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Figure 2: (a) Space folding of 2-D Euclidean space along the two coordinate axes. (b) An illustration of
how the top-level partitioning (on the right) is replicated to the original input space (left). (c) Identification
of regions across the layers of a deep model. .

On the Number of Linear Regions of Deep Neural Networks, Montufar+, NIPS14
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B -FmER YT 127 B (Keras)

=B NESE

from keras import losses

[i> model.compile(loss=1losses.mean_squared_error, optimizer='sgd')

mean_squared_error = ) " FF K

a1 B8 2K

from keras import metrics

model.compile(loss="'mean_squared_error',
optimizer="'sqgd',
[i> metrics=[metrics.mae, metrics.categorical_accuracy])

#

mae=mean absolute error (L13RZ). categorical accuracy (1E %3

REXF FHEFE FERREH (HWRFE 20
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) J

s 1k Settingf5l| (Keras)

from keras import optimizers

model = Sequential()
model.add(Dense(64, kernel_initializer='uniform', input_shape=(10,)))
model.add(Activation('softmax'))

l:i> sgd = optimizers.SGD(1r=0.01, decay—le -6, momentum=0.9, nesterov=True)
model.compile(loss="'mean squared error', optimizer=sqgd)

sgd=FEZE A B ELE T ;% (stochastic gradient descent) TOIEADFREIL
Lr: £ & (learning rate= ATV I H A X /T A—4) xﬂasdperli:':j:irad'
decay: EH A E (weight decay=1E B[{E/ N5 A—%)  adamax, Nadam
momentum: EAV AL DINTGA—Z

nesterov: R ATATDIEEZFEOIME DD fsgcimnEea)
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%75 X573 58 (softmax[a] &)

exp(ug)
K
23:1 exp(u;)

e SoftmaxBA%X (cf sigmondEE#)~

P(Cl X) — Y1 P(dog|x)=0.02

: P(C2 X) — Y2 P(cat|x)=0.86
: P(CJlX) = YJ P(lion|x)=0.07
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Convolutional Neural Net

Convolutional Soft-max
Convolutional layer
layer 2 Convolutional Convolutional -3
layer 3 layer 4 1607 |
-k T 204 = 'f::;:‘\ 2 X :‘\
40 1 e e P <
20 40 40 i 60 Max-pooling .~ if
1 20 Max-pooling Malx-p(?ozlng layer 3 e
Input layer layer 1 S De%:) hidde
identity @
features n
(DeeplD)

o BHIAHE(conv), T—1) T B(pool). EFEERB(FC)MBLES(RD)
- FH&E

— 1L Z or h—F)L: BfRATERE X R EG S BAFGE/NZ—

— BTy T ERAORFEED, DI IR T BELEE

Sun, Yi, Xiaogang Wang, and Xiaoou Tang. "Deep learning face representation from predicting 10,000
classes." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2014.
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Conv filter
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J—1)>% B (pool)

6271172696571 |79|107
73179180|81(79]79|98 (128
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7Y T )LEE (e.g., boosting, bagging)
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- PRRRIE—DHFES

* Dropout
- BHOELGLIBEEZHONNZEE
- FHHEFZENENDEBETOHEERNTELS
— DropoutCOFF X7 HUTIILEBIZFELUL., BFEXHE. tis

%75\3&§3’%>& Hnd

FRUBRNIENZLY



CNNET JLSettingfdl| (Keras)

model = Sequential()
model.add(Conv2D(32, kernel_size=(6, 6), //6*674IL3, 32F v 1)L
activation="relu’,
input_shape=input_shape))
model.add(Conv2D(64, (3, 3), activation="relu")) //3*374IL3, 64F x> 1)L
model.add(MaxPooling2D(pool_size=(2, 2))) //2*2 max pooling
model.add(Dropout(0.25)) //dropout, A=0.25
model.add(Flatten()) //57>viLhSERF8 LA
model.add(Dense(128, activation="relu")) /128X TEEE
model.add(Dropout(0.5)) //dropout, A=0.5
model.add(Dense(num_classes, activation="softmax"))

model.compile(loss=keras.losses.categorical_crossentropy,
optimizer=keras.optimizers.Adadelta(),
metrics=['accuracy'])

model.save_weights(WEIGHTS_FNAME)

model.summary()
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ConvNet Conﬁéuration
A ALRN B C ) E [ socomer ] ResNet
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight output pock, /2
layers layers layers layers layers layers et e com, 128
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conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 W:, r poD'l,/Z m'., n
LRN conv3-64 | conv3-64 | conv3-64 | conv3-64 s | ¥ ¥
= T 33 conv, 256 | [ 3x3comv,60 | |
axpoo
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maxpool [ 3acom,2% | [ xcom e | [
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convl-256 | conv3-256 | conv3-256 :
conv3-256 autput poo& n [ 3x3conv, 128,22 | |
maxpool S8 M3 com, 512 | [ Bwmiz | [
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¥
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Convolution Input: ghgll;:”e [ oo:m 512 | [ 33com, 512 |
: a‘;ﬁi%‘:l 209x299:3 ”— Final part:8x8x2048 -> 1001 :‘,:p"l\ fe4096 avg pool avg pool
: g:;!::;‘ | 1c409 ] [ fc 1000 ] [ fc1000 ]
@=» Fully connected
&m Softmax
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Superclass

aquatic mammals

fish

flowers

food containers

fruit and vegetables
household electrical devices
household furniture

insects
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beaver, dolphin, otter, seal, whale

aquarium fish, flatfish, ray, shark, trout

orchids, poppies, roses, sunflowers, tulips

bottles, bowls, cans, cups, plates

apples, mushrooms, oranges, pears, sweet peppers
clock, computer keyboard, lamp, telephone, television
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bee, beetle, butterfly, caterpillar, cockroach

92



Image Classification on CIFAR-100
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