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Convergence on CIFAR-10
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WGAN-GP(12)
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Discriminator layer



d_loss (train discriminataor)

v

r_img l r_img >
€ a_img
[m.' r-e+f-(1-g) ————w
z i i fi
I G _Img _Img -

r loss

penalty

? g_loss (train generator)

f loss

d_loss =
f_loss —r_loss + A- penalty

g _loss =-1 loss

r_img : real image
f img : fake image
a_img : averaged image



VGG19(1/2)

Model: “vzzl3”

Layver (type) Output Shape Faram # Model: “sequential”
input_1 (InputLayer) [(None. 48. 48. 3] 0 Layer (type) Output Shape Param #
block]_convl (ConvzD) (None. 48, 48, 64) 1782 vzzl® (Functional) (None, 1, 1, 512} 0024354
blockl_conw? (ConwzD) (Hone, 48, 48, 64) 3RO2E flatten (Flatten) (None, 512) 0
block]l_pool (MaxPoolingZD) (Wone, 24, 24, 64) ] denze (Dense) (Hene, 1024) 525512
block2_convl (ConwzD) (None, 24, 24, 128) 73856 dropout (Drapout) (Hme, 1024) a
block2_convz (ConwzD) (None, 24, 24, 128) 147HB4
denze_1 (Dense) (Hone, %) 9225
E block2_pool (MaxPooling2D) (Wone, 12, 12, 128} 0
VGG191&RE zeﬁﬁﬁ (REE

blockd comvl (ConwZD) (None, 12, 12, 256) 205168 Total params: 20,558,321

%I'(SL =J | Eﬁﬁ ;F E"]T E{E}Eﬁ ) Trainable parans: 20,568,521
blockd comv2 (Conv2D) (None, 12, 12, 256) 590080 Non—trainzble params: 0

3E"_I_'| y }=I E/J):EEE LL%$§ block3_comvd (ConwiD) (None, 12, 12, ZB6) 590080
E._J_-' E/JEAC__]-J//{E?KH_J J//{ J|| block3_convd (ConviD) (None. 12, 12, 266) 590080

Eﬁﬁ_jl' E/:Mt AX1§}EH black3_pool (MaxPooling2D)  (None, 6, 6, 256) i lrd = ReducsLEOnPlateau (monl.tor = ‘wal loss,
_== patience = 20,
blockd_convl (ConwzD) (Wone, 6, 6. 512} 1180160 verboze = 1,
s e blockd_comv2 (ComvaD) (Wone, 6, 6, 512 2359808 factor = 0.60,
Lyrul —‘—
*JLE/] , gi] j: \Q min_lr = le-10)
$ /7K H ‘:' blockd_convd (ConwzD) (None, 6, 6 512} 2359808 =
blockd_comvd (ConwzD) (None, &, 6, 512} 2359808
blockd_pool (MaxPooling2D) (None, 3, 3, 512} 0

\
V7|
/]

blacks_comd Ech\asz ENDne, % 3 512: 2359008 E—“/\/{ E EJH Izﬁ ;@#’% E'j ,1%,”: % E ,_‘?_(
blocks comvi (Conw2D None, 3, 3, 512 2359808 — kY
BE& NRB1e-10

blocks_comvd (ConveD) (None, 3, 3, B12) 2350808

blockf_convd (ConwzD) (None,

o
o

. B12) 2369808

blockf_pool (MaxPoolingZD)  (Wone,

. B12) 0
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| maxpooli maxpool |  maxpool | maxpool |

i maxpool i depth=256 depth=512 depth=512 size=4096
depth=64 depth=128 3x3conv  3x3conv 3x3 conv FC1
3x3conv  3x3conv conv3d_1  conv4_1 convs_1 £C2

convl 1 conv2_1  conv3_2 conv4_2 conv5_2 size=1000

— convl 2 conv2 2 conv3_3  conv4 3 convs_3 softmax .

conv3_4  conv4_4 convS_4






Data Augmentation

| iesE s

for file in files:
img = cv2.imread(os.path. join(file_path, file))
name = file.split(".”)

name_90 = name[0]+”_90. jpg”

name_180 = name[0]+”_180. jpg”

= namel[0]+”_270. jpg”

name_270

ingd0 = np.rot90(img, 1) 1CIaSS 70 ce—> 280

img180 np. rot90(img, 2)
img270 = np.rot90(img, 3)

cv2. imwrite (path+”/“+classs+”/"+name_90, img90)
cv2. imwrite (path+”/“+classs+”/"+name_180, imgl80) total 630 c® 9 2520

cv2. imwrite (path+”/“+classs+”/"+name_270, img270)



Data Augmentation
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WGAN-GP
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B =8

WGAN-GP Train set Val set Test set
No 252 28 28
Yes 504 28 28

EEAIAR8 i 1:1
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Levell

Adam

0.4

16

Level2

AdaDelta

0.5

32

Level3

Adagrad

0.6

64




Biadma Optimizer Dropout Batch Size Accuracy

Adam 04 16 0.8532

Adam 0.5 32 0.8658

Adam 0.6 64 0.8576

AdaDelta 0.4 32 0.8247

AdaDelta 0.5 64 0.8463

AdaDelta 0.6 16 0.8132

Adagrad 0.4 64 0.8465

Adagrad 0.5 16 0.8532

Adagrad . 0.8469
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Main Effects Plot for Means

Data Means

History of Accuracy

oy, Optimizer Dropout

Batch Size

RFesponse Table for Means

Level Optimizer Dropount

0.8589  0.8415
a 0.8281  0.8551
k 0.2489  0.830d
Delta 0.0308 0.0159
Rank 1 2

Batch Size
0.5300
0.8453
0.8501
0.010z

3

Accuracy

0.9846

0.9873

0.8689
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THANKS

Does anyone have any questions?


http://bit.ly/2Tynxth
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr

