D-3A-48 DeepXCam Very Fast CN¥ased Mobile Applications:
Multiple Style Transfer and Object Recognition
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1. Obijective 4. Accuracyand Recognition Time
, Common Features of All the Apps UEGFOOD10G@Iass recognition performance
k Standalone CNN mobile applications (no external server required) o
k Speeding up by mulithreading and fast framework o i
k Recognizingny size of images by mukcale Fully Convolutional Network oo e TopB)
Kk Sgnificant reduction in memory requirements 85.0% |95.2%|
k Being applicabléo variouskinds of mobile devices w4 i oer (108
, Example 100-class food recognition o ) ) (33me
K _recognition time: 26.2ms(iPhone/Plus), tb@accuracy: 91.5% 55.0% — FisherVec (Color+HOG) [65ms]
2. Proposal Contents . s s e s s
Anyonecan build very fast CNidased mobile apps Trade-Off between Accuracyand Recognition Time
IPCIUdmg ObJ_ECt re(.:ognltléon apps and Style_tranSfer apps; Input ImageSize 227x227 200x200 180x180 160x160 We achieve
O flow of maklngnoblleappO Developed In oulab iPhone 7 Plus 55.7jng 42.1jmg 35.5|ng 26.2mg » real real-
[ Prepare a training image data ] /Caffezcl Chainer2C \ IPad Pro 66.6[msg 49.7jms] 44.0lms] 32.Gmg] time Il
b convert parameter files to IPhoneSE  77.6jms] 56.0mg 50.2ms] 37.4ms]
, . = x C source codethat run on Accuracy (togp) 952 95.1% 94.1% 91.5%
Train a CNN mOdel by mObile devices .
. Caffe(or DIGITS) J | k Very fast CNMbased mobile 4. DeepStyleCanfimage Style Transfér
N recognition/transter engine ConvDeconvNetwolR] can treat only one fixedtyle.
" Generate a C source code by : b speedlpgjp bymulti- b If transferring ten kinds of styles, we have to train ten different
Caffe2CGiutomatically threading andastframework ConvDeconvNetworiidependently.
- ” | k Adopting NIN architecture b¢ K A & goaddoy mobildmplementation(required memory size)
~_— for a recognition engine We mo_dified [2]_ cantrain multiple styles at the same time
[ Prepare a GUI code of mobile ap}a L any size of input images b addinga fusion layer and a style inpstream(inspired by [1])
L the trade-off between Training | |
~_~ b Weinput sample images to the content stream and style images to the

A style stream.{he training method is the sanas [2])

We shrunk theConvDeconvNetworkompared to [2]

\ accuracyand processingme

~ Generate CNMased image by changing input image sizes

recognition app by compliling the

_generated C code and the GUI codle It you prepare training data, b added one dowrsampling layer and upamplingayer
you can create mobile b replaced9x9 kernels with smaller 5x5 kernels in the first and last
recognition appsn a day!! convolutional layers

b reducedfive Residual Elements into three

3. DeepXCanfor recognition( X = Food, Dog, Bird, Flower

short-cut Shortcut short-cut

oo 99959

Fusion  conv_5,6 conv_6,7 conv_8,9
conv_4 layer 3x3x128 3x3x128 3x3x128 conv_7

Training DCNN
b UseNetwork-In-Network(NINJ3] considering mobile implementation
conv_3 4x4x128 4x4x64
4x4x64 stride=2 I stride=1/2 conv_8

Content
Image

b Save the size of the netwopgarameters
Ax4x32

NetvI\/ork “? Network|3] Param  Memory Top5 cony_1 o2 511072 stide=1/2  conv_10

1 9 5x5x3

K only convlayers SXOX16 irige= =5 aaxis stide-1
j conv2_4 Global

< no FC layers AlexNet  62Million  248MB 95.1% ] p
IDupIicate B
conv? 34x4x128 Average

< relativelysmaller than the other NIN(4L+BN' 5.5Million  22MB  95.2% IXIX128 NxXNX128

architectures : "y Unpooling
Kk anyimage size:orrespondence/ NIN(5L+BN 15.8Million 63MB 96.2% ) = = stride 1/2

Style

Image »

Pre-trained CNNs witimageNet2000 category images

illion i duaxba Stde=2. Pooling nvD nvN | h | In
(totally 2.1 million images) conv2 Zigesy __ (xaxize) CO eLONV elvt 9 Sty € put
- . conv2_1 ¢tride=2 AT = iy R i = ;
Speeding ugConviayersK Speeding up GEMM ] a2

bcomputation ofconvf € SNA Aa RSO2YLI2AaSR AlYy U 2Non m,fddeg» W&
and matrix multiplications —

X ColorPreservmg» [ 71 & 1

mode Y e ’

b BLAS(IOS: Accelerate Framework, And@mpenBLAS
bwe use the NEON instructi@®t whichcan execute four multiplications

andaccumulating calculations at once.
LIOS: 2Core*4 = 8 calculation, Android: 4Core*4 = 16 calculation

patchl| |patch|| |patch| [patch
kernel 1 : 1 2 3 4
kemeiz__| X |5/ @a (= I ||| Food Rec App (both |OS/Andrc)$
kernel's im2col F=—p—N—= | Our Project page .
. kernel S . - c Please searck -
v o) wrenFoodCam o LIF@aITlmeI\/IuIUSterTransfeQ 0.
GEMM: generic matrix multiplication (=conv. layer computation) €ase searc p

Reference

| S.lizukaet al.: Lethere be Color!: Joint Erth-end Learning of Global and Local Image Priors for Automatic Image Colorization with Simultdassitisafion SIGGRAPH, 2016.
] J. Johnson et aPerceptual.osses for Redlime Style Transfer arsliperResolution ECC\2016
] M. Linet al. Network In Network, ICLR, 2014

‘WN =




