CoNVOLUTIONAL NEURAL NETWORK



CHALLENGES OF VISUAL RECOGNITION

» Appearance
« DOF: texture, illumniation, material, shading, ...
» Shape
» DOF: object category, geometric pose, viewpoint, ...
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RECALL: ACTIVATION LAYER

W A
SN " Sigmoid
— . a-—L
X2 W2 l+e




RECALL: ACTIVATION LAYER

Vanishing gradient

3

W
AN " Sigmoid
— ks
X2 W2 l+e




ACTIVATION: RELU

31-23 -1
-15 34
11-2/-22
71317

/ Rect. Linear (ReLu)
> o(X) =max(0,x)




ACTIVATION: RELU

I
N
I
NO
~N N

Rect. Linear (Rel.u)

o(X) =max(0,x)

Y




ACTIVATION: RELU

I
N
I
NO
~ N~

i Rect Linear (ReLu)
— =max(0, x)

Vanishing gradient




ACTIVATION: LEAKY RELU

3-23 -1
1534 0 5
IR c=0.01
73117
Rect. Linear (ReLu)
[— > o(X) =max(ex, X)

Vanishing gradient



SPATIAL POOLING (SAMPLING~DIMENSIONAL REDUCTION)
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SPATIAL POOLING (SAMPLING~DIMENSIONAL REDUCTION)
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Conv+RELU+PooL

/ — —
Operations: Conv RelLu Max-pool
# of units: H xW xC, H xW xC, H xW xC, H, xW, xC,
# of weights: H xW xC, xC, 0 0
# of biases: 1xC, 0 0



Conv+RELU+PooL

Conv+RelLu layer

— f — —
Operations: Conv RelLu Max-pool
# of units: H xW xC, H xW xC, H xW xC, H, xW, xC,
# of weights: H xW xC, xC, 0 0
1xC, 0 0

# of biases:
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TENSOR FLATTENING

Input

224

224

35

L

rEd

Stride

Convl

—_— |

96

of 4

Conv2

=

Max
poaling

- \\\\2? L

Conv3 Conv4 Convs FCe FC7
13 \ 13 13 \
= 3 _— :
= 13 3 13 iﬁ: - - 13 dense| [dense
3 -
384 384 256
Ma | ==
RS po :Ii ng 2098 4006
pooling

Flattening

FC8

1000



TENSOR FLATTENING
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RECALL: HIDDEN LAYER
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RECALL: SOFT-MAX
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ERROR MEASURE (L0SS)
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https://www.youtube.com/watch?v=AgkflQ41GaM



https://www.youtube.com/watch?v=AgkfIQ4IGaM
https://www.youtube.com/watch?v=AgkfIQ4IGaM

VGG-16 (DEPTH MATTERS)
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Table 7: Comparison with the state of the art in ILSVRC classification. Our method is denoted
as “VGG”. Only the results obtained without outside training data are reported.

Method top-1 val. error (%) | top-5 val. error (%) | top-5 test error (%)
VGG (2 nets, multi-crop & dense eval.) 23.7 6.8 6.8
VGG (1 net, multi-crop & dense eval.) 24.4 7.1 7.0
| VGG (ILSVRC submission, 7 nets, dense eval.) | 247 7.5 7.3
GoogLeNet (Szegedy et al., 2014) (1 net) - 7.9
GoogleNet (Szegedy et al., 2014) (7 nets) - 6.7

MSRA (He et al., 2014) (11 nets) - - 8.1
MSRA (He et al., 2014) (1 net) 27.9 9.1 9.1
Clarifal (Russakovsky et al., 2014) (multiple nets) - - 11.7
Clarifa1 (Russakovsky et al., 2014) (1 net) - - 12.5
Zeiler & Fergus (Zeiler & Fergus, 2013) (6 nets) 36.0 14.7 14.8
Zeiler & Fergus (Zeiler & Fergus, 2013) (1 net) 37.5 16.0 16.1
OverFeat (Sermanet et al., 2014) (7 nets) 34.0 13.2 13.6
OverFeat (Sermanet et al., 2014) (1 net) 35.7 14.2 -
Krizhevsky et al. (Krizhevsky et al.. 2012) (5 nets) 38.1 16.4 16.4
Krizhevsky et al. (Krizhevsky et al., 2012) (1 net) 40.7 18.2 -
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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method top-3 err. (test)
VGG [41] (ILSVRC'14) 7.32
GoogleNet [44] (ILSVRC'14) 6.66
VGG [41] (v5) 6.8
PRelLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 3.57
| =
;" P S S S
—— s =S |
K : é ireral. (led) :1 g é GO 1 2 iteré’.(le-é ﬁ.d .5 ) ‘E . ! iter. (i:‘e-‘i) ¢

Figure 6. Training on CIFAR-10. Dashed lines denote training error, and bold lines denote testing error. Left: plain networks. The error
of plain-110 is higher than 60% and not displayed. Middle: ResNets. Right: ResNets with 110 and 1202 layers.



