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(a) Inception module, naive version
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(b) Inception module with dimensionality reduction

Figure 2: Inception module
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“ GoogLeNet” ILSVRC 2014 Incep:tion Inception Inception

6
type pa;:rhidslew m;:;"t depth | #1x1 ﬁ:ﬂi #3Ix3 :dﬁ:; #5x5 ::jl params | ops
convolution TxT7/2 112x112x64 1 27K 34M
max pool 3x3/2 56 % 56 x 64 0
convolution 3x3/1 56x56x192 2 64 192 112K | 360M
max pool 3x3/2 28x28x192 0
inception (3a) 28x28x256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28x28x480 2 128 128 192 32 96 64 380K | 304M
max pool 3x3/2 14x14x480 0
inception (4a) 14x14x512 2 192 96 208 16 48 64 364K 3M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4c¢) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x528 2 112 144 288 32 64 64 580K 119M
inception (4e) 14x14x832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 TXTx832 0
inception (5a) TxTx832 2 256 160 320 32 128 128 | 1072K | 54M
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inception (5b) TxTx1024 2 384 192 384 48 128 128 1388K 71M
avg pool Tx7/1 1x1x1024 0
dropout (40%) 1x1x1024 0
linear 1x1x1000 1 1000K M
softmax 1x1x1000 0

Table 1: GoogLeNet incarnation of the Inception architecture.

Inception 0 RGB 224x224 * #3x3reduce” “ #5x5 reduce” 3x3 5x%5
1x1 pool proj 1x1 /

22
27 100 [12]
top-1 %0.6

Inception (4a) Inception (4b)
05

0.3
. 5x5 3 (4a) 4x4x512 (4d) 4x4x528
. 128 1x1
. 1024
. 70%
. softmax 1000
3

SoftmaxActivation
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Team Year | Place | Error Uses external
(top-5) | data
SuperVision || 2012 | 1st 16.4% no
SuperVision || 2012 | 1st 15.3% Imagenet 22k
Clarifai 2013 | Ist 11.7% no
Clarifai 2013 | 1st 11.2% Imagenet 22k
MSRA 2014 | 3rd 7.35% no
VGG 2014 | 2nd 7.32% no
GoogLeNet || 2014 | 1st 6.67% | no

Table 2: Classification performance.
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Number Number Cost Top-5 compared
of models | of Crops error to base

1 1 1 10.07% | base

1 10 10 9.15% -0.92%

1 144 144 7.89% -2.18%

7 1 7 8.09% -1.98%

7 10 70 7.62% -2.45%

7 144 1008 6.67% -3.45%

Table 3: GoogLeNet classification performance break down.

8. ILSVRC 2014
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Team Year | Place | mAP | external data | ensemble approach
UvA-Euvision 2013 | 1Ist 22.6% | none ? Fisher vectors
Deep Insight 2014 | 3rd 40.5% | ImageNet 1k 3 CNN
CUHK DeeplID-Net || 2014 | 2nd 40.7% | ImageNet 1k ? CNN
GoogLeNet 2014 | Ist 43.9% | ImageNet 1k 6 CNN

Table 4: Comparison of detection performances. Unreported values are noted with question marks.

5 Deep Insight 3

Team mAP | Contextual| Bounding box
model regression

Trimps- 31.6% | no ?

Soushen

Berkeley 34.5% | no yes

Vision

UvA- 35.4% | ? ?

Euvision

CUHK 37.7% | no ?

DeeplD-

Net2

GoogLeNet || 38.02% | no no

Deep 40.2% | yes yes

Insight

Table 5: Single model performance for detection.
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