COBPEMEHHbIE CBEPTOYHbIE APXUTEKTYPbI
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KPATKOE PE3IOME MPEAbIAYLLENA CEPUU

- B npownbi pas Mbl AOWAW OT 3pUTENbHOMN KOPbl A0 AlexNet:
CBEpTKa, NynuHr, RelLU, oponayT 1 ayrmeHTaumns — 1 nepsas
nobena Ha ImageNet.

- Ho AlexNet Mbl 06y4MIV KaK YEPHbIN SLWKUK. YTO Tam BHYTPU?

- CeroaHs cHayana 3arnsiHem BHyTPb 06y4YeHHOW CeTu Yepes
[EKOHBOMOLNIO, @ MOTOM pa3bepem 300MapK apxUTeKTYp,
KOTopbIN 13 3TOro BbipoC: VGG, Inception, ResNet n nanee.



UTO BUAAT CBEPTOUYHbBIE CETU



JIEKOHBOMOLMA

- (Zeiler et al,, 2017; Zeiler, Fergus, 2014): 0ekOH80MOUUSA KaK
obpaTHas CBEPTKe onepauus.

- YT06bI 06PATUTD CBEPTKY, AOCTATOYHO TPAHCMOHNPOBATD.
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JIEKOHBOMOLMA

- VIHTepecHbI BOMPOC — Kak 06paTTb Cy6ANCKPETN3aLMIO.

- OHa, KOHEYHO, Heo6PATMUMa, HO MOXKHO 3aMOMHUTb MOSTOXKEHNE
MaKCVMYMOB U 06paTUTb NPUMEPHO.
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YPOBEHDb 1

(Zeiler, Fergus, 2014): BU3yanusnpyem nNpusHaky yepes
[EKOHBOMOLUNIO. 3TO CETb, 0byYeHHas Ha ImageNet.




(ZEILER, FERGUS, 2014): YPOBEHb 2
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(ZEILER, FERGUS, 2014): YPOBEHb 2




(ZEILER, FERGUS, 2014): YPOBEHb 3




(ZEILER, FERGUS, 2014): YPOBEHb 3
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(ZEILER, FERGUS, 2014): YPOBEHb 4




(ZEILER, FERGUS, 2014): YPOBEHb 4




(ZEILER, FERGUS, 2014): YPOBEHb 5




(ZEILER, FERGUS, 2014): YPOBEHb 5




COBPEMEHHbBIE
CBEPTOUYHbIE APXUTEKTYPbI




300NAPK

- Pa3HbIx mofenew, ncnonbaytomx CNN, oueHb MHOTO, 1 BCE
BpeMs NOABMNAKTCA HOBbIE.

- Bcé MOXHO cKauaTb, 4acCTo JaXxe yxe Beca, NnpefobyyeHHble Ha
CTaHOAPTHbIX JaTaceTax, ecTb.

+ HO 06blYHO OHM OCHOBAHbI HA HECKOMbKUX OTHOCUTENBHO
CTAHAAPTHbIX NAeAx. VIX-To Mbl 1 PaCCMOTPUM.

Model Zoo

Discover open source deep learning code and pretrained models.

Browse Frameworks  Browse Categories




- VGG (Oxford Visual Geometry Group): fasante npeacTaBnaThb
60MblINE CBEPTKM KaK KOMOUHALMW CBEPTOK 3 X 3.

+ ITO YMEHbLLIAET YMCII0 BECOB U 1eNAET CETb MMybHxe.

/_\

i N g
7] AN\ / /
7/ — N ——
/A —
/A —— A

16



- CeTb VGG, ncnonb3oBaHHas B ImageNet Large Scale Visual
Recognition Competition (ILSVRC-2014).

Broh
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- A cenyac NVIDIA cneunanbHo ontummusnpyet GPU gna cBepTok

3 x 3.

Bbixoa cetn
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INCEPTION

- Inception, pa3paboTaHHasa KomaHaon GoogleNet: naBaunte
ncnonb3yem ugero “cetb B cetn” (network in network), 4to6bl
COKpaTUTb Beca eLllé bonblie!

- pononHuTENbHbBIE KNaccndukaTopbl (MPoCTo NuLHWe
cnaraemblie B Lenesy MyHKLWH).

(NOAHOCBA3HBIN)

KoHkarteHaumsa
B TAYOUHY
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3x3 5x5 1x1
/ T T T Max-pooling
CsepTku || Ceeptku CsepTku | [ Max-pooling
11 1x1 X1 3x3 Inception x2

WepeHok»
(2 cBepPTO4HbIX CAOS)
[ BXOA (BbIXOA MPEABIAYLLLETO CAOS) ]

(a) (©)




INCEPTION

- Bo BTOpon Bepcuu (Szegedy et al., 2015) CBEPTKM n x n
3aMEHUN Ha KOMBUHALMW CBEPTOK n X 1 U 1 X n:

Filter Concat

Filter Concat

Filter Concat




INCEPTION

- A 6aHku unbTpoB B Inception v2 caenanu WUPOKUMK, a He
rny6okumu:

Filter Concat

- B ToW e cTaTbe - Inception v3; To e camoe, Ho elé RMSProp,
hakTopn3oBaHHbIE CBEPTKM 7 X 7, batchnorm Bo
BCMOMOTaTe/NbHbIX KnaccudukaTopax w...



INCEPTION

- Label smoothing:

B 0ObIYHOM KnaccuukaTope Mbl 0byyaem pesynbraTbl softmax ¢
Leneson nepemeHHon ¢(k) = [k = y|, T.e. aprymeHTbl softmax
XOTAT PACTU HEOrpPaHUYEHHO;

© MOJENU CTAaHOBATCH CNLLIKOM YBEPEHDI B Cebe, 0BEPAUTTUHT;
* pelleHune: aaBanTe BMECTO 3TOM0 ONTUMMU3MPOBATD

¢ (k) = (1 = o)k = y| + eu(k)

ANA KaKoro-To anpuopHoro u(k), Hanpumep u(k) = .

Crops Top-5 | Top-1

Network

GoogLeNet [20] 10 - 9.15%
GoogLeNet [20] 144 - 7.89%
VGG [18] - 24.4% 6.8%
BN-Inception [7] 144 22% 5.82%
PReLU [6] 10 24.27% | 7.38%
PReLU [6] - 21.59% | 5.71%
Inception-v3 12 1947% | 4.48%
Inception-v3 144 18.77% | 4.2%




- OcTatoyHoe obyyeHue (residual learning): nasante 06yumnm
Pa3HOCTU MexAay OYepeHbIM YPOBHEM W MpeablayLum.

- Torga rpafveHTbl CMOryT 6ecnpenaTCTBeHHO NMPOXOAUTL Kyaa
Hago.

- QYHKUMS, peannsyemasn 0CTaToOUYHbIM HIOKOM, BbIFAANT Kak

roe x(®) — BxogHON BEKTOp €Noa k, F(x) — yHKLNA, KOTOPYHO
BbIUMCNIAET CION HepoHOB, a y*) — Bbixog 0CTATOYHOIO 6/10K3,
KOTOPbIV MOTOM CTaHET BXOAOM creaytollero cnos x(*+1).

- /I rpagueHT 6yaeT NpOXoAuTb Yepes 3ToT 610K
6ecnpensaTCTBEHHO ¥ He ByaeT 3aTyxaTb:

oy® . OF (x™%))

ox (k) oxk) -




+ JTO NPUBENO K 04YeHb Fﬂy6OKI/IM CeTAaM.

- [lpyrov aHanoruuHbin nogxod — highway networks
(MarnctpanbHble cetn) LMuaxybepa.

- Toxe npeacrasnaem y*), Bbixoq cnos k, Kak MUHENHYO
kombuHaumio Bxoaa 3toro cnoa x*) u pesynbrata F(x*)), Beca
KOTOPOW YNPaBASAIOTCA APYrUMU NPe06Pa30BaHUAMM:

y® = O(xFH)x® 4 T (x*) F(x*),

rae C' — 370 renT nepeHoca (carry gate), a T — rent
npeo6pasosaHusa (transform gate); 06b1YHO KOMBUHALNIO
fgenatoT Boinyknown, C =1 —T.

- TIpaKTMKa NOKa3bIBAET, UTO YEM KTMPSAMEE», TeM Nyylle.



RESNET: BAPUAHTDI

x(k+) = F(x)+x(K

Bxoa x(¥

(6)
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REVOLUTION OF DEPTH (KAIMING HE)

AlexNet, 8 layers I 11x11 conv, 96, /4, pool/2 |
(ILSVRC 2012)
[ 5x5 cony, 256, pool/2 |

<

| 3x3 conv, 384 |

<

| 3x3 conv, 384 |

<

[ 3x3 conv, 256, pool/2 |

[ fc, 4096 |

[ fc, 409

[e)]

Shatshatshy
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REVOLUTION OF DEPTH (KAIMING HE)

AlexNet, 8 layers
(ILSVRC 2012)

58 conv, 2

VGG, 19 layers
(ILSVRC 2014)

afl4

-
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Lol

(ILSVRC 2014)
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REVOLUTION OF DEPTH (KAIMING HE)

ResNet led to the revolution of depth

AlexNet, 8 layers % VGG, 19 layers =] ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) % (ILSVRC 2015)

adonna

DEEPER AND DEEPER
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RESNEXT

- ResNeXt (Xie et al.,, 2016): naBainTe 3ameHUM ResNet-6/10ku Ha
"split-transform-merge” 6n10kK, NoOXoxune Ha Inception.

256-din 256-din

’ 256, 1x1, 64 ’ 256, 1x1,4

‘ ‘ 256, 1x1,4 totaISZ‘ 256, 1x1,4 ‘
- 2 L2 paths 2

’ 64, 3x3, 64 ‘ 4,3x3,4 ‘ ‘ 4,3x3,4 ‘ seee 4,3x3,4 ‘
v v v v

’ 64, 1x1, 256 ‘ 4,1x1, 256 ‘ ‘ 4, 1x1, 256 ‘ ‘ 4,1x1, 256 ‘

256-d out
256-d out

- Bxopg pa3buBaeTca Ha 610KM MO KaHanam, K Kaxaomy 610Ky
CBOW CBEPTKMU.
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RESNEXT

- pes noxoxa Ha group convolutions, koTopble 6binn eLwlé B
AlexNet ona napannenusauuu:

andrd convoluions -'

Group 1

Group 2 colors
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INCEPTION V4 1 INCEPTION RESNET

- Eweé ogHa knaccuyeckas ctatba (Szegedy et al, 2016): BBoaaTCA
Inception v4 u Inception ResNet.

- Inception v4 — naesa B TOM, UTOObl BCE CTaHAAPTU3NPOBATD,
YyNpoCTUTb MOAYNW. BO-NEePBbIX, K4EPEHOKY:
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INCEPTION V4 1 INCEPTION RESNET

- Bo-BTOpbLIX, TeMepb Tpu 6a30BbIX 6110Ka A, B, C:
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INCEPTION V4 1 INCEPTION RESNET

- W cneunanbHble reduction blocks onga cokpalleHus

Pa3MepHOCTY CETKM:

Filter concat

\_\—\—\
3x3 Conv
(m stride 2'V)
1
3x3 MaxPool 3x3 Conv 3x3 Conv
(stride 2 V) (n stride 2 V) [0}
1
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(k)

Filter concat
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1x7 Conv
1x1 Conv (256)
(192) {

1x1 Conv
(256)

Filter concat

2%



INCEPTION V4 1 INCEPTION RESNET

- B Inception ResNet k Tem e 610kam 06aBASIOTCA OCTATOUHbIe

CBA3N:

Relu activation

@
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INCEPTION V4 1 INCEPTION RESNET

-+ Cy6ancKpeTn3aLmmn Tenepb HeT, HO No-npexHemy ecTb reduction

blocks:
Filter concat Filter concat
e T—\-\_\
3x3 Conv /
3 3x3 Conv
(m stride 2V) / \ (256 stride 2 V)
i 3x3 Conv 3x3 Conv {
(384 stride2 V) | (256 stride 2 V)
3x3 MaxPool 3x3 Conv 3x3 Conv 3x3 MaxPool 3x3 Conv
(stride 2 V) (n stride 2 V) o (stride 2 V) | (256)

1x1 Conv 1x1 Conv [
I \ (256) (236)
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1x1 Conv
256
) A
/ Previous

Layer

Filter concat

24



]
L
=
0
SN
o
=2
o
|
o
L
o
=
=
"
=>
=2
o
T
o
L
o
m

- B nTOre apxutekTypa Aaxe ynpoctunach; CBepxy Inception v

CHM3y Inception ResNet:

Softmax
I
Dropout (keep 0.8)
|
Avarage Pooling
I
3 xInception-C
|
Reduction-B
|
7 x Inception-B
|
Reduction-A
|
4xInception-A

Stem
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INCEPTION V4 1 INCEPTION RESNET

- Inception ResNet v2:

Inception Resnet V2 Network

Compressed View

10x 20x 10x
Convolution
MaxPool
AvgPool
Concat
@ Dropout
@ Fully Connected
@ Softmax
Residual l '
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INCEPTION V4 1 INCEPTION RESNET

- I paboTaeT Hennoxo:

Network Crops | Top-1Error | Top-5 Error
ResNet-151 [5] 10 21.4% 5.7%
Inception-v3 [15] 12 19.8% 4.6%
Inception-ResNet-v1 12 19.8% 4.6%
Inception-v4 12 18.7% 4.2%
Inception-ResNet-v2 12 18.7% 4.1%
Network Crops | Top-1Error | Top-5 Error
ResNet-151 [5] dense 19.4% 4.5%
Inception-v3 [15] 144 18.9% 4.3%
Inception-ResNet-v1 144 18.8% 43%
Inception-v4 144 17.7% 3.8%
Inception-ResNet-v2 144 17.8% 3.7%

2%



INCEPTION V4 1 INCEPTION RESNET

- Eweé ogHa knaccuyeckas ctatba (Szegedy et al, 2016): BBoaaTCA
Inception v4 u Inception ResNet.

- Inception v4 — naesa B TOM, UTOObl BCE CTaHAAPTU3NPOBATD,
YyNpoCTUTb MOAYNW. BO-NEePBbIX, K4EPEHOKY:
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INCEPTION V4 1 INCEPTION RESNET

- Bo-BTOpbLIX, TeMepb Tpu 6a30BbIX 6110Ka A, B, C:

Fitorconcat
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INCEPTION V4 1 INCEPTION RESNET

- W cneunanbHble reduction blocks onga cokpalleHus

Pa3MepHOCTY CETKM:

Filter concat

\_\—\—\
3x3 Conv
(m stride 2'V)
1
3x3 MaxPool 3x3 Conv 3x3 Conv
(stride 2 V) (n stride 2 V) [0}
1
1x1 Conv
(k)

Filter concat

Filter concat

3x3 Conv
3x3 Conv (320 stride 2 V)

(192 stride 2V) t
7x1 Conv
3x3 MaxPool (320)
(stride 2 V) t
1x7 Conv
1x1 Conv (256)
(192) {

1x1 Conv
(256)

Filter concat
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INCEPTION V4 1 INCEPTION RESNET

- B Inception ResNet k Tem e 610kam 06aBASIOTCA OCTATOUHbIe

CBA3N:

Relu activation

@

1x1 Conv
(256 Linear)
3x3 Conv
(32)
1x1 Conv t
(&) 3x3 Conv 3x3 Conv
(32) (32)
I I
1x1 Conv 1x1 Conv
(32) (32)

Relu activation

Relu activation

+

1x1 Conv
(896 Linear)

1x1 Conv.
(128)

Relu activation

7x1 Conv
(128)

1x7 Conv
(128)

1x1 Conv
(128)

Relu activation

+

1x1 Conv
(1792 Linear)

Relu activation
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INCEPTION V4 1 INCEPTION RESNET

-+ Cy6ancKpeTn3aLmmn Tenepb HeT, HO No-npexHemy ecTb reduction

blocks:
Filter concat Filter concat
e T—\-\_\
3x3 Conv /
3 3x3 Conv
(m stride 2V) / \ (256 stride 2 V)
i 3x3 Conv 3x3 Conv {
(384 stride2 V) | (256 stride 2 V)
3x3 MaxPool 3x3 Conv 3x3 Conv 3x3 MaxPool 3x3 Conv
(stride 2 V) (n stride 2 V) o (stride 2 V) | (256)

1x1 Conv 1x1 Conv [
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1x1 Conv

1x1 Conv
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Layer

Filter concat
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- B nTOre apxutekTypa Aaxe ynpoctunach; CBepxy Inception v

CHM3y Inception ResNet:

Softmax
I
Dropout (keep 0.8)
|
Avarage Pooling
I
3 xInception-C
|
Reduction-B
|
7 x Inception-B
|
Reduction-A
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INCEPTION V4 1 INCEPTION RESNET

- Inception ResNet v2:

Inception Resnet V2 Network

Compressed View

10x 20x 10x
Convolution
MaxPool
AvgPool
Concat
@ Dropout
@ Fully Connected
@ Softmax
Residual l '
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INCEPTION V4 1 INCEPTION RESNET

- I paboTaeT Hennoxo:

Network Crops | Top-1Error | Top-5 Error
ResNet-151 [5] 10 21.4% 5.7%
Inception-v3 [15] 12 19.8% 4.6%
Inception-ResNet-v1 12 19.8% 4.6%
Inception-v4 12 18.7% 4.2%
Inception-ResNet-v2 12 18.7% 4.1%
Network Crops | Top-1Error | Top-5 Error
ResNet-151 [5] dense 19.4% 4.5%
Inception-v3 [15] 144 18.9% 4.3%
Inception-ResNet-v1 144 18.8% 43%
Inception-v4 144 17.7% 3.8%
Inception-ResNet-v2 144 17.8% 3.7%
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DENSENET

- DenseNet (Huang et al,, 2017, best paper at CVPR 2017) -
MOMe3HO BKIOUATb He TOMbKO NOCNef0BaTeIbHble COeANHEHNA
MEX.y CMOAMM:

- Kaxabln ¢ kaxabim! BbIrNaanT CTPAHHO — CKOJTbKO X BECOB
HY>XHO?..

26



DENSENET

- Ho Ha camoMm fiene HY)HO He Tak y)K MHOTO; Takne coeanHeHuns
NOo3BONMAKT Maslio d_)I/ILI NCNoNb30BaATb.

- Hanpumep, k = 12 UNbTPOB Ha Kaabl YPOBEHb — 3TO 3HAUWT,
4TO Ha ypoBHe m byaeT k, + k(m — 1) dmy gocTynHo.

- Takune KOHCTPYKLMMN 06BEANHAOT B 6NOKK:

Input
Prediction

Dense Block 3

Dense Block 2

e

Dense Block 1

g
8
H
5

g
8|
H
3

UORNIoAUoD
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DENSENET

- B DenseNet meHblle BeCoB, 0byvaeTcs 6bICTpee v nydlle:

ar. ar.

—+—ResNets —2—ResNels
ResNet-34 | —— DenseNets-BC 265 ResNet-34 —4— DenseNets-BC

25 B
5 5
g3 B
k| g
Sams 3
ResNet-101
225 Resnet-152
25 285 o5 1 125 15 175 2 225 25
#iops 110"
Method Depth  Params | CI0 CI0+ | CI00  CI00+ | SVHN
Network in Network [22] - - 1041 881 | 3568 B 235
AL-CNN [32] - - 908 725 - 3371 -
Deeply Supervised Net [20] - - 969 797 - 192
Highway Network [34] - - - 7.72 - -
FractalNet [17] 21 386M | 1008 522 | 3534 201
with Dropout/Drop-path 21 386M | 733 460 | 2820 187
ResNet [11] 110 LM - 661 - - -
ResNet (reported by [13]) 110 1M 1363 641 | 4474 2720 | 201
ResNet with Stochastic Depth [11] | 110 1M | 1166 523 | 3780 2458 175
1202 102M - 491 - - N
Wide ResNet [17] 16 T1.0M E 4381 E 2207 B
28 36.5M - 417 - 2050 -
with Dropout 16 27M - - - - 164
ResNet (pre-activation) [17] 164 1M | 1126 546 | 3558° 2433 B
1001 102M | 1056° 462 | 3347° 2271 -
40 1.0M 700 524 | 2155 244 179
100 7.0M 577 410 | 2379 2020 167
100 272M | 583 374 | 2342 1925 1.59
DenseNet-BC ( = 12) 100 0.8M 592 451 | 2415 227 176
DenseNet-BC (k = 24) 250 153M | 519 362 | 1964 17.60 174
DenseNet-BC (k = 40) 190 25.6M - 346 - 17.18 -
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- SqueezeNet (landola et al,, 2017) - kKak YMEHbLWWTb YNCNIO
napameTpoB:
+ 3aMeHATb 3 X 3 GuabTpbl Ha 1 X 1;
+ YMEHbLLIATb YMCNO BXOAOB AN 3 X 3;
- nenatb downsampling kak MOXHO MO3e, UTO6bl KapTbl aKTUBaLMM
6bInK nobonblue.
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+ Fire module:

- squeeze convolutional layer (tonbko 1 x 1);
- expand layer (1 x 11 3 x 3).

1x1 convolution filters
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- /1 obwas apxuTekTypa SqueezeNet:

maxgpal2

s12
512
1000

1000
gl lobal 3 vguoel " labrador global avgpool global avgpool
m’ o Q
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SQUEEZENET

- Monyyaetcst B 50 pa3 MeHblle napameTpos, yem y AlexNet, Ho:

Squeeze Ratio (SR) Percentage of 3x3 filters (pct,,,)
0.1250.25 0.5 0.75 1.0 100 1.0 12.5 25.037.5 50.0 62.5 75.0 87.5 99.0
3 100 —squeereNet — ms3% — seo% T g 853% 853
= 80.3% accuracy accyracy = 76.3% accuracy, accuracy
2 accuracy T 80 accuracy, 88— @——6—0—9
£ 80 : 13 MB of 19 MB of : o i 7 BMeof B 21 MB of
3 4‘;5&':2:!2' weights weights § 5.7 MB of weights weights
S ;
o 60} S 60} weights
: 4
T a0l S aof
o iy
ol 0y
@ o
2 200 3 20p
(= o
@ b
E HIE H ; H E
= 0 R S S S N S S
48 76 13 19 24 5774 9311 13 15 17 19 21
MB of weights in model MB of weights in model
(a) Exploring the impact of the squeeze ratio (SR) (b) Exploring the impact of the ratio of 3x3 filters in
on model size and accuracy. expand layers (pctsz3) on model size and accuracy.
Architecture Top-1 Accuracy | Top-5 Accuracy | Model Size
Vanilla SqueezeNet 57.5% 80.3% 4.8MB
SqueezeNet + Simple Bypass 60.4% 82.5% 4.8MB
SqueezeNet + Complex Bypass 58.8% 82.0% 7.7MB
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MOBILENET

- MobileNet (Howard et al., 2017): ceTv 4N MOBUTbHbIX YCTPONCTB.

- Depthwise separable convolutions: faBanTe pa3noXum cCBEPTKY
Ha depthwise (oguH UALTP K KaXLOoMy KaHany) n 1 x 1.

Nl

“~—N —

(a) Standard Convolution Filters

DK@@@ - J

~—M—

(b) Depthwise Convolutional Filters

Y A

«— N —

(¢) 1x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution
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MOBILENET

- Torga CTpyKTypa cnos 6yaeT uyTb CIOXHee (HO BeCOB MeHblLe),
1 06LWas CTPYKTYpa He CNLIKOM rny6oKas:

Table 1. MobileNet Body Architecture

Type / Stride Filter Shape Input Size
Conv /s2 3x3x3x32 224 x 224 x 3
Conv dw /sl 3 x 3 x32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw /52 3 x 3 x 64dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x 56 x 64
Conv dw /sl 3 x3x128dw 56 x 56 x 128
Conv /sl 1x1x128x128 56 x 56 x 128
Conv dw /52 3 x 3 x 128 dw 56 x 56 x 128
Conv /sl 1 x 1 x 128 x 256 28 x 28 x 128
Conv dw /sl 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x 1 x 256 x 256 28 x 28 x 256
Conv dw /52 3 % 3 x 256 dw 28 x 28 x 256
Conv /sl 1x 1 x 256 x 512 14 x 14 x 256
S x3 x5 x 14 x5
I e B N B S R B PO
[ BN ] BN ] Conv dw /52 3 x 3 x512dw 14 x 14 x 512
! L Conv /sl 1x1x512x1024 | 7x7x512
[ R ][ RW | Gowaw/ss [3x3x102idw | 7x7x102
| 1x1 Conv ] Conv /sl 1x1x1024 x 1024 | 7 x 7 x 1024
Avg Pool / s1 Pool 7 x 7 7 x 7 x1024
FC /sl 1024 x 1000 1x1x 1024
[ ReLU ] Softmax /s1 Classifier 1 x 1 x 1000
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MOBILENET

+ W nonyyaercs, 4TO MOXHO C3KOHOMUTb OYEHb MHOTO
MnapamMeTpoB LleHoW HebonbLLIOro yXyaouweHna KavyecTBa:

Table 8. MobileNet Comparison to Popular Models

Model ImageNet Million Million
Accuracy Mult-Adds ~ Parameters
1.0 MobileNet-224 70.6% 569 42
GoogleNet 69.8% 1550 6.8
VGG 16 71.5% 15300 138

Table 9. Smaller MobileNet Comparison to Popular Models

Model ImageNet Million Million
Accuracy Mult-Adds ~ Parameters
0.50 MobileNet-160  60.2% 76 1.32
Squeezenet 57.5% 1700 1.25
AlexNet 57.2% 720 60

Table 10. MobileNet for Stanford Dogs

Model Top-1 Million Million
Accuracy Mult-Adds ~ Parameters
Inception V3 [1¥] 84% 5000 232
1.0 MobileNet-224 83.3% 569 33
0.75 MobileNet-224 81.9% 325 1.9
1.0 MobileNet-192 81.9% 418 33
0.75 MobileNet-192 80.5% 239 19
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EFFICIENTNET

- EfficientNet (Tan, Le, 2019): a BoT 1 y neural architecture search
JOLWAW PYKKU O CBEPTOUHbBIX apPXUTEKTYP

EfficientNet-B7
84 AmoebaNet-C
AmoebaNet-A _ —m===—="""
L i)
=82 2 NASNetA  ..-*"" SENet
X g Lttt
~ 3 ,/ Lantt *
3 // L.t
g PR ..==""" ResNeXt-101
> L 3
e . )
;5 80 o7 ..="" Inception-ResNet-v2
Pt

— R A
g_ ¢~ :Xception
= 78 I eResNet-152
S 1 é Topl Acc. #Params
c “DenseNet-201 ResNet-152 (He et al., 2016) 77.8% 60M
S8 Bb : enseNet-20 EfficientNet-B1 79.2% 7.8M
© ] : ResNeXt-101 (Xie et al., 2017)[ 80.9% 84M
ET61 ;e EfficientNet-B3 81.7% 12M

1 - ResNet-50 SENet (Hu et al,, 2078) §27%  T46M

R NASNet-A (Zoph et al., 2018) | 82.7% 89M

° .
1 . EfficientNet-B4 83.0% 19M
7l 8 Inception-v2 GPipe (Huang etal, 2018) T | 843%  556M
NASNet-A EfficientNet-B7 84.4% 66M
.R Net-34 TNot plotted
esNet-

0 20 40 60 80 100 120 140 160 180
Number of Parameters (Millions) 29



EFFICIENTNET

- PasHble Buabl MaCLLITa6I/lpOBaHI/Iﬂ ans moaenew:

#channels
P et P wider oo -
i
| |
----layer_i

J resolution HXW

(a) baseline

(b) width scaling

deeper

(c) depth scaling

T

deeper

"+~ higher __,higher
| i__resolution _+_ resolution
(d) resolution scaling (e) compound scaling
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