test images to draw a precision / recall curve
for each class; AP is area under the curve

TL;DR mAP is a number from 0 to 100; high is good

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning %‘:ﬁéé
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R-CNN Results

A/
0)

80 B VOC 2007
g I VOC 2010
&
>~ 60
S
9
o
A
< 40
o
>
®
g
< 20
<
3
S
0

DPM (2011)  Regionlets R-CNN R-CNN + R-CNN
(2013) (2014, bbox reg (VGG-16)
AlexNet) (AlexNet)

Wang et al, “Regionlets for Generic Object Detection”, ICCV 2013
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R-CNN Results

Big improvement compared to pre-
80 CNN methods

I VOC 2007
g I VOC 2010
< 60
c
9
2
3
.
L 40
Q
o
;
>
b 20
i~
0
S
0

DPM(2011)  Regionlets R-CNN R-CNN + R-CNN
(2013) (2014, bbox reg (VGG-16)
AlexNet) (AlexNet)
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R-CNN Results

Bounding box regression

helps a bit

80 I VOC 2007
g I /OC 2010
§ f\
> 60 \
k) . 5.
b,
o
T 40
Q
o
o
g
< 20
c
%
S

0

DPM (2011)  Regionlets R-CNN R-CNN + R-CNN
(2013) (2014, bbox reg (VGG-16)
AlexNet) (AlexNet)
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R-CNN Results

Features from a deeper
network help a lot

80 B VOC 2007
g I VOC 2010
3
>~ 60
S
9
o
o
< 40
o
>
®
g
< 20
<
3
S
0

DPM(2011)  Regionlets R-CNN R-CNN + R-CNN
(2013) (2014, bbox reg (VGG-16)
AlexNet) (AlexNet)
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R-CNN Problems - Y

1. Slow at test-time: need to run full forward pass of CNN
for each region proposal

2. SVMs and regressors are post-hoc: CNN features not
updated in response to SVMs and regressors

3. Complex multistage training pipeline

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Fast R-CNN
Fast R-CNN (test time)

Regions of
Interest (Rols)
from a proposal
method

Girschick, “Fast R-CNN”, ICCV 2015

Slide credit: Ross Girschick
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Fast R-CNN
Fast R-CNN (test time)

R-CNN Problem #1.:
Slow at test-time due to
independent forward
passes of the CNN

: ¢ Solution:
Regions of : .
Interest (Rols) Share computation of
from a proposal convolutional layers
method > between proposals for
an image

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Fast R-CNN

Fast R-CNN
(training)

Multi-task loss

~ Trainable

ConvNet
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R-CNN Problem #2:
Post-hoc training: CNN not
updated in response to final
classifiers and regressors

R-CNN Problem #3:
Complex training pipeline

Solution:
Just train the whole system
end-to-end all at once!

Slide credit: Ross Girschick
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Fast R-CNN: Region of Interest Pooling

Convolutl.on Fully-connected
and Pooling layers
Hi-res input Hi-res conv Problem: Fully-connected
Image: features: layers expect low-res
3X.800X.600 CxHxW conv features: Cx h x w
with region with region
proposal

proposal

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Fast R-CNN: Region of Interest Pooling ¢

Project region
proposal onto conv

Convolution

_ feature map Fully-connected
and Pooling layers
Hi-res input Hi-res conv Problem: Fully-connected
Image: features: layers expect low-res
3X.800X.600 CxHxW conv features: Cx h x w
with region with region
proposal proposal

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Fast R-CNN: Region of Interest Pooling

Convolution Divide projected

_ region into h x w Fully-connected
and Pooling arid layers
Hi-res input Hi-res conv Problem: Fully-connected
Image: features: layers expect low-res
3X.800X.600 CxHxW conv features: Cx h x w
with region with region
proposal proposal

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Fast R-CNN: Region of Interest Pooling

Max-pool
i within each
Convolutl.on d cell Fully-connected
and Pooling gria ce layers
Hi-.res input Hi-res conv Rol conv features:  Fully-connected layers
Image: features: Cxhxw expect low-res conv
3 X 800 X.6OO CxHxW for region features:
with region with region proposal Cxhxw
proposal proposal

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Fast R-CNN: Region of Interest Pooling ¢

Hi-res input
image:
3 x 800 x 600
with region
proposal

Convolution
and Pooling

Hi-res conv
features:
CxHxW

with region
proposal
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Can back
propagate similar

to max pooling Fully-connected

layers

Fully-connected layers

Rol conv features:

Cxhxw expect low-res conv
for region features:
proposal Cxhxw

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Fast R-CNN Results
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Faster!

R-CNN Fast R-CNN
Training Time: 84 hours 9.5 hours
(Speedup) 1x 8.8x

Using VGG-16 CNN on Pascal VOC 2007 dataset

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Fast R-CNN Results

R-CNN Fast R-CNN

Training Time: 84 hours 9.5 hours
Faster!

(Speedup) 1x 8.8x

Test time per 47 seconds 0.32 seconds
FASTER! | .

image

(Speedup) 1x 146x

Using VGG-16 CNN on Pascal VOC 2007 dataset

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Fast R-CNN Results

R-CNN Fast R-CNN
Training Time: 84 hours 9.5 hours
(Speedup) 1x 8.8x
Faster! | Test time per 47 seconds 0.32 seconds
image
FASTER! | (Speedup) 1X 146x
setterl | MAP (VOC 2007) |66.0 66.9

Using VGG-16 CNN on Pascal VOC 2007 dataset

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Fast R-CNN Results

Test-time speeds don’t include region proposals

R-CNN Fast R-CNN
T .
. est time per 47 seconds 0.32 seconds
image
(Speedup) 1x 146X
Test time per
mage . 50 seconds 2 seconds
with Selective
Search
(Speedup) 1x 25x

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Fast R-CNN Results i

Test-time speeds don’t include region proposals
Just make the CNN do region proposals too!

R-CNN Fast R-CNN
Test time per image |47 seconds 0.32 seconds
(Speedup) 1x 146X
Test time per image
with Selective 50 seconds 2 seconds
Search
(Speedup) 1x 25x

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Faster R-CNN:

classifier

Rol pooling

proposals

Region Proposal Network

feature map

CNN
' Y 4
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Insert a Region Proposal Network
(RPN) after the last convolutional
layer

RPN trained to produce region
proposals directly; no need for
external region proposals!

After RPN, use Rol Pooling and an
upstream classifier and bbox
regressor just like Fast R-CNN

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with
Region Proposal Networks”, NIPS 2015

Slide credit: Ross Girschick
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Faster R-CNN: Region Proposal Network

Slide a small window on the feature map classify regress
obj./not-obj. box locations
scores coordinates
Build a small network for:
e classifying object or not-object, and 1x1 \ Ix1
e regressing bbox locations conv conv
256-d
1x1
conv

Position of the sliding window provides localization

information with reference to the image
sli gwmdow

Box regression provides finer localization
information with reference to this sliding window convolutional feature map

Slide credit: Kaiming He

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Faster R-CNN: Region Proposal Network

Use N anchor boxes at each location

n anchors

| nscores ‘ ‘Jn coordinalcs‘ <=

Anchors are translation invariant: use
the same ones at every location \ ’

|

Regression gives offsets from anchor t
boxes

Classification gives the probability that
each (regressed) anchor shows an object ‘

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Faster R-CNN: Training

In the paper: Ugly pipeline
- Use alternating optimization to train RPN, ti
Fast R-CNN with RPN proposals, etc.

- More complex than it has to be ‘pwmg

Since publication: Joint training! it 7 7
One network, four losses ,_
- RPN classification (anchor good / bad) e

- RPN regression (anchor -> proposal) ‘eaturer‘ag'

- Fast R-CNN classification (over classes)
‘ V4

- Fast R-CNN regression (proposal -> box)

Slide credit: Ross Girschick

SR
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Faster R-CNN: Results

R-CNN Fast R-CNN Faster R-CNN

Test time per 50 2 seconds 0.2 seconds
image seconds
(with proposals)

(Speedup) 1x 25x 250x

mAP (VOC 2007) |66.0 66.9 66.9

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Object Detection State-of-the-art:
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ResNet 101 + Faster R-CNN + some extras

training data COCO train COCO trainval
test data COCO val COCO test-dev
mAP @5 |@[5.9] @5 |e@[s,.95]
baseline Faster R-CNN (VGG-16) 41.5 21.2 |

baseline Faster R-CNN (ResNet-101) | 484 2.2

+box refinement 49.9 29.9

+context S1.1 30.0 53.3 322
+multi-scale testing 53.8 32.5 5.7 | M9
ensemble 90 | 34

He et. al, “Deep Residual Learning for Image Recognition”, arXiv 2015
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ImageNet Detection 2013 - 2015

ImageNet Detection (mAP)

Q
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YOLO: You Only Look Once Detection as Regression

Divide image into S x S grid

Within each grid cell predict:
B Boxes: 4 coordinates + confidence
Class scores: C numbers

Regression from image to
7x7x(5*B+C)tensor

Direct prediction using a CNN

\
A
Redmon et al, “You Only Look Once: f{
Unified, Real-Time Object Detection”, arXiv 2015

~[
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YOLO: You Only Look Once Detection as Regression

Real-Time Detectors Train mAP FPS

100Hz DPM [30] 2007 16.0 100
Faster than Faster R-CNN, but not 30Hz DPM [30] 2007 261 30
as good Fast YOLO 200742012  52.7 15§

YOLO 200742012 634 45

Less Than Real-Time

Fastest DPM [ 7] 2007 304 15
Redmon et al, “You Only Look Once: R-CNN Minus R [-\~ ] 2007 53.5 6
Unified, Real-Time Object Detection”, arXiv 2015 Fast R-CNN [ 14 ] 200742012 700 05

Faster R-CNN VGG-16[27] 200742012 732 7
Faster R-CNN ZF [27] 200742012 62.1 18

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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Object Detection code links: W e

R-CNN
(Cafffe + MATLAB): https://github.com/rbgirshick/rcnn
Probably don’t use this; too slow

Fast R-CNN
(Caffe + MATLAB): https://github.com/rbgirshick/fast-rcnn

Faster R-CNN
(Caffe + MATLAB): https://github.com/ShaogingRen/faster rcnn

(Caffe + Python): https://github.com/rbgirshick/py-faster-rcnn

YOLO
http://pireddie.com/darknet/yolo/

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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* Currert Biciogy @ AL Jourals

« Provious Atios Votume 27, bssue 18, 2027 2832 &), 25 Septamaer 2017 Neat Arscle >
REFORT Comrs B0 S L) Ve
Humans, but Not Deep Neural Networks, Often Miss Giant Targets in
Scenes Emet Aveicie
Mg . B - C- oo 5 232 0 Wy Noateg Lin

a m = Lapon Caster
Summary
Even with great advances in maching vision, animals are still unmatched i their abiity 10 visually search complex scanes. Animals from
beos [1, 2]1obirds [J]lohumans |4, 5.6, 7, B, 9, 10, 11, 12] leam about the statistical relations in visual environments 10 guide and aki their

search for tarpets. Here, wa investigate & noved manner in which humans utikze rapidly acquired information about scenes by guilding search
toward Rkely target sizes. We show that humans oflon miss targets when their size is inconsistent with the rest of the scene, even when the
targets wore made larger and more sallent and observers fixated the target. In contrast, we show that state-of-the-art deep noursl networks
do not exhibit such deficits in finding mis-scaled targets but, unlike humans, can be focled by target-shaped distractons that are inconsistent
with the expected target’s size within the scene. Thus, it is not a human deficiency 0 miss targets when they are inconsistent in size with the
scene; instead, it is @ byproduct of a useful strategy that the brain has implemented 10 rapidly discount potential distraciors
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What have you learnt?
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Localization:

Find a fixed number of objects (one or many)

L2 regression from CNN features to box coordinates

Much simpler than detection; consider it for your projects!

Overfeat: Regression + efficient sliding window with FC -> conv conversion
Deeper networks do better

Object Detection:

Find a variable number of objects by classifying image regions
Before CNNs: dense multiscale sliding window (HoG, DPM)
Avoid dense sliding window with region proposals

R-CNN: Selective Search + CNN classification / regression

Fast R-CNN: Swap order of convolutions and region extraction
Faster R-CNN: Compute region proposals within the network
Deeper networks do better

g
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