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Introduction — “Inception”
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Inception-vl Module
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(a) Inception module, naive version

(b) Inception module with dimension reductions
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Inception-v2 Module - @

Inception-v2 =2 E3
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e Auxiliary Classifier

* Avoid Representational Bottleneck

=3
=
[
=3
¥
3
1
| i |
|

0 Comvolution
0 AvgPool

0 MaxPoel

B Concat

@@ Dropout

@ Fully connected
@ Softmax

Inception V2 & V3 Model
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Inception-v2 Module - @

Convolution Filter Factorization
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Inception V1 Model

CAU AutoML LAB

5x5ConvE3x3Conv27 |2 HA

Filter Concat
nxl ;/ IIIII".
T / ‘.,lH
1xn / )
F \
: / \
nx nx !
Ll 1 llllﬁl
1=n 1xm 1x1 I"-.
L] 1 T lI'|II
1x1 1x1 Poal 1x1
— Py
Base

NxNZ21xNI}Nx12HA




Inception-v2 Module - ®

Auxiliary Classifier
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Inception V2 & V3 Model
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Inception-v2 Module - @

Avoid Representational Bottleneck

* Representational Bottleneck ?
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Inception-v4 Module - @
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Inception-v4 Module - @

Inception-A, B, C
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Inception-v4 Module - ®

Reduction— A
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[ Reduction-A ]
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Reduction—B

Convert (17 x 17) to (8 x 8)
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oaraser CIFAR-10
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<Confusion Matrix>

MU (Precision): 88.06%

X} A & (Recall): 87.90%

M2 (Accuracy): 87.95%
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