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Methodology

The activation function in combined form:

K
oi(z,a', ") = aufi(z, Bix),
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Updating rules:
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Methodology

We introduce the following three principles for selecting the components:

@ Principle 1: Each component should have the same domain as the
baseline activation function.

@ Principle 2: Each component should have an equal range as the
baseline activation function.

@ Principle 3: Each component activation functions should be
expressively independent of other component functions with the
following definition.
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Methodology

Definition 1: If a component activation function f, is expressively
independent of a set of other component functions: fi, ..., f,, there does
not exist a set of combination coefficients «s,...,an, inner activation
parameters (1,...3,, parameters of the previous linear layers W’, b’ such
that for any input X, activation parameters 3y, and parameters of the
previous linear layer Wy, by, the following equation holds:

fi(zk, Bk) = fi(W X + by, B)

=Y aif (WX +b',8;) = aifi(Z, 8) )
i=1 i=1

Proposition 1: For a single-layer network with m neurons, if a component
activation function f, which is not expressively independent of other
components, is excluded, we need at most 2m neurons to express the same
mapping exactly.
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Methodology

P-Sig-ramp: Sigmoid/Tanh Function substitute with bounded domain:

O(Z'Q7IB):QU(Z)—|—(1—O[)f(z,,B) (4)
where 0 < o < 1 and
0 if z < ﬁ
flziB)=(fz+3 i —g<z<g ®)
1 |fz>25

P-E-Relu/Id: Relu Function substitute with unbounded domain:

o(z; a, B) = aRelu(z) + BElu(z) + (1 — a — B)(—Elu(—2))
o(z; a, B) = aRelu(z) + (1 — a)(—Elu(—2z, 8) + Elu(z, 5)) (6)
o(z;a,8) = az+ (1 — a)(—Elu(—2z, 5) + Elu(z, 5))
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Methodology

Layer-wise Regularisation for Activation Parameters:

L= L,
>\.
+ 01 Z HJ Z Z ||evijxk — @jk|[*  towards-mean
. J .
J i k

)
+ ;2 Z Z Z ||ako — cvjik||*>  towards-default (7)
ik

o3
+ >0 (lIReLu(age — (1 - 2))|?
ik
+ ||Relu(—A — ajjx+)||?) + other terms

The regularization coefficients d; and d> can be implemented for
controlling the flexibility in activation parameter space.
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Experiments

Experiment for multi-variate time series forecasting with LSTMs: (fixed =
sigmoid, flexible = P-Sig-Ramp)
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Convolutional Autoencoder 1 (CAE 1):

Input(28*28*1) — Conv2d(16, 3, 3) = MP(2, 2) —

Coding — Conv2d(8, 5, 3) ﬂ) Conv2d(1, 2, 2)

Tanh
—% Output

Convolutional Autoencoder 2 (CAE 2):

Input(28*28*1) — Conv2d(16, 3, 3) = MP(2, 2) —

Conv2d(8, 3, 2) =% MP(2, 1) — Coding

— Conv2d(16, 3, 2) Y Conv2d(8, 5, 3)

RetU, Convad(1, 2, 2 ) 2™ Output
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Experiments

Experiment for lossy image compression with CAE 1 and CAE 2 on
MNIST and FMNIST: (Relu_Elu = P-E2-RelLU)

Jie, Junbin Gao,

S Relu el
0,040 006 §
s
0035
2
< 0.030
S
50.025
%

2
& 0.020
g
2
0.015
0 10 20 30 40 50 0 o 20 30 40 50
(a) Time Step (MNIST, AE1) (b) Time Step (FMNIST, AE1)
018
b

3 0161 |
s !
B 014 ¥
2 £,
< ix
3 0.12
g
2
B 0.10
5
g
& 0.08

0.06

0 50 0

10 20 30 40
(c) Time Step (MNIST, AE2)

10 20 30 40
(d) Time Step (FMNIST, AE2)

y Vasnev, and Regularized Flexible Activation Functions

December 10, 2020



Convolutional Autoencoder 3 (CAE 3):

RelLU

Input(32*32*3) — Conv2d(12, 4, 2) —— Conv(24, 4, 2)
RetU, Conv(48, 4, 2) XY Coding — Conv2d(24, 4, 2)

RetU, Convad(12, 4, 2) 2 Convad(3, 4, 2) 2 Output
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Experiments

Experiment for lossy image compression with CAE 3 on CIFAR10:

o= PE2Rell
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(2) Time Step (CIFARLO, AE3) (b) Time Step (SVHN, AE3)
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Experiments

Table: Statistical Tests for Performances on Test Set

Dataset
Activation CIFAR10 SVHN
Model 1 P-E2-1d-1 1.01E-2 (2.4E-4) 1.25E-3 (3.9E-5)
Model 2 ELU 1.27E-2 (1.6E-4) 1.84E-3 (2.7E-5)
Model 3 PReLU 1.35E-2 (1.5E-4) 2.24E-3 (9.3E-5)
Model 4 P-E2-RelLU 1.05E-2 (2.8E-4) 1.38E-3 (6.3E-5)
Null Hypothesis p-value
Test 1 HO: my > mp 3.64E-09 3.96E-14
Test 2 HO: my > ms3 1.73E-13 3.97E-11
Test 3 HO: my > mp 2.05E-06 4.86E-7
Test 4 HO: mg > m3 4.77E-10 2.03E-7
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Experiments

Experiment for lossy image compression: Regularization

50018 Apeeereets -%- towards mean
2 \, FEFes® | 0072 -3-
S 0.017 ;t«li;r’ ./ §- towards default
w P ¥ ¥
2 ¥

c0016{ | ¥ 0.070
s i b
k] H ,0

20051 [ " 0.068

4 I e
$0.0149 4/ ! e

& P 0.0667 /-~

0.013
5 10 15 20 2 4 6 8 10 12
() Regularization coef. (AE2, MNIST) _ . (b) Regularization coef. (AE2, FMNIST)
‘Pr‘ . P

s p JE—
0016 - 0.0030 "

2 eadl =

< 0.014 o 0.0025 il

s e !

g P /

go02y 7 0.0020{ /

£0.010{ | /

8 / 0.00151 /

£0.008] $oeg oottty Te T oo R

5 10 15 20
(c) Regularization coef. (AE3, CIFAR10)

2 4 6 8 10 12
(d) Regularization coef. (AE3, SVHN)

December 10, 2020

13

Jie, Junbin Gao, Andrey Vasnev, and Regularized Flexible Activation Functions



Conclusion

@ Two types of combined flexible activation functions are proposed:
P-Sig-Ramp and P-E2-RelU.
e Two regularization terms: (1) Control the deviance from the average

activation function in each layer; (2) Control the deviance from the
baseline activation function.

@ Experiments of LSTM on the tasks of time series forecasting and
CAE for lossy image compression.
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Thanks for your attention.
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