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1

1.1

, ,

. ,

. (Deep Learning) , ,

. ,

(CNN) [1, 2] .

CNN , ILSVRC 2012 ,

, [3]. CNN ,

( ) , .

, CNN , ,

[4].

, , CNN . ,

, CNN ( ),

[3, 5].

, , CNN , . ,

( ) CNN . CNN

, [6],

, . , CNN

, [7, 8]. CNN ,

, .

, , , CNN

, , CNN (Bias Shift

Problem) [9]. , CNN

. , L2 ,

(Weight Decay) . , ,

0 Dropout , [10]. ,

0, 1 ( ) Batch Normalization ,

, [11]. , CNN ,

, , .

CNN , . CNN , , CNN

. , CNN

, CNN AlexNet 6,100 7.2 Floating-Point

Operations (FLOPs) , VGG-16 13,800

, 150 FLOPs [12]. ,

CNN [13]. , CNN

, CNN .
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CNN , 2 . , MobileNet

, CNN , CNN [14, 15].

,

, web CNN . ,

CNN , Pruning . Pruning ,

( )

, , CNN

(Pruning) , CNN . Pruning [12]

, , CNN ( )

, , , Pruning . , Pruning

, CNN .

, CNN , CNN ,

.

1.2

, CNN , 2, 3 ,

CNN 4 , 5 .

2 , , CNN . CNN ,

, , ( )

. , CNN , CNN

. , CNN

. CNN , , V1

, V4 V5

[16]. , CNN , ,

. V1

Olshausen [17, 18] , CNN

, CNN , . , CNN

, Bias Shift

Problem . ,

, . , , CNN

, .

, , , CNN

. , 2

[19]. , ,

. K , K ,

( ) . CNN ,

, ,

( ) , K .

, K , , ,
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( ) 2 . ,

, , 2

( , ) , . ,

, CNN ,

. , ,

2 , , , 2

, CNN . , ,

, ( ) . , 2

, ,

, .

4 , , Pruning , 2

, . ,

( ) , (

) , Prunig [20, 21, 22, 23]. ,

Pruning . , ,

(Pruning Score) ,

. , ,

, , Pruning Score

, , Pruning Score

Pruning . , Pruning ,

, . , [20, 21] ,

( ) ,

, . ,

, [22, 23] . Pruning Score

, , ,

Pruning Score , Pruning .

, Pruning Score ,

. , ( ) ,

, Pruning .

Pruning ,

[24], , , ,

. , ,

Pruning , .

, 5 , , .
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2

2.1

, ,

[25, 5, 26, 27, 28].

, ,

. ( ) ,

.

[2, 29] , ,

[25, 5, 26, 27, 28].

, , , ,

( )

[7, 8]. ,

, .

, , 2.2 , ,

. 2.3 ,

, . , ,

L2 (Weight Decay), Batch Normalization, . , Batch

Normalization , , ( )

. 2.4 ,

, . , Olshausen

, .

,

. 2.5 , ,

. 2.6 ,

, . , [30, 31]

, .

2.2

2.2.1

20 , , (Synaps) Neuron,

[16]. , McCulloch ,

, , [6]. ,

[32, 33].

, Hebb , (Hebb ) [34].

,

.

, Rosenblatt , (Perceptron) [35]. ,
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, .

, , 1950 60

. , w = (w1, w2, . . . , , wD)
T ∈ R

D ,

x = (x1, x2, . . . , xD)
T ∈ R

D

y = σ

(
D∑
d

wdxd

)
(2.1)

= σ
(
wTx

)
(2.2)

2.1 . σ , (Activation Function) ,

, . ,

σ (x) =

{
1 x ≥ θ
0 x < θ

(2.3)

. , x w θ 0

�!

�"

�#

� # �"�"
#

"

�!
�"

�"

�

2.1: .

( ) , 0 ( ).

, x 2 .

, w θ ,

x . Rosenblatt ,

(Error-Correction Learning) . , N

{(xn) |n = 1, . . . , N} , xn

yn , ( ) tn ∈ {0, 1} ,

w .

w ← w + μ(tn − yn)xn = w + μδnxn (2.4)

. , δn = tn − yn , ±1 , 0

, . μ ( , Learning Rate)

. (2.4) , ,

(Online Learning) . , , N ,

E [δnxn] (Batch Learning),

5



( ) , (Mini-Batch

Learning) .

, ,

. , ,

. Minsky , ,

[36]. , ,

, . , ,

, ( ) .

, , ,

.

2.2.2

, ,

, . ,

, . ,

(Multi-Layer Perceptron, MLP), (Multi-Layer Neural Network,

NN) , ,

. 2.2 , (Input Layer),

(Intermediate Layer, Hidden Layer), (Output Layer)

. , x(1) ∈ R
J ,

x
(2)
d = σ

⎛
⎝ J∑

j

x
(1)
j w

(1)
j,d

⎞
⎠ (2.5)

yk = f

(
D∑
d

x
(2)
d w

(2)
d,k

)
(2.6)

. , w
(1)
j,d j x

(1)
j d x

(2)
d

, w
(2)
d,k d x

(2)
d k yk

. , σ f , . ,

, , ( ) ,

( , Feed-Forward Neural Network)

.

, ,

. ,

, ,

(Back-Propagation) [37]. 1980 ,

.

, L

6



�!

�"

�#

�!

!

�&

!

�'

!

�(

)

�*

)

�!

)

�!,!

!
�!,!

)

�',!

!

�(,"

)

2.2: Feedforward Neural Network.

, ,

w
(2)
d,k ← w

(2)
d,k − μ

∂L
∂w

(2)
d,k

(2.7)

w
(1)
j,d ← w

(1)
j,d − μ

∂L
∂w

(1)
j,d

(2.8)

, , .

∂L
∂w

(2)
d,k

=
∂L
∂yk

∂yk

∂w
(2)
d,k

= δk
∂yk

∂w
(2)
d,k

(2.9)

∂L
∂w

(1)
j,d

=

K∑
k

∂L
∂yk

∂yk

∂w
(1)
j,d

=
K∑
k

∂L
∂yk

∂yk

∂x
(2)
d

∂x
(2)
d

∂w
(1)
j,d

=
K∑
k

δk
∂yk

∂x
(2)
d

∂x
(2)
d

∂w
(1)
j,d

(2.10)
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. L y ∈ R
K t ∈ R

K

L =
1

2

K∑
k

(tk − yk)
2 (2.11)

, δk

δk = tk − yk (2.12)

. δk , (2.9), (2.10) , ,

. , .

(2.8) , , (Gradient Decent)

. , , N m

, ( ) , (Stocastic

Gradient Decent, SGD) . (2.8)

w
(2)
d,k ← w

(2)
d,k − μEn

[
∂L (xn)

∂w
(2)
d,k

]
(2.13)

, , SGD . , ,

SGD , .

, L , σ

. , (Sigmoid Function)

1

1 + exp (−x)
(2.14)

.

1960 [38],

. , , ( )

, , ,

( , local optima) , .

Rumelhart , 1980 ,

.

,

[6], , , ,

. , ,

[39]. , ,

, , , (Vanishing Gradient

Problem) . , ,

, . ,

[40] , .

2.2.3

(Convolu-

tional Neural Network, CNN) ,
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2.3: CNN.

, [3, 5, 41, 42, 43]. CNN ,

(Neocognitron) [1] .

LeNet5 [29, 2] 1980 ,

CNN . ,

, 2012 , AlexNet [3] CNN Krizhevsky , ILSVRC 2012

, CNN .

CNN , 2.3 ,

Pooling . (Convolution Layer) , CNN

. 2.3 , l X (l) ∈ R
B×S×S ,

S × S, ( ) B , , ( )

. B , 1 , RGB 3 ,

, . X(l) ,

W (l) ∈ R
C×T×T , X(l) , T × T

u
(c,l)
i,j =

B∑
b

⎡
⎣ ∑
(p,q)∈Pi,j

x(b,l)
p,q w

(b,l)
p−i,q−j

⎤
⎦ (2.15)

. , C . x
(b,l)
p,q , ,

b (p, q) . Pi,j , (i, j)

T × T

Pi,j = {(i+ i′, j + j′)|i′ = 1, . . . , T, j′ = 0, . . . , T} (2.16)

. , ,

9



, , (2.15) ,

(Weight Sharing) . , ,

, .

c ( ) X(c,l+1) , u
(c,l)
i,j

U (c,l) σ

X(c,l+1) = σ(U (c,l)) (2.17)

. , , x(b,l) = vec(X(b,l)) ∈ R
S2×1,

w(c,l) = vec(W (c,l)) ∈ R
T 2×1, u(c,l) = vec(U (c,l)) .

, x
(l,c)
i,j (Neuron) ,

T × T , (Receptive Field)

.

Pooling (Pooling Layer) , CNN . Pooling

, ,

Pooling ,

, .

Pooling , . Max Pooling .

Max Pooling ,

x(b,l+1)
p,q = max

(p,q)∈Pi,j

x(b,l)
p,q (2.18)

. Max Pooling , ,

. , Average Pooling

x(b,l+1)
p,q =

1

|Pi,j |
∑

(p,q)∈Pi,j

x(b,l)
p,q (2.19)

, [2, 29], ,

. (2.18), (2.19) , Pooling ,

.

K , (Classifier) CNN

, (Fully-Connected Layer, FC ) .

, .

FC x , Convolution Pooling ,

( ) , K

. , x , W

y = Wx ∈ R
K (2.20)

, , k

pk =
exp yk∑K
k exp yk

(2.21)

10



. , k̂ = argmax
k

pk

.

CNN , ,

. , K ,

, n pn = (pn,1, . . . , pn,K)
T

, (

) tn = (tn,1, . . . , tn,K)
T

(Cross Entropy)

L = − 1

N

N∑
n

K∑
k

tn,k log pn,k (2.22)

, . , N . tn,k pn,k , ,

n k tn ∈ R
K k .

tn , one-hot ,

k tn,k = 1, tn,k = 0 . pn,k ,

(2.22) (Softmax Cross Entorpy) .

CNN , ,

. , PC ,

, , CNN

[44].

2.3

, , Bias Shift

Problem . Bias Shift Problem

, ,

[9]. , 0 ,

, . LeCun [45] Wiesler [46]

, ,

, ,

,

, .

2.3.1 Batch Normalization

, Internal Covariate Shift [11] ,

,

Bias Shift Problem , Internal

Covariate Shift LeCun [45] Wiesler [46]

, . ,

Ioffe [11] , ( )

11



Batch Normalization ,

Batch Normalization , un,d
*1 μd ,

N ( , Mini-Batch)

μd =
1

N

N∑
n=1

un,d (2.23)

σ2
d =

1

N

N∑
n=1

(un,d − μd)
2 (2.24)

,

ûn,d =
un,d − μd√

σ2
d + ε

(2.25)

ε , 0 . ,

, 0 1

{ûn|n = 1, . . . , N} , β, γ2

un,d ← γûn,d + β (2.26)

γ β , γ β ( )

, Batch Normalization , γ β .

2.26 Batch Normalization ,

2.3.2

,

. , [47]

, (Sigmoid Function)

σ (un,d) =
1

1 + exp (−un,d)
(2.27)

. tanh ,

, . ,

, , .

(Vanishing Gradient Problem) .

, Nair [48] Rectified Linear

Units (ReLU)
σReLU (un,d) = max(0, un,d) (2.28)

*1 u
(c,l)
n,d , , c l .

.

12



2.4: ReLU ELU . ReLU , ELU .

2.5: ReLU ELU . ReLU , ELU . ,

S(hk) .

. ReLU 2.4 . , un,d ReLU ,

.

∂σReLU (un,d)

∂un,d
=

{
1 (un,d > 0)
0 (un,d ≤ 0)

(2.29)

ReLU , 2.5 . (2.29), 2.5 ,

, . , ReLU ,

. , Glorot [49] , ReLU ,

. , CNN

13



, ReLU .

, 0 [50, 45]

, , 0

. Raiko [51] , Fisher ,

. Desjardins , ,

0 [52].

, Clevert [9] , ReLU Exponential Linear Units (ELU)

. ELU

σELU (un,d) =

{
un,d (un,d > 0)
α(exp(un,d)− 1) (un,d ≤ 0)

(2.30)

. , α .

ELU 2.4 . un,d ELU , .

∂σELU (un,d)

∂un,d
=

{
1 (un,d > 0)
fELU (un,d) + α (un,d ≤ 0)

(2.31)

ELU 2.5 . ReLU ELU , ,

, . , ,

ReLU 0 , , ELU , .

, ReLU ELU , , ELU ,

.

, Bias Shift Problem , ReLU , ELU .

ReLU . ReLU 0 , 0 . ,

ReLU Bias Shift Problem . , 2.4

, ELU , 0 . , ELU , Bias Shift

Problem . , ELU

.

2.3.3

, , . , CNN

[39] , CNN ,

[53, 54]. , .

, ,

, [55]. ,

,

. , (V1) (Simple Cell) ,

[55, 56]. , .

,

[57].

, ,

. Olshausenn , ( ) , 0

14



�",$

min log 1 + �",$
-

� �",$

2.6: . un,d ( )

.

( ) , V1

[17, 18]. , ,

Q = R+ λS (2.32)

. R , S
, λ

. , log exp

, ,

.

, Auto Encoder

. Auto Encoder , ,

[58] . ,

, .

2.4

, ,

, . ,

, L2 ( ) . ,

,

, Batch Normalization ELU , , 0

, . , Olshausen ,

, [17].

, CNN , , ReLU

15



, CNN , ReLU

, ,

0 . , Bias Shift Problem ,

.

, n

un ∈ R
D

S(un) =
1

D

D∑
d

log (1 + u2
n,d) (2.33)

. , 2.6 . , Olshausen [17]

. Auto Encoder

S , CNN ,

. CNN , N ,

E = L+
λ

N

N∑
n

S(un) (2.34)

. , L , λ

, N .

,

E = L+
λ

N

N,C,L∑
n

S(u(c,l)
n ) (2.35)

. C , L . (2.35) ,

, .

,

. un,d S(un,d)

∂S(un,d)

∂un,d
=

2un,d

1 + u2
n,d

. (2.36)

. S(un,d) 2.5 . 2.5 ,

, .

, ,

,

0 . , . Batch

Normalization CNN , Batch Normalization

, , .

, .

, ELU , . (2.30)

ELU , 0 ReLU ,

. 2.5 , ReLU 0 , ELU

16



. , ELU ,

. ELU

0 , 0 , .

, Bias Shift Problem . , ReLU

, ReLU 0 , ReLU

, Bias Shift Problem , .

ReLU ( ) ,

. , ReLU

. , ReLU 0 ,

.

, , w L2 ( )

E = L+ ‖w‖2 (2.37)

. (2.37) .

, .

, wi

∂E

∂wi
=

∂L
∂wi

+
∂‖w‖2
∂wi

(2.38)

=
∂L
∂wi

+ 2wi (2.39)

, wi . , un

∂E

∂wi
=

∂L
∂wi

+
S (un)

∂un,j

∂un,j

∂wi
(2.40)

=
∂L
∂wi

+
∂ log (1 + ‖un‖2)

∂un,j

∂un,j

∂wi
(2.41)

=
∂L
∂wi

+
2un,j

1 + ‖un‖2xn,k (2.42)

. un,j wi l , xn,k wi

l − 1 . wi , j

, .

, , ( )

, 0 ( )

[59]. ,

, .

, , (Channel-Wise)

. (2.33) , ,

, Channel-Wise ,

.

S
(
u(c,l)
n

)
=

C∑
c

log
(
1 + ‖u(c,l)

n ‖2
)

(2.43)

17



2.7: MNIST . , 0 9 10 .

2.8: CIFAR-10 . , , , , , , , , , , 10

.

. log ,

Channel-Wise , log .

2.5

, CNN , 2.4

. , MNIST [60] CIFAR-10/100 [61]

. MNIST [60] , 2.7 , 0 9 10 ( )

. 6 1 ,

. 28 × 28 . CIFAR-10/100 [61] , 2.8

, 10 , 100 RGB . 5

1 , 32× 32 . ,

0 1 .

, Pooling . ,

. CNN 3

18



2.1: LeNet-5 like CNN.

Layer Parameters

Conv1 32 filters, 5× 5, pad = 0, ReLU

Pool1 Max-pooling, 2× 2, pad = 0

Conv2 64 filters, 5× 5, pad = 0, ReLU

Pool2 Max-Pooling, 2× 2, pad = 0

FC1 256 fully-connected filters, ReLU

FC2 10 or 100 fully-connected filters

output Softmax

, .

2.5.1

, , LeNet5 [2] CNN (LeNet-5 like (

2.1)) , . , 100 ,

(SGD) . CIFAR-10 1,000 epoch, CIFAR-100

2,000 epoch . CIFAR-10/100 , ,

2.2, 2.3 .

( ) , Batch Normormalization (ReLU

) , ( ) , ,

. , , 2.1 (Baseline),

Baseline (Weight Decay), Baseline ReLU ELU

(ELU), Baseline Batch Normalization (Batch Norm) .

, . , Conv & Pool ,

, Pooling .

, Conv1 & Pool2 , Pooling

. , Batch Normalization ,

(Conv & Pool & FC) Batch Normalization ( + Batch Norm) .

( ) , , , Batch Normalization, ReLU

. , ( ) , , Batch Normalization,

, ReLU . Channel-Wise ,

, . ,

, λ/( ) . ,

, .

2.2 , . ,

Conv & Pool & FC , Conv1 & Pool2 & FC .

, Baseline Weight Decay 6% Batch Norm 0.2% ,

, FC (FC) , .

, Pooling , CNN

19



2.2: CIFAR-10 ( , %). LeNet-5 like ( 2.1).

λ ( ) ( )

Baseline - 0.1 69.80 ±0.25 -

Weight Decay 5e-5 0.01 68.36 ±0.25 -

ELU - 0.1 70.10 ±0.12 -

Batch Norm - 0.1 75.76 ±0.34 75.72 ±0.31

Conv 1.0 0.001 74.22 ±0.56 72.36 ±0.35

Pool 1.0 0.001 74.16 ±0.14 -

FC 1.0 0.001 71.33 ±1.42 69.42 ±0.12

Conv & Pool 1.0 0.001 75.83 ±0.19 74.52 ±0.44

Conv & FC 1.0 0.001 75.10 ±0.87 74.49 ±0.17

Pool & FC 1.0 0.001 75.27 ±0.37 76.03 ±0.56

Conv1 & Pool1 & FC 1.0 0.001 75.30 ±0.44 74.63 ±0.47

Conv1 & Pool2 & FC 1.0 0.001 75.85 ±0.33 75.07 ±0.24

Conv2 & Pool1 & FC 1.0 0.001 75.39 ±0.18 74.53 ±0.34

Conv2 & Pool2 & FC 1.0 0.001 75.12 ±0.20 73.99 ±0.36

Conv & Pool & FC 1.0 0.001 75.93 ±0.34 75.50 ±0.26

+ Batch Norm 1.0 0.001 69.58 ±0.25 69.90 ±0.16

Channel-Wise 1.0 0.001 74.42 ±0.53 73.92 ±0.03

. , Bias Shift Problem . Bias Shift Problem ,

0 ,

. FC ,

, , .

, Channel-Wise . ,

+ Batch Norm , . , , Batch Norm

.

, , ,

. , ReLU

0 ,

, 0 . , ReLU

.

CIFAR-100 , ( 2.3). 2.3 , CIFAR-100 ,

(Conv & Pool & FC) , Baseline Weight Decay 12% , Batch

Norm 5% . , FC

,

.

, 2.9 . ,
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2.3: CIFAR-100 ( , %). LeNet-5 like ( 2.1).

λ ( ) ( )

Baseline - 0.01 33.39 ±0.62 -

Weight Decay 5e-4 0.01 34.01 ±0.27 -

ELU - 0.1 35.04 ±0.30 -

Batch Norm - 0.1 41.01 ±0.16 37.95 ±0.17

Conv 1.0 0.001 43.16 ±0.06 38.47 ±0.29

Poo 1.0 0.001 41.79 ±0.10 -

FC 1.0 0.001 34.30 ±4.77 27.17 ±0.57

Conv & Pool 1.0 0.001 45.28 ±1.71 42.09 ±1.26

Conv & FC 1.0 0.001 43.49 ±1.80 41.00 ±0.29

Pool & FC 1.0 0.001 45.04 ±0.17 44.82 ±0.05

Conv1 & Pool1 & FC 1.0 0.001 42.60 ±0.35 37.11 ±0.56

Conv1 & Pool2 & FC 1.0 0.001 45.44 ±0.26 44.39 ±0.41

Conv2 & Pool1 & FC 1.0 0.001 44.56 ±0.15 41.69 ±0.20

Conv2 & Pool2 & FC 1.0 0.001 44.82 ±0.18 39.62 ±0.25

Conv & Pool & FC 1.0 0.001 46.72 ±0.95 45.81 ±0.31

+ Batch Norm 1.0 0.001 36.80 ±0.63 41.11 ±0.40

Channel-Wise 1.0 0.001 41.41 ±0.30 30.45 ±0.11

Baseline, Batch Norm, (Conv & Pool & FC) .

Conv & Pool & FC (Input) , , (Output)

. , , Batch Norm ,

.
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2.9: LeNet-5 like ( 2.1) ( ). CIFAR-10, CIFAR-100 .
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2.4: CIFAR-10 . LeNet-5

like ( 2.1).

Conv1 Pool1 Conv2 Pool2 FC

Baseline 0.24 0.35 0.40 0.85 1.02

Weight Decay 0.64 0.80 1.43 2.41 2.16

ELU -0.03 0.13 0.07 0.86 0.69

Batch Norm 0.21 0.36 0.27 0.57 0.49

Conv 0.06 0.10 0.09 0.18 0.49

Pool 0.05 0.09 0.05 0.11 0.44

FC 0.18 0.24 0.25 0.39 0.12

Conv & Pool 0.026 0.05 0.03 0.07 0.30

Conv & FC 0.04 0.07 0.05 0.10 0.09

Pool & FC 0.04 0.08 0.04 0.09 0.12

Conv1 & Pool1 & FC 0.03 0.06 0.16 0.24 0.10

Conv1 & Pool2 & FC 0.04 0.08 0.03 0.06 0.09

Conv2 & Pool1 & FC 0.03 0.05 0.05 0.10 0.10

Conv2 & Pool2 & FC 0.07 0.12 0.04 0.09 0.13

Conv & Pool & FC 0.03 0.05 0.03 0.06 0.09

Batch Norm 0.01 0.02 0.03 0.08 0.14

Channel-Wise 0.10 0.15 0.06 0.12 0.14

2.5.2

2.4, 2.5 , CIFAR-10/100 ,

( ) . ,

, . , Conv Pooling ,

, FC . , FC

, . ,

Pooling ,

Bias Shift Problem .
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2.5: CIFAR-100 . LeNet-5

like ( 2.1).

Conv1 Pool1 Conv2 Pool2 FC

Baseline 0.95 1.13 2.0 3.3 4.68

Weight Decay 1.85 2.09 2.84 4.91 4.07

ELU -0.07 0.10 -0.10 0.64 1.47

Batch Norm 0.26 0.42 0.32 0.70 1.39

Conv 0.09 0.16 0.26 0.50 2.10

Pool 0.09 0.16 0.16 0.33 2.27

FC 0.62 0.73 1.32 1.85 0.32

Conv & Pool 0.04 0.08 0.08 0.16 1.09

Conv & FC 0.06 0.11 0.12 0.23 0.26

Pool & FC 0.06 0.09 0.07 0.15 0.27

Conv1 & Pool1 & FC 0.071 0.13 0.78 1.122 0.42

Conv1 & Pool2 & FC 0.09 0.15 0.10 0.20 0.37

Conv2 & Pool1 & FC 0.07 0.11 0.16 0.31 0.37

Conv2 & Pool2 & FC 0.15 0.22 0.09 0.189 0.34

Conv & Pool & FC 0.04 0.07 0.06 0.12 0.23

+ Batch Norm 0.01 0.03 0.06 0.18 0.36

Channel-Wise 0.31 0.42 0.32 0.55 0.41
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2.5.3

, , MNIST .

, LeNet-5 like ( 2.1) . ,

2.6 . ,

, λ/( ) .

, , (Conv & Pool & FC)

, Baseline Weight Decay 0.13%, Batch Norm 0.04 %,

. CIFAR10/100 , Baseline

100% , .

, ,

.

2.6: MNIST ( , %). LeNet-5 like ( 2.1).

λ

Baseline - 0.1 99.18 ±0.03

Weight Decay 5e-6 0.1 99.18 ±0.02

ELU - 0.1 99.13 ±0.02

Batch Norm - 0.1 99.27 ±0.04

Conv 0.1 0.01 99.24 ±0.02

Pool 0.1 0.01 99.37 ±0.05

FC 0.1 0.01 93.34 ±0.05

Pool & FC 0.1 0.01 99.24 ±0.00

Conv & Pool 0.1 0.01 99.26 ±0.07

Conv & FC 0.1 0.01 99.27 ±0.05

Pool & FC 0.1 0.01 99.24 ±0.00

Conv & Pool & FC 0.1 0.01 99.31 ±0.03

+ Batch Norm 0.1 0.01 99.28 ±0.02

Channel-Wise 0.1 0.01 99.39 ±0.02

2.5.4

, LeNet-5 like , VGG-13 CNN (VGG-13 like

( 2.8)) . , LeNet5-like 1,000

epoch . , , (Baseline),

(Weight Decay), ReLU ELU (ELU), Batch Normalization

(Batch Norm), (Conv & Pool &

FC), Batch Normalization (Conv & Pool & FC) (

+ Batch Norm), Batch Normalization
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2.7: MNIST . LeNet-5 like

( 2.1).

Conv1 Pool1 Conv2 Pool2 FC

Baseline 0.32 0.48 0.83 1.74 2.28

Weight Decay 0.34 0.49 0.84 1.72 1.83

ELU 0.14 0.33 0.35 1.56 2.04

Batch Norm 0.32 0.52 0.46 1.01 1.12

Conv 0.03 0.06 0.06 0.13 0.47

Pool 0.02 0.03 0.02 0.06 0.38

FC 0.15 0.24 0.16 0.29 0.10

Conv & Pool 0.01 0.03 0.03 0.07 0.37

Conv & FC 0.02 0.05 0.04 0.09 0.10

Pool & FC 0.02 0.03 0.02 0.04 0.10

Conv & Pool & FC 0.014 0.03 0.02 0.05 0.10

+ Batch Norm 0.00 0.01 0.012 0.04 0.09

Channel-Wise 0.04 0.07 0.03 0.06 0.10

(Batch Norm + ), Channel-Wise (Channel-Wise) 8

. CIFAR-10/100 , 2.9, 2.10 . ,

, λ/( )

.

, , Baseline

. , CIFAR-10 , Baseline Weight Decay 1.3 % . CIFAR-100

, , 7 % .

, , , . , VGG-13 like ,

Batch Normalization + Batch Norm

. , Batch Normalization , Batch

Norm . , Batch Normalization

. , , Batch Normalization

, ,

.

2.6

, .

, , . ,

.

, , 4 .

, VGG-13 like (2.5.4 ) . 2.13 .
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2.8: VGG-13 like CNN.

Layer Parameters

Conv1 64 filters, 3× 3, pad = 1, ReLU

Conv2 64 filters, 3× 3, pad = 1, ReLU

Pool1 Max-pooling, 2× 2, pad = 0

Conv3 128 filters, 3× 3, pad = 1, ReLU

Conv4 128 filters, 3× 3, pad = 1, ReLU

Pool2 Max-pooling, 2× 2, pad = 0

Conv5 256 filters, 3× 3, pad = 1, ReLU

Conv6 256 filters, 3× 3, pad = 1, ReLU

Pool3 Max-pooling, 2× 2, pad = 0

FC1 1024 fully-connected filters, ReLU, DropOut (p = 0.5)

FC2 10 or 100 fully-connected filters

output Softmax

2.9: CIFAR10 ( , %). VGG-13 like ( 2.8).

λ

Baseline - 0.01 88.48 ±0.24

Weight Decay 5e-6 0.01 88.53 ±0.03

ELU - 0.01 88.51 ±0.19

Batch Norm - 0.01 89.42 ±0.11

Conv & Pool & FC 0.1 0.01 88.79 ±0.07

+ Batch Norm 0.1 0.01 89.80 ±0.06

Batch Norm + 0.1 0.01 89.28 ±0.07

Channel-Wise 0.1 0.01 88.78 ±0.16

” ” , ,

. , ” 1” , 1, ”

4” , 4 . ,

Batch Norm CNN , Baseline ,

CNN , , Baseline . , 1

, .

, Batch Normalization ,

, , .
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2.10: CIFAR100 ( , %). VGG-13 like ( 2.8).

λ

Baseline - 0.01 59.06 ±0.52

Weight Decay 5e-6 0.01 59.13 ±0.56

ELU - 0.01 65.32 ±0.14

Batch Norm - 0.01 66.61 ±0.07

Conv & Pool & FC 1.0 0.01 66.14 ±0.13

+ Batch Norm 0.1 0.01 67.47 ±0.20

Batch Norm + 0.1 0.01 67.13 ±0.30

Channel-Wise 0.1 0.01 63.58 ±0.38

2.11: CIFAR-10 . VGG-13

like ( 2.8).

Conv1 Conv3 Conv6 FC1

Baseline 0.10 0.30 0.28 0.31

Weight Decay 0.10 0.31 0.28 0.31

ELU 0.01 0.13 0.18 0.89

Batch Norm 0.26 0.15 0.21 0.37

Conv & Pool & FC 0.05 0.05 0.04 0.14

+ Batch Norm 0.08 0.07 0.11 0.26

Batch Norm + 0.15 0.11 0.17 0.25

Channel-Wise 0.08 0.16 0.11 0.18

2.7

, (CNN) ReLU ( )

, CNN ReLU

ReLU 0

, . , Batch Normalization

, Batch Normalization

. , , ,

.

, CNN ,

CNN .
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2.12: CIFAR-100 .

VGG-13 like ( 2.8).

Conv1 Conv3 Conv6 FC1

Baseline 0.10 0.35 0.66 0.38

Weight Decay 0.10 0.37 0.69 0.39

ELU 0.01 0.07 0.19 0.91

Batch Norm 0.27 0.15 0.12 0.37

Conv & Pool & FC 0.04 0.03 0.05 0.21

+ Batch Norm 0.08 0.09 0.09 0.36

Batch Norm + 0.17 0.12 0.11 0.36

Channel-Wise 0.07 0.13 0.17 0.22

2.13: (CIFAR-10 ,

%). VGG-13 like 1, 000 epochs . .

λ 1 2 4

Baseline - 0.01 87.20 ±0.30 87.61 ±0.01 88.04 ±0.08

Batch Norm - 0.01 14.78 ±1.7 65.53 ±5.34 87.97 ±0.89

Conv & Pool & FC 0.1 0.01 87.72 ±0.10 88.20 ±0.16 88.41 ±0.30
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3

3.1

CNN , ,

[25, 5, 26, 27, 28]. , ,

, , ,

[25, 5, 26, 27, 28]. , ,

( ) , . ,

, .

, , 3.2 ,

. , 3.3 ,

, . ,

, ( ) ( )

, . ,

( ) , 2 (

, ) .

, , ,

. , , ,

, .

,

, (

) , [62, 63]. 3.4 ,

, .

,

. 3.5 , ,

. 3.6 ,

, .

, [64] .

3.2

, ( )

. Fisher , (LDA) [19]. ,

. , , ,

, [65]. ,

[66].

. Osman ,

,

[67]. Chen ,

30



[68]. , ,

, , .

, ,

[62]. Wu , , , LDA

(SVM) [69]. , ,

,

[63]. , Abe , [64] , [70].

, K , . , k 1

{xk,n|n = 1, . . . , Nk; k ∈ {1, . . . ,K}} . Nk k

, N N =
K∑

k=1

Nk . ,

( ) σ2
W

σ2
W =

K∑
k

(
1

Nk

Nk∑
n

(xk,n − μk)
2

)
(3.1)

. μk k

μk =
1

Nk

Nk∑
n

xk,n (3.2)

. , ( ) σ2
T

σ2
T =

1

N

K∑
k

Nk∑
n

(xk,n − μ)2 (3.3)

. μ

μ =
1

N

K∑
k

Nk∑
n

xk,n (3.4)

. 3.1, 3.3 , 1

γ =
σ2
W

σ2
T

(3.5)

. , σ2
T σ2

W , σ2
B

σ2
T = σ2

W + σ2
B (3.6)

. , σ2
B

σ2
B =

∑
k

Nk

N
(μk − μ)2 (3.7)
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. γ
σ2
B

σ2
T

σ2
B

σ2
W

γ =
σ2
W

σ2
T

(3.8)

= −σ2
B

σ2
T

(3.9)

=
1

1 +
σ2
B

σ2
W

(3.10)

, γ , .

3.3

,

, ( ) . ,

, , .

, K ,

, . ,

K , y , K . ,

k Ck , P (Ck) . Ck p(y|Ck) , μk

σ2

p(y|Ck) =
1√
2πσ2

exp

{
− (y − μk)

2

2σ2

}
(3.11)

. σ2 , Ck

P (Ck|y) = P (Ck)p(y|Ck)

p(y)

=
P (Ck)p(y|Ck)∑K
i P (Ci)p(y|Ci)

=
exp

{
(y − μk)

2
}

∑K
i exp{(y − μi)2 + log P (Ci)

P (Ck)
}

=
exp

{
(y − μk)

2
}

∑K
i αi exp{(y − μi)2}

(3.12)

=
1

1 +
∑K

i,i�=k βi exp(βi)
(3.13)

. , αi = exp

(
log

P (Ci)

P (Ck)

)
, βi = 2μiy − μ2

i . (3.12) , μk

σ2 ,

. , K

, . , (3.13) , K

,

, ( )

32



3.1: ( ) . ,

, 200 . ( )

, .

2 , . , ,

.

, CNN ,

( ) ( ) 3.1 . , CIFAR-10

. 3.5 , 3.5.2 .

, ( )

, ( )

. 3.1 , , , , .

CNN , , 2 , . ,

, 2 .

, 2 , .

2 , , ,

. 3.2 , ,

[19][65]. (

) γk , ,

2 ,
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3.2: .

. , G

G =
K∑
k

γk =
K∑
k

σ2
Wk

σ2
Tk

(3.14)

. σ2
Wk

σ2
Tk

,

σ2
Wk

=
1

N

N∑
n

{
tn,k(yn,k − μk)

2 + (1− tn,k)(yn,k − μ̂k)
2
}

(3.15)

σ2
Tk

=
1

N

N∑
n

(yn,k − μT )
2. (3.16)

. , N , yn,k n k

(k ), tn,k k k

1, 0 . , k Nk, (

) N̂k . , k yn,k

μk , yn,k μ̂k ,

μk =
1

Nk

N∑
n

tn,kyn,k, μ̂k =
1

N̂k

N∑
n

(1 − tn,k)yn,k . yn,k μT
1

N

N∑
n

yn,k

.
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, (Softmax Cross

Entropy) L , G .

E = L+ λG (3.17)

, λ .

L = − 1

N

N∑
n

K∑
k

tn,k log
exp (yn,k)∑K
i exp (yn,i)

(3.18)

. , 3.2 .

, w

w ← w − α
∂E

∂w
(3.19)

. α .

3.4

, , x Ck

P (Ck|x) , . 3.3 ,

, (Softmax Function) .

, (Sigmoid Function) ,

,

, Beyer [71].

, . x

Ck , , P (Ck|x) 1 , , Ck

, P (Ck|x) 0 . ,

P (Ck|x)

P (Ck|x) = 1

1 + exp (−yk)
(3.20)

. yk , x k . , ,

, ,

. , 3.3 ,

. , P (Ck|x)

P (Ck|x) = exp (yk)∑K
i exp (yi)

=
1

1 + exp (−yk)
∑K

i,i�=k exp (yi)
(3.21)

. , , , K

.

. , ,

.
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3.1: LeNet-5 like CNN 1.

Layer Parameters

Conv1 64 filters, 3× 3, pad = 0, stride=2, Batch Norm, Leaky ReLU (α = 0.1)

Pool1 Max-pooling, 3× 3, pad = 0

Conv2 128 filters, 3× 3, pad = 0, stride=2, Batch Norm, Leaky ReLU (α = 0.1)

Pool2 Max-Pooling, 2× 2, pad = 0

FC1 10 fully-connected filters

output Softmax

3.2: LeNet-5 like CNN 2.

Layer Parameters

Conv1 64 filters, 5× 5, pad = 2, stride=1, Batch Norm, ReLU

Pool1 Max-pooling, 5× 5, pad = 0

Conv2 128 filters, 3× 3, pad = 2, stride=1, Batch Norm, ReLU

Pool2 Max-Pooling, 2× 2, pad = 0

FC1 1024 fully-connected filters, ReLU

FC2 10 fully-connected filters

output Softmax

3.5

, MNIST [60], CIFAR-10/100 [61],

(CNN) , . MNIST , 0

, . , CIFAR-10 CIFAR-100

, 10 , 100 RGB . ,

2.5 .

, 5 CNN . 2 ( 3.1,

3.2) , LeNet5 [2] CNN , MNIST .

LeNet-5 like 1 ( 3.1) , Pooling , LeNet-5 like

2 ( 3.2) , FC . , Batch Normalization (Batch

Norm) [11] . ReLU [48] . , LeNet-5 like 1 Adam

[72] , LeNet-5 like 2 (SGD) . Adam , α = 0.001,

β1 = 0.9, β2 = 0.999, eps = 10−8 . SGD , . (

(3.17)) L , .

100 . , 2 CNN ( 3.3, 3.4) , CIFAR-10/100

. Deep CNN ( 3.3) , 9 , Pooling 3 , 1 , 2

VGG-13 like ( 3.4) , 6 , 1 FC . , Deep

CNN ReLU Leaky ReLU [73] , VGG-13 llike ReLU .
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3.3: Deep CNN.

Layer Parameters

Conv1 128 filters, 3× 3, pad = 1, Batch Norm, Leaky ReLU (α = 0.1)

Conv2 128 filters, 3× 3, pad = 1, Batch Norm, Leaky ReLU (α = 0.1)

Conv3 128 filters, 3× 3, pad = 1, Batch Norm, Leaky ReLU (α = 0.1)

Pool1 Max-pooling, 2× 2, pad = 0, DropOut (p = 0.5)

Conv4 256 filters, 3× 3, pad = 1, Batch Norm, Leaky ReLU (α = 0.1)

Conv5 256 filters, 3× 3, pad = 1, Batch Norm, Leaky ReLU (α = 0.1)

Conv6 256 filters, 3× 3, pad = 1, Batch Norm, Leaky ReLU (α = 0.1)

Pool2 Max-pooling, 2× 2, pad = 0, DropOut (p = 0.5)

Conv5 512 filters, 3× 3, pad = 0, Batch Norm, Leaky ReLU (α = 0.1)

Conv6 256 filters, 3× 3, pad = 0, Batch Norm, Leaky ReLU (α = 0.1)

Conv6 128 filters, 3× 3, pad = 0, Batch Norm, Leaky ReLU (α = 0.1)

Pool3 Average-Pooling, 2× 2, pad = 0

FC2 10 or 100 fully-connected filters

output Softmax

3.4: VGG-13 like.

Layer Parameters

Conv1 64 filters, 3× 3, pad = 1, Batch Norm, ReLU

Conv2 64 filters, 3× 3, pad = 1, Batch Norm, ReLU

Pool1 Max-pooling, 2× 2, pad = 0

Conv3 128 filters, 3× 3, pad = 1, Batch Norm, ReLU

Conv4 128 filters, 3× 3, pad = 1, Batch Norm, ReLU

Pool2 Max-pooling, 2× 2, pad = 0

Conv5 256 filters, 3× 3, pad = 1, Batch Norm, ReLU

Conv6 256 filters, 3× 3, pad = 1, Batch Norm, ReLU

Pool3 Max-pooling, 2× 2, pad = 0

FC1 1024 fully-connected filters, DropOut (p = 0.5)

FC2 10 or 100 fully-connected filters

output Softmax

, Deep CNN Adam , VGG-13 like SGD . , ,

, LeNet-5 like . , ResNet-18 ResNet-18 like (

3.5) , . , , , VGG-13

like . , 0.1 , 80 epochs, 120 epoch

, , 10 .

CNN 3 ,
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3.5: ResNet-18 like. ( )× 3 , Residual Block . Residual Block ,

1× 1 . , conv2 1 conv3 1

.

Layer Parameters

Conv0 16 filters, 3× 3, pad=1, BatchNorm, ReLU

Conv1 x ( 16 filters, 3× 3, pad=1, BatchNorm, ReLU

16 filters, 3× 3, pad=1, BatchNorm, ReLU
) ×3

Conv2 x ( 32 filters, 3× 3, pad=1, BatchNorm, ReLU

32 filters, 3× 3, pad=1, BatchNorm, ReLU
) ×3

Conv3 x ( 64 filters, 3× 3, pad=1, BatchNorm, ReLU

64 filters, 3× 3, pad=1, BatchNorm, ReLU
) ×3

Pool Average-pooling, 8× 8, pad = 0

FC 10 or 100 fully-connected filters

output Softmax

.

3.5.1 CNN

, CNN , CNN ,

. , 3.6 ”-”

, Baseline, λ . MNIST ,

, LeNet-5 like 2 ( 3.2) 0.03 % , LeNet-5 like 1 ( 3.2) ,

. CIFAR-10 , Deep CNN, VGG-13 like,

ResNet-18 like , 2 %, 0.1 %, 0.1 % CIFAR-100

, Deep CNN, VGG-13 like, ResNet-18 like , 5 %, 0.2 %, 3

% CIFAR-100 MNIST CIFAR-10 100 %

CIFAR-100 100 %

, SGD VGG-13 like , Adam Deep CNN

, Adam

.

3.3 Deep CNN CIFAR-10

. , , CNN

,

3.5.2

, CNN ( )

( ) , . 3.4 3.5 , , Deep CNN CIFAR-10

, ,

. , Deep CNN
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3.6: ( , %). λ . ”-” .

λ epochs

MNIST LeNet-5 like 1 ( 3.1) - 0.001 300 98.52 ±0.03

1.0 0.001 300 98.51 ±0.02

LeNet-5 like 2 ( 3.2) - 0.01 300 99.29 ±0.06

1.0 0.01 300 99.32 ±0.01

CIFAR-10 Deep CNN ( 3.3) - 0.01 1,000 90.20 ±0.27

1.0 0.01 1,000 92.42 ±0.20

VGG-13 like ( 3.4) - 0.01 1,000 89.42 ±0.11

0.1 0.01 1,000 89.56 ±0.12

ResNet18 ( 3.5) - 0.1 1,000 89.67 ±0.10

0.1 0.1 1,000 89.75 ±0.20

CIFAR-100 Deep CNN ( 3.3) - 0.01 1,000 64.07 ±0.34

1.0 0.01 1,000 69.22 ±0.19

VGG-13 like ( 3.4) - 0.01 1,000 66.61 ±0.07

1.0 0.01 1,000 66.83 ±0.30

ResNet18 ( 3.5) - 0.1 1,000 58.56 ±0.23

0.1 0.1 1,000 61.96 ±0.52

3.3: CIFAR-100 . epoch , .
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, , Deep CNN .

, , (untarget

class) .

, CNN , , 2

. , 2 , ,

, . , 3.3 ,

, ,

, 2 , . ,

(2 ) , 3.7,

3.8 . , , (2

). , CIFAR-10 , Deep CNN ,

. , CNN , 2

.

3.7: ( ). 0 4 .

.

λ 0 1 2 3 4

MNIST LeNet-5 like 1 ( 3.1) - 0.70 0.64 0.68 0.59 0.58

1.0 0.90 0.91 0.85 0.86 0.87

LeNet-5 like 2 ( 3.2) - 0.72 0.71 0.70 0.70 0.64

1.0 0.96 0.97 0.94 0.95 0.95

CIFAR-10 Deep CNN ( 3.3) - 0..42 0.57 0.34 0.29 0.36

1.0 0.88 0.94 0.83 0.73 0.87

VGG-13 like ( 3.4) - 0.42 0.62 0.37 0.35 0.35

0.1 0.73 0.82 0.66 0.57 0.71

ResNet-18 ( 3.5) - 0.60 0.71 0.54 0.49 0.60

0.1 0.76 0.86 0.68 0.59 0.74

CIFAR-100 Deep CNN ( 3.3 ) - 0.10 0.08 0.06 0.04 0.04

1.0 0.50 0.46 0.31 0.26 0.31

VGG-13 like ( 3.4) - 0.08 0.14 0.10 0.04 0.17

1.0 0.09 0.16 0.10 0.04 0.19

ResNet-18 ( 3.5) - 0.07 0.11 0.08 0.04 0.13

0.1 0.1 0.12 0.09 0.05 0.15
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3.8: ( ). 5 9 .

.

λ 5 6 7 8 9

MNIST LeNet-5 like 1 ( 3.1) - 0.61 0.58 0.53 0.66 0.55

1.0 0.85 0.88 0.84 0.83 0.83

LeNet-5 like 2 ( 3.2) - 0.69 0.67 0.59 0.75 0.62

1.0 0.94 0.95 0.94 0.93 0.92

CIFAR-10 Deep CNN ( 3.3) - 0.33 0.42 0.47 0.50 0.51

1.0 0.79 0.91 0.92 0.92 0.92

VGG-13 like ( 3.4) - 0.36 0.60 0.56 0.53 0.53

0.1 0.64 0.79 0.76 0.81 0.78

ResNet-18 ( 3.5) - 0.56 0.68 0.70 0.69 0.70

0.1 0.68 0.80 0.80 0.83 0.83

CIFAR-100 Deep CNN ( 3.3 ) - 0.06 0.07 0.07 0.11 0.09

1.0 0.38 0.49 0.38 0.48 0.47

VGG-13 like ( 3.4) - 0.11 0.09 0.08 0.06 0.08

1.0 0.12 0.10 0.09 0.07 0.09

ResNet-18 ( 3.5) - 0.09 0.08 0.08 0.06 0.07

0.1 0.09 0.09 0.10 0.07 0.09
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(a)

(b)

3.4: CIFAR-10 Deep CNN ,

. , .

, .
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(a)

(b)

3.5: CIFAR-10 Deep CNN ,

. ,

.

43



3.5.3

, ( ) (PCA) ,

. , 2

, .

3.6 , CIFAR-10 Deep CNN .

, ,

. , ,

, .
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(a)

(b)

3.6: Deep CNN CIFAR-10 . , .

, .
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3.6

, , ,

, , 3.4

. , Adam , 3.5

, , , .

3.6.1

, 3.5.1 ,

. 3.9 , . ,

. , CIFAR100

.

, ,

.

3.9: , CNN

(%). λ ·/· , , ,

. Adam.

λ epochs

MNIST LeNet-5 like 1 ( 3.1) - 300 98.94 ±0.12 98.96 ±0.08

0.1 / 0.01 300 99.00 ±0.04 98.99 ±0.04

LeNet-5 like 2 ( 3.2) - 300 99.34 ±0.08 99.41 ±0.06

1.0 300 99.38 ±0.04 99.30 ±0.05

CIFAR-10 Deep CNN ( 3.3) - 1,000 90.20 ±0.27 91.38 ±0.03

1.0 1,000 92.63 ±0.16 92.28 ±0.04

VGG-13 like ( 3.4) - 1,000 90.68 ±0.35 90.53 ±0.33

0.01 1,000 90.51 ±0.22 90.65 ±0.12

ResNet-18 like ( 3.5) - 1,000 87.53 ±0.63 85.84 ±1.04

0.1 1,000 87.41 ±0.18 87.26 ±0.60

CIFAR-100 Deep CNN ( 3.3) - 1,000 64.07 ±0.34 66.47 ±0.28

0.1 1,000 64.87 ±0.05 70.59 ±0.35

VGG-13 like ( 3.4) - 1,000 66.26 ±0.58 67.42 ±0.08

1 / 0.01 1,000 67.19 ±0.23 67.44 ±0.52

ResNet-18 like ( 3.5) - 1,000 66.26 ±0.58 67.42 ±0.08

1 / 0.01 1,000 67.19 ±0.23 67.44 ±0.52

46



3.6.2

, .

3.7 CIFAR10 Deep CNN . ,

, , .

, ( 3.9, 3.10, 3.11, 3.12, 3.13, 3.14, 3.15, 3.16, 3.17). , A

. 3 , ,

, . ,

, . ,

, ,

.

(a) ( ) (b) ( )

(c) ( )

3.7: Deep CNN CIFAR-10 .
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3.6.3

, 3.5.3 , PCA , .

3.8 , CIFAR-10 Deep CNN

.

, . ,

, .

(a) ( ) (b) ( )

(c) ( )

3.8: Deep CNN CIFAR-10 .
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3.7

, ,

, ,

, . ,

,

, . ,

, .

, ,

.

, ( ) ,

CNN .
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.9:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.10:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.11:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.12:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.13:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.14:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.15:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.16:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.17:
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(a) ( ) (b) ( )

(c) ( ) (d) ( )

3.18:
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4 CNN Pruning

4.1

, (CNN) ,

[3, 5, 41, 42]. CNN ,

[3, 5, 28, 26] CNN

, . 6,100

AlexNet [3] 1 7,200 (FLOPs)

1 3,800 VGG-16 , 150 FLOPs

[12]. ,

, [13] CNN

, 2 .

CNN , CNN

Howard 1× 1 ,

FLOPs AlexNet (MobileNet) [14]

, Zhang , ShuffleNet [15]. ,

, CNN , CNN .

, (Pruning)

CNN Pruning Pruning

LeCun [20] Hassibi [21]

Pruning CNN [22, 23, 74, 75, 76, 77, 78, 79,

80, 81, 82, 83, 84] , Pruning .

, CNN 90 % [12] CNN

Pruning CNN

Pruning ,

(Pruning) , Pruning

, Pruning ( ) [74]

, , [22, 23]

, Optimal Brain Damage [20] Optimal Brain Surgeon [21]

. ( ) , ,

( ) ,

(Pruning Score)

, , 4.2 , Pruning , . 4.3

, , Taylor , Pruning ( ) ( ) ,

[22, 23] , . , Taylor
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4.1: l − 1 l-th l − 1-th c

( ) ,

. , Pruning Score . 4.4

, Pruning , ,

CNN Pruning . ,

, ,

, . 4.5 , 4.6 ,

, , ,

. 4.7 , 4.8 , Pruning .

4.9 , CNN Batch Normalization [11] ,

.

, [85] .

4.2 Pruning

Pruning [20, 21] ,

, (Pruning) . ,

(CNN) Pruning , CNN

. CNN Pruning , (Weight-level) , (Feature-level)

[12], Feature-level Pruning .

4.2.1 Weight-level Pruning

Weight-level Pruning Pruning , (

) . Weight-level Pruning ,

, Pruning . Li

L1 [74], Molchanov L2 [23]. Wen ,

CNN , [75].
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4.2.2 Feature-level Pruning

Feature-level Pruning , (Feature) Pruning . 4.1

, l − 1 c Pruning , l

c (Feature Map) . , c

, CNN Pruning ,

.

Feature-level Pruning , . ,

S, l c X(c,l) ∈ R
T×T ,

x(c,l) = vec(X(c,l)) ∈ R
T 2×1 ,

(c∗, l∗) = arg min
(c,l)∈Ω

S({x(c,l)
n }Nn=1). (4.1)

, Ω c l , x
(c,l)
n N

n . l∗ c∗

, 4.1 , Pruning

. , S

S

Ayinde , cosine ,

Pruning [76]. Peng ,

[79] He [78] Luo [77] , Pruning

. Yu ,

, [80].

, ,

Pruning .

,

[81, 23, 22, 84]. Huang , Pruning ,

Pruning [81]. , ,

, .

Pruning , [20, 21] ,

[23, 22, 84] .

4.3 Pruning

, [23, 22] ,

S . , , ,

Pruning .

, Pruning .
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4.3.1

CNN , N

, .

L = −
N∑

n=1

log[pn,tn ] (4.2)

pn,k k n (
∑K

k=1 pn,k =

1, ∀n) tn ∈ {1, · · · ,K} n

, n xn ∈ R
T 2×1 L

Δn(δ) , *2

Δn(δ) = L(xn + δ)− L(xn) ≈ δ�∇n +
1

2
δ�Hnδ. (4.3)

, ∇n = ∂L
∂xn

∈ R
T 2×1, Hessian Hn = ∂

∂xn

∂�
∂xn

L ∈ R
T 2×T 2

.

Hessian Hn ,

Hn ≈ ∇n∇�
n . (4.4)

B.1 .

xn , 0 , xn + δ = 0 ,

δ = −xn . , (4.3) , {xn}Nn=1

,

S({xn}Nn=1) = En [Δn(−xn)] = En

[
−x�

n∇n +
1

2
x�
nHnxn

]
. (4.5)

, S({xn}Nn=1) , ,

Pruning .

4.3.2 pruning

, S ,

. , ,

, 2

.

, −x�
n∇n ,

, 0 . , ,

. , (4.5)

3 ,

. 4.2 . 4.5.1 . ,

, . ,

, S({xn}Nn=1) = En[x
�
nHnxn] .

*2 x
(c,l)
n , c l .
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, . (4.4) Hessian Hn ,

En

[
x�
nHnxn

]
= En

[
(x�

n∇n)
2
]
. (4.6)

, x�
n∇n . , ,

, .

Pruning ,

En

[
(x�

n∇n)
2
] ≥ (

En

[
x�
n∇n

])2
(4.7)

. , (Important Feature Map) (Redun-

dant Feature Maps) toy ( 4.2) , (4.7) 2

. 4.2 (a) En

[(
x�
n∇n

)2]
, 3

, Important Feature Maps Redundant Feature Maps . ,

4.2 (b)
(
En

[
x�
n∇n

])2
, Redundant Feature Maps ,

. , (4.7)
(
En

[
x�
n∇n

])2
, ,

.

, (4.7) , [22, 23] . Theis [22]

, Molchanov [23] *3. 2

, .

, , En[x
�
n∇n]

En

[
x�
n∇n

]
= En[xn]

�En[∇n] + Corrn(xn,∇n). (4.8)

Corr
Corrn(xn,∇n) = En

[
(xn − En[xn])

�(∇n − En[∇n])
]

(4.9)

. , xn , xn ∇n

. xn 
 0

, (4.5) , ∇n � 0 . , (4.8) ,

x En[x
�
n∇n] , (En[x

�
n∇n])

2 Pruning Score

. ,
(
En

[
x�
n∇n

])2
,

. ,

. , (4.8) Corr

S({xn}Nn=1) =
(
En[xn]

�En[∇n]
)2

= x̄� (∇̄∇̄�) x̄ = x̄�H̄x̄ (4.10)

.
x̄ = En[xn], ∇̄ = En[∇n], H̄ = ∇̄∇̄� (4.11)

. (4.10)

, ,

*3 , [23] : |En
[
x�
n∇n

] | =
√(

En
[
x�
n∇n

])2
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1st

2nd

3rd

0

0

3

=
0

0

0

0

0

0

0

3

0

1.5

1.7

1.5

=

=

=

0.1

0.2

0.1

0.3

0.1

0.2

0.3

0.3

0.3

Redundant Feature Maps Important Feature Maps

criterion score score

0

0

0

0

0

0

0

1

0

3

5

2

3

2

3

2

2

1

(a)
(b)

>
<

(c) <<

=

=

=

=

4.2: .

Pruning Score . Toy 4.3.2 ,

4.2 , x̄�H̄x̄ . (En[x
�
n∇n])

2 , x̄�H̄x̄

, Redundant Feature Maps , Important Feature Maps

,

.

4.3.3

, ( (4.10)) ,

.

Variant ( (4.10)) , x̄ (Positive Semidifinite,

PSD) Ĥ , metric . , metric

D(0,x) = (x− 0)�Ĥ(x− 0) , Pruning x Pruning 0

, Ĥ . Pruning , , 0 .
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metric , [86] , 0

x metric PSD Ĥ . [22, 23]

xn metric Hn ,

ad-hoc

(4.10) Ĥ

metric Ĥ (4.10)

S({xn}Nn=1) = En

[
x�
n Ĥxn

]
= trace

(
Ĥ En[xnx

�
n ]

)
. (4.12)

, (4.10) (4.12) , x̄ = En[xn] En[xnx
�
n ]

. 2 ( (4.10), (4.12)) , 4.5 .

Normalization , x(c,l) Pruning Score

. feture map c c ∈ {1, · · · , C}
Pruning , Pruning Score S(c,l) � S({x(c,l)

n }Nn=1)

c

S̃
(c,l)
Lp

=

√
S(c,l){∑C

c′=1

√
S(c′,l)

p
} 1

p

(4.13)

. , Molchanov [23] . (4.10), (4.12)

2 , , Pruning Score S(c,l) l

Score Lp , Score . Pruning , Score

Pruning , Pruning .

, ,

, ( ) ,

. p ≤ 1 Lp Score {S(c,l)}c �=c∗

, , Score p ≤ 1 .

4.4 Pruning

, (Feature Map) CNN ( )

( ) , Pruning .

, Pruning Pruning . ,

, h (·) m , Pruning m

. , m ,

, Pruning .

4.4.1 Pruning

, CNN Pruning *4 ,

Pruning . , ,

*4 , Pruning ,
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. Pruning l W (l)

W (l) =
(
w(1,l), . . . ,w(C,l)

)T

(4.14)

. , C , w(c,l) l c .

w(c,l) u(c,l) C X(l) =
(
x(1,l), . . . ,x(C,l)

)T
u(c,l) = w(c,l) ∗X(l) (4.15)

. ∗ . , , x(c,l+1)

x(c,l+1) = σ
(
u(c,l)

)
(4.16)

. , σ (·) , .

w(c,l) Pruning , w(c,l) 0

, h(·)

w̃(c,l) = h(m(c,l))w(c,l) (4.17)

. h(·) ,

h(m(c,l)) =

{
0, if m(c,l) ≤ θ

1, otherwise
(4.18)

. m(c,l) , w(c,l) . , θ

. w(c,l) Pruning ,

h(m(c,l)) 0 , , Pruning CNN 1 . Pruning

ũ(c,l)

ũ(c,l) = w̃(c,l) ∗X(l)

= h
(
m(c,l)

)
w(c,l) ∗X(l)

= h
(
m(c,l)

)
u(c,l) (4.19)

. Pruning , m(c,l) θ , m(c,l)

w(c,l) CNN .

(4.17), (4.18) , Pruning ,

M W

min
M,W

1

N

(
N∑
n

L (Xn,M,W)

)
+ λR (h (M)) (4.20)

. , W M , , CNN ,

. L , R (·)
( 0 ) , λ

. Pruning (4.20) , Xiao

AutoPrune [24] , h (·) , M W (4.20)

, CNN .
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4.4.2

4.4.1 , Pruning , h (·) M
. , ,

(4.7 ). ,

hσ(m
(c,l)) =

1

1 + exp(−αm(c,l))
(4.21)

, . , hσ(·) , α

. , , , Pruning

CNN (4.7 ). , CNN Batch

Normalization [11] , .

Batch Normalization , N , n

, u
(c,l)
n ∈ R

D×1 . D

. Batch Normalization ( )

,

BN(u(c,l)
n ) =

u
(c,l)
n − μ(c)√

En

[(
u
(c,l)
n − μ(c)

)T (
u
(c,l)
n − μ(c)

)]
+ ε

(4.22)

. , μ(c) =
1

ND

N,D∑
n,d

u
(c,l)
n,d . , ε 0

. , , Batch

Normalization .

, m(c,l) h(·) l w(c,l)

Batch Normalization . ũ(c,l), μ̃(c) , Batch
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Normalization

BN(ũ(c,l)
n ) =

ũ
(c,l)
n − μ̃(c)√

En

[(
ũ
(c,l)
n − μ̃(c)

)T (
ũ
(c,l)
n − μ̃(c)

)]
+ ε

=
h
(
m(c,l)

) (
u
(c,l)
n − μ(c)

)
√(

h
(
m(c,l)

))2
En

[(
u
(c,l)
n − μ(c)

)T (
u
(c,l)
n − μ(c)

)]
+ ε

=
h
(
m(c,l)

) (
u
(c,l)
n − μ(c)

)

|h (
m(c,l)

) |
√

En

[(
u
(c,l)
n − μ(c)

)T (
u
(c,l)
n − μ(c)

)]
+ ε

=
sgn

(
h
(
m(c,l)

)) (
u
(c,l)
n − En

[
u
(c,l)
n

])
√
En

[(
u
(c,l)
n − μ(c)

)T (
u
(c,l)
n − μ(c)

)]
+ ε

= sgn
(
h
(
m(c,l)

))
BN(u(c,l)

n ) (4.23)

. sgn (·) . (4.23) , Batch Normalization

, h (·) . Xiao AutoPrune [24]

, 0 1 ,

, 0 1 ,

. ,

Pruning CNN . ,

Batch Normalization , Batch Normalization ,

.

4.4.3 Pruning Block

, Pruning ,

. , , M
, Pruning .

, 4.3 Pruning Block . Pruning Block , CNN

. Pruning Block , Encoder, , , Decoder

, , U (l) ,

Pruning, Pruning , Pruning ,

. , Pruning Block Encoder , 1× 1 Wenc ∈ R
C′×C

, l C U (l) =
(
u(1,l), . . . ,u(C,l)

)T
,

C ′ Z(l) =
(
z(1,l), . . . , z(C′,l)

)T

, U (l)

.

z
(c′,l)
d =

C∑
c

w(c′,c)
enc u

(c,l)
d (4.24)
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4.3: Pruning Block.

. u
(c,l)
d z

(c′,l)
d , u(c,l) z(c′,l) d . w(c′,c)

enc , c,

c′, 1× 1 (1× 1 ) .

, Pruning , m(c,l)

hσ (·) , Z(l) .

z̃(c′,l) = hσ

(
m(c′,l)

)
z(c′,l) (4.25)

, σ(·) , Decoder 1 × 1

Wdec ∈ R
C×C′

ũ
(c,l)
d =

C′∑
c′

w
(c,c′)
dec σ

(
z̃
(c′,l)
d

)
(4.26)

( ) . ,

, Batch Normalization

, Pruning .
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, Encoder Decoder 1× 1 ,

, l l+1 . , Pruning

CNN , Pruning Block .

M , Pruning Block 1× 1 CNN

W , . M

m(c,l) ← m(c,l) − μ

N

N∑
n

(
∂L (Xn,M,W)

∂m(c,l)

)
− μλ

∂R (M)

∂m(c,l)
(4.27)

. , R

R (M) =
L∑
l

C(l)∑
c

h
(
m(c,l)

)
C(l)

(4.28)

. L , C(l) l . μ

. w(c,l) ,

w(c,l) ← w(c,l) − μ

N

N∑
n

(
∂L (

Xn,M,wc,l
)

∂w(c,l)

)
(4.29)

.

4.5 Pruning

MNIST [60] CIFAR-10/100 [61] CNN ,

Pruning MNIST 6 10

CIFAR-10/100 5 10,000 2.5

.

, CNN (Pruning) 1 . (4.1)

CNN (Pruning) , Pruning

CNN Pruning

Pruning CNN FLOPs , Pruning

Pruning FLOPs Pruning CNN .

Pruning , FLOPs CNN . ,

Pruning FLOPs 0 % 50 % 70 % 90 % CNN

FLOPs , 90 % , CNN , 10

.

4.5.1 Comparison of Taylor expansion terms

, 4.3.2 , .

Pruning 4.1 LeNet5-like CNN

MNIST . Pruning CNN ( ) 0.01 SGD , 300 epochs

100 . Pruning ,

CNN 5 , . 4.2
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4.1: LeNet5-like CNN.

Layer Parameters

conv1 32 filters, 5× 5, pad = 2, BatchNorm, ReLU

pool1 Max-pooling, 2× 2, pad = 0

conv2 64 filters, 5× 5, pad = 2, BatchNorm, ReLU

pool2 Max-Pooling, 2× 2, pad = 0

FC1 1024 fully-connected filters, DropOut (p = 0.5)

FC2 10 fully-connected filters

output Softmax

4.2: LeNet5-like CNN Pruning ( %). , ,

, + , .

FLOPs

0 % 50% 70% 90%

En[−x�
n∇n] 99.29±0.06 99.19±0.03 99.08±0.08 99.01±0.06

En[−x�
n∇n + x�

nHnxn] 99.29±0.06 99.25±0.02 99.18±0.03 98.97±0.05

En[x
�
nHnxn] 99.29±0.06 99.23±0.05 99.18±0.05 99.13±0.06

, Pruning . , 4.3.2

, Taylor .

4.5.2 Performance comparison

( (4.10)) ( (4.12)) Pruning

Simple Feature-level Pruning

Ssimple({xn}Nn=1) = En[‖xn‖22] (4.30)

. , Li [74] , L2

.

Fisher Fisher Pruning [22] , ( (4.10), (4.12)) ,

Sfisher({xn}Nn=1) = En

[
1

2
x�
nHnxn

]
(4.31)

Oracle Oracle Pruning [23] ,

Soracle({xn}Nn=1) =
∣∣En

[
x�
n∇n

]∣∣ . (4.32)

.
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4.3: VGG-13 like CNN.

Layer Parameters

conv1 64 filters, 3× 3, pad = 1, BatchNorm, ReLU

conv2 64 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool1 Max-pooling, 2× 2, pad = 0

conv3 128 filters, 3× 3, pad = 1, BatchNorm, ReLU

conv4 128 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool2 Max-pooling, 2× 2, pad = 0

conv5 256 filters, 3× 3, pad = 1, BatchNorm, ReLU

conv6 256 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool3 Max-pooling, 2× 2, pad = 0

FC1 1024 fully-connected filters, DropOut (p = 0.5)

FC2 10 or 100 fully-connected filters

output Softmax

L1+stdv Weight-level Pruning Feature-level Pruning , l c

L1

[87]

Sstd+L1({w(c,l)}) = λ
σ(c,l)√∑C
c′ (σ

(c′,l))2
+ (1− λ) ‖w(c,l)‖11 (4.33)

. w(c,l) σ(c,l)

, λ . λ

, ,

.

Pruning LeNet5-like CNN 4.1 4.3 VGG-13 like

CNN VGG-13 like 4.5.1 3

4.5.3 MNIST dataset

MNIST LeNet5-like ( 4.1 ) VGG-13 like ( 4.3) ,

Pruning ( 4.4) MNIST VGG-13 like

( (4.30))

, CNN ( 4.4 a) CNN ( 4.4 b)

CNN Pruning ,
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4.4: MNIST ( %).

(a) LeNet5-like CNN ( 4.1)

FLOPs reduction

Criterion 0 % 50% 70% 90%

L1+stdv (4.33) 99.29±0.06 99.28±0.07 99.22±0.06 98.91±0.07

Simple (4.30) 99.29±0.06 99.29±0.03 99.21±0.07 99.15±0.11

Fisher (4.31) 99.29±0.06 99.23±0.05 99.18±0.05 99.13±0.06

Oracle (4.32) 99.29±0.06 99.30±0.08 99.25±0.04 99.19±0.05

Ours (4.10) 99.29±0.06 99.25±0.06 99.19±0.07 99.13±0.04

Ours (4.12) 99.29±0.06 99.29±0.03 99.28±0.02 99.19±0.05

(b) VGG13-like CNN ( 4.3)

FLOPs reduction

Criterion 0 % 50% 70% 90%

L1+stdv (4.33) 99.55±0.01 99.61±0.02 99.62±0.07 99.59±0.04

Simple (4.30) 99.55±0.01 99.51±0.01 98.40±0.38 89.57±5.71

Fisher (4.31) 99.55±0.01 99.62±0.03 99.56±0.02 99.60±0.03

Oracle (4.32) 99.55±0.01 99.65±0.03 99.67±0.03 99.44±0.23

Ours (4.10) 99.55±0.01 99.63±0.04 99.64±0.02 99.61±0.04

Ours (4.12) 99.55±0.01 99.63±0.02 99.62±0.02 99.59±0.02

4.5.4 CIFAR datasets

MNIST CIFAR-10/100 ,

Pruning ,

VGG-13 like ( 4.3 ) , Pruning ( 4.5 )

MNIST (4.30) Pruning CNN

FLOPs 90 % Oracle

Pruning [23] Fisher Pruning [22] (4.7)

Oracle Pruning ( (4.32)) Fisher Pruning ( (4.31))

,

( (4.10), (4.12))

, 4.3.2

Pruning . ( (4.31), (4.32))

L1+stdv Weight-level Pruning L1+stdv

( (4.10), (4.12)) (4.33) L1+stdv

( ) Pruning ( (4.12)) CNN

( 4.5 FLOPs 90 % )

, ResNet18-like ( 4.6) Pruning . , SGD

300 epochs , Pruning . SGD 0.1
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4.5: VGG13-like ( 4.3) CIFAR-10/100 %).

(a) CIFAR-10

FLOPs

0 % 50% 70% 90%

L1+stdv (4.33) 87.73±0.27 87.45±0.27 85.97±0.69 81.37±0.34

Simple (4.30) 87.73±0.27 85.02±1.03 72.96±1.54 34.80±6.49

Fisher (4.31) 87.73±0.27 87.44±0.22 85.81±0.42 74.46±0.81

Oracle (4.32) 87.73±0.27 87.72±0.70 86.12±0.20 81.30±0.46

Ours (4.10) 87.73±0.27 89.38±0.22 88.94±0.46 83.80±1.87

Ours (4.12) 87.73±0.27 89.02±0.24 88.86±0.12 86.24±0.33

(b) CIFAR-100

FLOPs

0 % 50% 70% 90%

L1+stdv (4.33) 65.75±0.23 61.67±1.15 57.41±0.41 46.57±1.52

Simple (4.30) 65.75±0.23 60.68±0.36 37.72±1.16 6.12±0.15

Fisher (4.31) 65.75±0.23 63.52±0.47 59.59±0.49 40.84±1.54

Oracle (4.32) 65.75±0.23 59.34±0.66 52.06±1.96 41.67±2.06

Ours (4.10) 65.75±0.23 65.62±0.04 63.98±0.02 49.39±0.04

Ours (4.12) 65.75±0.23 62.98±0.02 61.15±0.02 53.75±0.02

, 80 epochs, 120 epochs , , 10 .

, , , 0.9, 0.0001, 100 . 4.7 ,

( (4.10)) . (4.12)

xn (4.12) En[xnx
�
n ]

(4.12) Pruning Score

(4.12) (4.10)

xn ,

, 4.3.3 ( (4.13)) ,

. 4.8 . , .

, ( (4.10)) L1 ( (4.13)) ,

. , L1 (4.12) ,

. CIFAR-10 , ( 4.5 a) , L1 , FLOPs 90 %

. , .

Pruning Score Score

Score . ,

( (4.10)) , (4.12) ,
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4.6: ResNet18-like. ( )× 3 , Residual block . Residual block ,

1× 1 . , conv2 1 conv3 1 stride

.

Layer Parameters

conv0 16 filters, 3× 3, pad=1, BatchNorm, ReLU

conv1 x ( 16 filters, 3× 3, pad=1, BatchNorm, ReLU

16 filters, 3× 3, pad=1, BatchNorm, ReLU
) ×3

conv2 x ( 32 filters, 3× 3, pad=1, BatchNorm, ReLU

32 filters, 3× 3, pad=1, BatchNorm, ReLU
) ×3

conv3 x ( 64 filters, 3× 3, pad=1, BatchNorm, ReLU

64 filters, 3× 3, pad=1, BatchNorm, ReLU
) ×3

pool Average-pooling, 8× 8, pad = 0

FC 10 fully-connected filters

output Softmax

4.7: ResNet18 CIFAR-10 ( %) .

FLOPs

0 % 50% 70% 90%

L1+stdv (4.33) 89.17±1.36 84.80±1.06 82.37±1.43 74.15±1.56

Simple (4.30) 89.17±1.36 82.24±0.26 76.36±1.56 52.88±10.93

Fisher (4.31) 89.17±1.36 86.80±0.31 84.93±0.37 79.17±1.0

Oracle (4.32) 89.17±1.36 85.73±0.05 85.03±0.44 78.29±0.24

Ours (4.10) 89.17±1.36 86.78±0.78 83.17±0.20 77.99±1.11

Ours (4.12) 89.17±1.36 82.24±2.11 78.80±2.71 62.69±9.04
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4.8: (4.13) Pruning ( %). CIFAR-10/100,

CNN(Table 4.3).

(a) CIFAR-10

FLOPs

0 % 50% 70% 90%

Oracle (4.32) + L1 87.73±0.27 89.70±0.29 89.26±0.22 85.77±0.49

Ours (4.10) + L1 87.73±0.27 89.62±0.13 89.15±0.11 86.52±0.42

Ours (4.10) + L 2
3

87.73±0.27 89.53±0.20 89.06±0.44 86.04±0.38

Ours (4.10) + L 1
2

87.73±0.27 89.25±0.13 89.00±0.45 86.09±0.42

Ours (4.12) + L1 87.73±0.27 88.74±0.21 87.27±0.30 83.80±0.09

(b) CIFAR-100

FLOPs

0 % 50% 70% 90%

Oracle (4.32) + L1 65.75±0.23 65.66±0.34 63.80±0.62 54.56±1.23

Ours (4.10) + L1 65.75±0.23 66.03±0.25 64.26±0.27 55.79±1.23

Ours (4.10) + L 2
3

65.75±0.23 65.77±0.23 64.45±0.47 56.38±1.27

Ours (4.10) + L 1
2

65.75±0.23 66.18±0.13 64.25±0.15 56.38±0.92

Ours (4.12) + L1 65.75±0.23 64.60±0.19 62.37±0.83 55.12±0.24
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4.6

Pruning

Pruning , 1

4.4 , FLOPs , Pruning

( 4.5 ). 4.4

, Fisher Pruning [22] conv5 conv6 Pruning

Pruning Oracle Pruning [23] conv1 conv6

Pruning Pruning . ( (4.10))

Pruning Pruning ,

, CNN Pruning

( (4.13)) 4.5 Oracle Pruning [23]

, Pruning

.

, Pruning , Pruning

. 4.6 , FLOPs , Pruning

. 4.6 , ,

, , ,

. ,

, . , Pruning

4.7, 4.8 , , FLOPs

, , FLOPs

. , , .
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Fisher pruning ( (4.31)) Oracle Pruning ( (4.32)) ( (4.10))

[22] [23]

4.4: Pruning

FLOPs , Pruning .

Oracle Pruning ( (4.32)) + L1-norm ( (4.10)) + L1-norm

[22]

4.5: ( (4.13)) Pruning Pruning .
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Fisher pruning ( (4.31)) Oracle Pruning ( (4.32)) ( (4.10))

[22] [23]

4.6: Pruning FLOPs , Pruning

.

Fisher pruning ( (4.31)) Oracle Pruning ( (4.32)) ( (4.10))

[22] [23]

4.7: Pruning (conv1, conv2, conv3, conv4)

FLOPs , Pruning .

Fisher pruning ( (4.31)) Oracle Pruning ( (4.32)) ( (4.10))

[22] [23]

4.8: Pruning (conv5, conv6) FLOPs

, Pruning .
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4.7 Pruning

, 4.4 , Pruning . , MNIST,

CIFAR-10/100 , STL-10 [88] . 4.9 , STL-10 , 10

. , 5,000 , 8,000

. 96× 96 .

Pruning . AutoPrune [24] Pruning ,

CNN , CNN ,

CNN Pruning CNN . , Pruning Block , , 4.4.3

, CNN Pruning Block , CNN .

, CNN , Pruning

CNN . (epochs) , , . ,

, α 50 .

Pruning Block , Encoder C ′ ,

.

4.5 , CNN , FLOPs Pruning

. , MNIST, CIFAR , 4.5 .

, STL-10 , CIFAR 3 ,

. STL-10 VGG13-like 2 ( 4.9) , VGG13-like 4.3

Max-pooling , FC1 . ResNet18-like , 4.5

( 4.6) . , 0 1

, STL-10 , −1 1 . , 3

.

4.9: STL-10 . 10 .

4.7.1 MNIST

, MNIST LeNet5-like ( 4.1) Pruning ,

. AutoPrune [24] , 400 epochs

, Pruning .
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4.9: VGG-13-like CNN 2. STL-10 .

Layer Parameters

conv1 64 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool1 Max-pooling, 2× 2, pad = 0

conv2 64 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool2 Max-pooling, 2× 2, pad = 0

conv3 128 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool3 Max-pooling, 2× 2, pad = 0

conv4 128 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool4 Max-pooling, 2× 2, pad = 0

conv5 256 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool5 Max-pooling, 2× 2, pad = 0

conv6 256 filters, 3× 3, pad = 1, BatchNorm, ReLU

pool6 Max-pooling, 2× 2, pad = 0

FC 10 or 100 fully-connected filters

output Softmax

4.10: MNIST .

FLOPs reduction

Dataset Network Method (%) FLOPs (%)

MNIST LeNet-5 like Baseline - 99.31 ±0.07 0

( 4.1) AutoPrune - 98.17 ±0.71 97.01 ±0.15

Sigmoid 0.001 99.09 ±0.045 81.63 ±2.70

Ours 0.001 99.24 ±0.062 91.46 ±0.72

, SGD . 0.015, 0.01

. 100, λ 0.05 .

, AutoPrune (Sigmoid) (Ours) ,

AutoPrune , , ,

Pruning , Pruning .

, 4.10 . Baseline , , Pruning

. 4.10 , , (AutoPrune)

, FLOPs 5 % , , Pruning

. , , AutoPrune ,

Pruning . , Sigmoid , , FLOPs

, . , Pruning Block ,

, Batch Normalization .
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4.11: CIFAR-10/100 .

FLOPs reduction

Dataset Network Method (%) FLOPs (%)

CIFAR-10 VGG-13 like Baseline - 87.73 ±0.27 0

( 4.3) AutoPrune - 82.03 ±1.25 84.95 ±0.90

Sigmoid 0.001 76.90 ±3.92 85.43 ±1.91

Ours 0.001 85.14 ±0.75 90.66 ±0.39

ResNet-18 like Baseline - 89.17 ±1.36 0

( 4.6) AutoPrune - 82.80 ±2.26 46.72 ±3.67

Sigmoid 0.1 86.62 ±0.38 35.72 ±2.50

Ours 0.1 86.99 ±0.29 46.11 ±2.74

CIFAR-100 VGG-13 like Baseline - 65.75 ±0.23 0

( 4.3) AutoPrune - 54.18 ±1.69 56.17 ±0.62

Sigmoid 0.001 58.57 ±1.50 74.22 ±0.59

Ours 0.001 62.21 ±0.54 82.62 ±1.04

ResNet-18 like Baseline - 62.53 ±0.20 0

( 4.6) AutoPrune - 58.70 ±1.15 30.28 ±2.30

Sigmoid 0.1 54.92 ±0.65 29.47 ±2.00

Ours 0.1 58.50 ±0.33 28.93 ±3.55

4.7.2 CIFAR

, CIFAR-10/CIFAR100 VGG-13 like ( 4.3) ResNet-18 like ( 4.6)

, Pruning . AutoPrune [24] , VGG13

1,000 epochs , Pruning .

SGD . 0.001,

0.01 . λ , 0.5,

FC 0.05 . , , Dropout , 0.0005, 100,

0.01 . , Sigmoid Ours , 200 epochs

. Dropout conv1, conv3, conv5, pool3, FC1 , 0.3, 0.4, 0.4, 0.5, 0.5

. , 0.1 , AutoPrune .

, , ,

.

4.11 , VGG-13 like , FLOPs ,

. CIFAR-10 , , AutoPrune FLOPs 5 %

, 3 % . CIFAR-100 ,

AutoPrune 20 % FLOPs , 8 % . , AutoPrune

, CIFAR-10 , CIFAR-100 , FLOPs

. , ,
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.

, ResNet-18 ( 4.6) , 4.5 . AutoPrune [24] ,

200 epochs , Pruning

. SGD .

0.015, 0.01 .

, 0.9 . λ , 0.5, FC

0.05 . , 100 . , Sigmoid Ours ,

0 , 0.1 , AutoPrune .

, AutoPrune . CIFAR-10 ,

FLOPs , 4 % . , CIFAR-100

, AutoPrune . , Sigmoid , CIFAR-10 CIFAR-100

, . ,

Pruning ,

Pruning Block , .

4.7.3 STL-10

, STL-10 . , CIFAR-10/100 STL-10 3

, VGG-13 like ( 4.3) VGG-13 like 2 ( 4.9) . ,

0.1, 0.9 SGD . ,

400 epochs 100 . , AutoPrune , 250 epochs .

, Sigmoid , 4.7.2 . ResNet-18 ,

, 4.7.2 ResNet-18 ( 4.6) .

4.12 , . VGG-13 like 2 , AutoPrune

FLOPs 3 % , 0.4 % . ResNet-

18 , FLOPs , AutoPrune . ,

CIFAR-100 , (STL-10 ,

, ).

4.12: STL-10 % .

FLOPs reduction

Dataset Network Method (%) FLOPs (%)

STL-10 VGG-13 like 2 Baseline - 70.03 ±0.44 0

(Table 4.9) AutoPrune - 60.86 ±0.95 85.60 ±0.42

Sigmoid 0.1 66.49 ±1.70 18.74 ±3.86

Ours 0.001 61.29 ±1.83 87.83 ±0.93

ResNet-18 like Baseline - 75.00 ±0.50 0

(Table 4.6) AutoPrune - 61.21 ±3.53 32.01 ±5.04

Sigmoid 0.1 69.62 ±0.47 30.79 ±7.47

Ours 0.1 71.40 ±1.12 52.23 ±6.82
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4.13: CIFAR-10/100 % .

FLOPs reduction

Dataset Network Method (%) FLOPs (%)

CIFAR-10 VGG-13 like Baseline - 87.73 ±0.27 0

(Table 4.5) AutoPrune - 80.96 ±1.39 84.87 ±0.23

Ours 0.001 83.17 ±0.33 95.22 ±0.48

ResNet-18 like Baseline - 89.17 ±1.36 0

(Table 4.6) AutoPrune - 68.24 ±8.23 69.20 ±1.01

Ours 0.001 68.12 ±0.16 91.97 ±0.74

CIFAR-100 VGG-13 like Baseline - 65.75 ±0.23 0

(Table 4.5) AutoPrune - 49.85 ±1.65 61.71 ±0.47

Ours 0.001 56.11 ±1.24 93.15 ±0.85

ResNet-18 like Baseline - 62.53 ±0.20 0

(Table 4.6) AutoPrune (step) - 40.01 ±2.73 64.24 ±4.04

Ours 0.001 18.68 ±1.77 97.55 ±0.28

4.7.4

Pruning , ,

Pruning

. , .

4.13 , . ,

, AutoPrune FLOPs . ,

( 4.11, 4.12) , Pruning , CNN

. , CNN

, ,

Pruning .

4.8 Pruning Block

, Pruning Block CNN . , Pruning CNN

(PCA) , . ,

,

. 4.10 , CIFAR-10 , VGG-13 like

conv6 ( ) Pruning Block .

, Pruning Block , ,

. , Encoder ,

. , , Pruning

.
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(a) Pruning Block (b) Encoder

(c) (d) Decoder

4.10: Pruning Block (conv6) .

4.9 Batch Normalization

Batch Normalization ,

. , , Batch Normalization

CNN . CNN ,

,

, Batch Normalization . ,

Pruning . 4.14

4.14 , , Sigmoid ,

AutoPrune . , CIFAR-10 , AutoPrune

, Sigmoid . AutoPrune ,
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, CNN ,

. , Sigmoid , ,

, Pruning

. , CIFAR-100 , .

, Batch Normalization , ,

. , ,

Pruning . ,

, .

4.14: Batch Normalization .

FLOPs reduction

Dataset Network Method (%) FLOPs (%)

MNIST LeNet-5 like Baseline - 99.31 ±0.07 0

( 4.1) AutoPrune (step) - 99.03 ±0.08 96.94 ±0.45

AutoPrune (sigmoid) 0.1 99.14 ±0.02 90.17 ±0.25

Ours 0.1 99.16 ±0.09 94.93 ±0.65

CIFAR-10 VGG-13 like Baseline - 87.73 ±0.27 0

(Table 4.5) AutoPrune (step) - - -

AutoPrune (sigmoid) 0.001 86.34 ±0.68 79.41 ±2.47

Ours 0.001 87.31 ±0.19 81.84 ±1.24

CIFAR-100 VGG-13 like Baseline - 65.75 ±0.23 0

(Table 4.5) AutoPrune (step) - 44.29 ±2.08 52.55 ±19.35

AutoPrune (sigmoid) 0.001 63.41 ±1.30 68.48 ±4.08

Ours a 0.001 63.48 ±0.11 75.32 ±1.93

a 3 , 1 , 2 .

4.10

, Pruning , ,

Pruning , Pruning

2 .

, ,

, ,

. , ,

metric , , Pruning Score

, .

Pruning ,

,

, Pruning . , , Batch

Normalization . ,
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, ,

.

CNN , Pruning

, CNN , CNN

.

, ,

CNN .
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5

, , , .

(CNN) ,

( ) , CNN

, , Pruning

. , .

2 , CNN , CNN

0 ,

. , Batch Normalization , Batch

Normalization . , ,

, .

3 CNN ,

,

, ,

, . ,

,

, . ,

, . ,

, .

4 , Pruning , ,

Pruning , Pruning

2 . ,

, ,

, . ,

, ,

Pruning , ,

,

Pruning . , , Batch Normalization

. , ,

. CNN

, Pruning , CNN

, CNN .

, CNN , ,

, ,

.

, . 2 , CNN

, CNN . ,
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,

. 3 , CNN ,

. ,

,

. , , . 4

, Pruning , , CNN

, CNN

, .
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, , CNN

.

, , . ,

( ), ( ), ( )

, .

( ) , ,

. , ,

. , 2 , 3 , , .

, , ( )

, . 4 ,

, .

.

, , .
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A 3

A.1 VGG13-like

3.5 , 3.6 , CIFAR10 VGG13-like ( 3.4) ,

( A.1, A.2, A.3, A.4, A.5, A.6, A.7,

A.8, A.9) .

(a) ( ) (b) ( )

(c) ( ) (d) ( )

A.1:
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(c) ( ) (d) ( )

A.2:
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A.2 ResNet18-like

, CIFAR10 ResNet18-like ( 3.5) ,

( A.11, A.12, A.13, A.14, A.15, A.16, A.17,

A.18, A.19) .

(a) ( ) (b) ( )

(c) ( ) (d) ( )
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B 4

B.1 Hessian

4.3.1 x L ( (4.3))

Hessian H (4.4)
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