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Inception

« Convolutional Neural Network (CNN)

Figure 1. A canonical Inception module (Inception V3).
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Figure 2. A simplified Inception module.
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Convolutional Neural Network (C N N)
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Convolutional Neural Network ™ #5 gk

- ¥A/NT 4% (zero padding)
« AFF4F (stride)

» Fully Connected/8
« Convolution/Z
 Pooling/@

h
ﬁ

it



> o —° S
T O/NT a4 VT
0101010101010
O NG R aEg) o
O [RENISESINIsIsRGN O
O R0 S s i 8 L (0 )

0 |RGIRLSIEQ A== 0d] O
0 [F@Aa L= 0NE0M O
0]0]1]0]101O010]O

O 7 EILERA > bIER
BOHBEICSMTHZ D H Y
FIH, O T EILRA VK
iF—mE7=FSsd 22 ENTE
F9, = oi-bDiERILE
DEFHZRODDH LNEE A,

" (zero padding)

TERT AV TIEERD &SI, ATIDEFE

Ny T7DOREAEOTESD S, 229 HIET

UTDE27% XYy bAd 5,

s I DT — XY B BHAABIHAIEZ S
DTl DFHADBRIND L D272 D

« BAHANABEBHEHDEIEMNIEZ 2D T/INT X —
X — @Eﬂ<ﬁ7b\%<3€ﬁéﬂ%

e H—ILDY A XX, BOMAERETE S

Convolutmn):'<‘:Pool|ng)z'ft|jj]ﬁ/fx EoIY
BloNhELL mbroT, AT T THA
X%ﬁ@LtUﬁétF@ﬁ%ﬁﬁﬁ )
TZ 5,




X rZA4 K (stride)

* A b7 A MEEHALDBERAERD Z & T,

N TERITEHHMY

XF U, ANT—KAXAIHLTR M4 RELET Z ELT

DEHITH B,

ol — .o

L
0,
0
1

« TNHRA T4 F2IC

7(_

1
1
1
0

SN

Do

0
1
1
0

ARY
Lol G,
0
1

1
1
1
0

ooooeﬂoooo

E2DIRT T 4 LA IE

0

L DIC



Fully Connected/2
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Batch Height Width In Depth Out Depth
Input 256 X 32 X 32 X 512
Kernel 32 X 32 X 512 X 4096

Output 256 X 1 X 1 X 4096



Convolution/=
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1 x 1 conv

Figure 2. A simplified Inception module.
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Pointwise Conv
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Depthwise Separable Conv
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Figure 3. A strictly equivalent reformulation of the simplified In-
ception module.
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Figure 4. An “extreme” version of our Inception module, with one
spatial convolution per output channel of the 1x1 convolution.

D15,
Concat 3x3 convDEBEAEKRIFIEZ AH . FNZE
D conviZXFd Binput channel & 273

CLTWd (WS Hl) OTEHEER
3x3 3x3 3x3 3x3 3x3 3x3 3x3 7%Qﬁﬂf§_%5o

' OB, H1EP3x3 convixlF v > xIL
FL%LNLVJAALNL,JA LAANERTOAENDT, F oo i
1

Output

l channels Jl/lﬁiODEET%’Ii%%% & 617’3:\,\0
Z "% Xception Module & B8,

1x1 conv

Input



Standard Convolution
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Figure 5. The Xception architecture: the data first goes through the entry flow, then through the middle flow which is repeated eight times,
and finally through the exit flow. Note that all Convolution and SeparableConvolution layers are followed by batch normalization [7] (not

included in the diagram). All SeparableConvolution layers use a depth multiplier of 1 (no depth expansion).
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The JFT dataset

« The JET dataset JFT is an internal Google dataset for large-scale image
classification dataset, first introduced by Hinton et al. in which
comprises over 350 million high-resolution images annotated with
labels from a set of 17,000 classes. To evaluate the performance of a
model trained on JFT, we use an auxiliary dataset,Fastkvall4k.
FastEvalldk is a datgset of 14,000 images with dense annotations from
about 6,000 classes (36.5 labels per image on average). On this dataset
we evaluate performance using Mean Average Precision for top 100

redictions (MAP@100), and we weight the contribution of each class
(0 I\/IAP@%O with a score estimating how common (and therefore
important) the class is among social media images. This evaluation
|orocedure is meant to capture performance on frequently occurring
CgI;]beIs| from social media, which is crucial for production models at
oogle.

¢ A %lifJfErTent optimization configuration (&iE{t) was used for ImageNet
an
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VE Table 1. Classification performance comparison on ImageNet (sin-
Bisz gle crop, single model). VGG-16 and ResNet-152 numbers are

| I\ t _J FT only included as a reminder. The version of Inception V3 being
ma ge - et benchmarked does not include the auxiliary tower.

data S et (.J FT(& j< %ﬁﬁ% 73 @ Top-1 accuracy Top-5 accuracy

e g) TF—Rt v ) VGG-16 0.715 0.90!
ResNet-152 0.770 (0,933
7& 'T% ’) T :%gi [./ VU i —g_o Inception V3 0.782 0.941
Xception 0.790 0.945
Image-NetTlX
| nce ptl O ﬂ\/3 5(—_'- [./ T Table 2. Classification performance comparison on JFT (single
Xce :)t' on O) 7‘7_ 7’3\ VAN L 7l< }_'_ 7b§\ crop, single model).
I_ ) FastEvall4dk MAP@ 100
Inception V3 - no FC layers 6.36
J FTT\ CZJIXCG J[IOﬂ7f) }_H [./ Xception - no FC layers 6.70
T L i —g_ ° Inception V3 with FC layers 6.50

Xception with FC layers 6.78




ABE—

« A °— KT ilnceptlon =] Ti Lf-f)‘ PREEDED Z &
TXceptionh'_E[E] 2 AIEEIEIC Lf-h\ nFFH;z E-TWET,

» Inception V3tXcept|on0)/\7)< XENFIFZIFR L AD T, £
TILD/IN T +—< > AEEDERK LiWEODiﬂéjJDé: WO EYHE
TIDIRTA—=ZDNRMEICLDEDEZFIOND E LD TL
F 9,

Table 3. Size and training speed comparison.

Parameter count Steps/second
Inception V3 23,626,728 31
Xception 22,855,952 28
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Figure 9. Training profile with and without residual connections.
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Figure 10. Training profile with different activations between the
depthwise and pointwise operations of the separable convolution

for deep feature spaces (e.g. layers.
those found in Inception "
modules) the non-linearity is
helpful, but for shallow ones
(e.g. the 1-channel deep feature
spaces of depthwise separable
convolutions) it becomes
harmful, possibly due to a loss
of information.
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