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Supplementary Material

Proposition: The following two equations (1 & 2) are
equivalent.

X1 lfl‘l Z.IQ (1)

To otherwise

max(xy,x2) = {

We can rewrite the equation (1) as follows:
maz(x1,x2) = x1 + max(0, x5 — 1) 2)

Proof:
Case-1: ©1 = xo, then,

max(x1,xs) = x1 = X

Case-2: 1 > xo, then, zo — 21 < 0 and max (0, xo —
x1) = 0o,

max(x1,x2) = 1

Case-3: 21 < xg, then, z9—x1 > 0 and max(0, zo—x1) =
T2 — T, SO,

max(x1,x2) = T2

The SoftSign activation is defined as follows:

f(x)
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The SoftSign is not a differentiable function in the real
line due to the |z| function. |z| can be approximated by
xerf(ax), ztanh(ax), V22 + o2. These three functions are
infinite time differentiable, where « is a non-negative hyper-
parameter. Thus, replacing |x| with three functions, we have
three approximations as follows:

T

g1(7;a) = HTrf(ax) 4)
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T

ga(wi) = 1 + ztanh(ax)

®)

X
g3(x; ) = D) (6)

These functions have a range in [—1,1]. We need to
transfer it to the whole real line, by using the transforma-
tion x — e”, we have replace x by e” in equation (4), equa-
tion (5), and equation (6).
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Activation functions should be non-monotonic. So, to make
these functions non-monotonic, multiply by z. Also, We
add another parameter, (3, to control the smoothness of these
functions.
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g2(z; 0, B) = e~ A7 + tanh(ce®) o
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Now, if we consider 3 — oo, for large positive x,
gi(z; o, 8),1 = 1,2,3, will converge to x. Also, note that,
for 5 — oo, and for large negative z, g;(z;,f),i =
1,2, 3, will converge 0. So for large 3, g;(z;, 5),1 =
1,2, 3 converges to ReLLU activation function.



1. Image Classification
1.1. MNIST, Fashion MNIST, and SVHN

We report more experiments on MNIST, Fashion
MNIST, and SVHN datasets with LeNet [10] and
AlexNet [9] architectures in Table 1 and Table 2 respec-
tively. The experimental setup is the same as reported in the
main document.

Table 1. Comparison between AMSU-1, AMSU-2, & AMSU-
3 activations and other baseline activations on MNIST, Fashion
MNIST, and SVHN datasets for image classification problem on
LeNet architecture. We report Top-1 test accuracy (in %) for the

the Pascal Voc dataset with PspNet [19]. We consider the
same experimental setup as mentioned in the main docu-
ment. The results are reported in Table 3 and Table 4.

Table 3. Comparison between baseline activations and AMSU-
1, AMSU-2, & AMSU-3 on the CityScapes dataset for semantic
segmentation problem on UNet. We report mIOU for the mean of
10 different runs. mean-tstd is reported in the table.

mean of 15 different runs. mean=std is reported in the table.

Activation Function mlOU

ReLU 695 F 0.07
Leaky ReLU 69.7 £ 0.07
PReLU 69.7 £ 0.08
ReLUG 69.6 £ 0.10
ELU 69.5 £ 0.06
SoftPlus 69.2 £ 0.10
Swish 70.0 £ 0.08
Mish 70.1 F 0.09
GELU 69.9 £ 0.10
PAU 70.1 F 0.06
AMSU-1 70.5 £ 0.09
AMSU-2 70.7 £ 0.09
AMSU-3 70.3 £ 0.10

Activation Function MNIST Fashion MNIST SVHN
ReLU 99.15 F 0.11 91.34 £ 0.19 92.01 £ 0.19
Leaky ReLU 99.09 £ 0.11 91.32 £ 0.21 9220 £ 0.21
ReLUG 99.24 F 0.12 91.40 F 0.21 9232 £ 0.17
PReLU 99.20 £ 0.11 91.43 £ 0.21 92.12 £ 0.21
ELU 99.26 F 0.10 91.32 £ 0.22 92.20 £ 0.19
Softplus 99.00 F 0.21 91.03 £ 0.24 91.86 £ 0.25
GELU 99.30 £ 0.07 91.66 & 0.15 92.50 £ 0.14
Swish 99.25 F 0.10 91.75 £ 0.14 9232 £ 0.16
PAU 99.36 £ 0.11 91.72 £ 0.13 9232 £ 0.17
Mish 99.34 F 0.06 91.72 £ 0.13 9236 £ 0.16
AMSU-1 99.50 £ 0.04 91.61 £ 0.14 92.70 £ 0.16
AMSU-2 99.45 F 0.06 91.55 £ 0.14 92.77 £ 0.14
AMSU-3 99.40 £ 0.07 91.54 £ 0.15 92.60 £ 0.14

Table 4. Comparison between baseline activations and AMSU-
1, AMSU-2, & AMSU-3 on the Pascal VOC dataset for semantic
segmentation problem on PSPNet. We report mIOU for the mean
of 10 different runs. mean4std is reported in the table.

Table 2. Comparison between AMSU-1, AMSU-2, & AMSU-
3 activations and other baseline activations on MNIST, Fashion
MNIST, and SVHN datasets for image classification problem on
AlexNet architecture. We report Top-1 test accuracy (in %) for the
mean of 15 different runs. mean4-std is reported in the table.

Activation Function mIOU
ReLU 78.9 £ 0.07
Leaky ReLU 79.0 & 0.06
PReLU 79.1 & 0.04
ReLU6 79.1 £ 0.04
ELU 79.2 & 0.05
SoftPlus 78.4 £ 0.10
Swish 79.6 & 0.04
Mish 79.5 £ 0.06
GELU 79.4 £ 0.04
PAU 79.4 & 0.04
AMSU-1 79.9 £ 0.04
AMSU-2 80.0 + 0.04
AMSU-3 79.5 £ 0.06

Activation Function MNIST Fashion MNIST SVHN
ReLU 99.45 F 0.08 92.77 £ 0.21 95.12 £ 0.17
Leaky ReLU 99.55 F 0.08 92.80 £ 0.16 95.17 £ 0.15
ReLUG 99.50 F 0.04 92.88 £ 0.13 95.13 £ 0.12
PReLU 99.40 F 0.08 92.70 £ 0.18 95.18 £ 0.14
ELU 99.50 F 0.06 9291 £ 0.14 95.10 £ 0.14
Softplus 9920 £ 0.10 92.36 + 0.26 94.57 £ 0.21
GELU 99.50  0.06 93.17 £ 0.11 9524 £ 0.12
Swish 9955 F 0.06 92.95 £ 0.15 9534 £ 0.17
PAU 99.54 F 0.11 93.04 £ 0.15 9537 £ 0.13
Mish 99.60 F 0.06 93.19 £ 0.16 9538 £ 0.14
AMSU-1 99.70 F 0.04 93.38 £ 0.10 95.63 £ 0.14
AMSU-2 99.72 £ 0.05 9334 £ 0.10 95.68 £ 0.11
AMSU-3 99.63 £ 0.06 93.26 £ 0.12 95.52 £ 0.12

1.2. CIFAR

We report more experiments on the CIFAR100 and CI-
FARI10 datasets with AlexNet, Inception V3, DenseNet-
121, WideResNet 28-10, ShuffleNet V1, Googl-eNet,
SqueezeNet, VGG 16, and LeNet architectures in Table 5
and Table 9 respectively. An extension to the Table 2 (from
main paper) on CIFAR100 dataset with baseline activations
are reported in Table 6 & Table 7 and an extension to the Ta-
ble 3 (from main paper) on CIFAR10 dataset with baseline
activations are reported in Table 8 & Table 10.

1.3. Semantic Segmentation

We report more experiments on semantic segmentation
with the CityScapes [4] dataset with the UNet model and

2. Machine Translation

This section presents a detailed experimental evaluation
of the proposed activation functions and baseline functions
on the machine translation problem. This problem deals
with translating text or speech data from one language to an-
other without the help of any human being. The WMT 2014
English—German dataset is used for our experiment. The
database contains a 4.5 million training dataset ( i.e., sen-
tences). We use an attention-based [ 18] 8-head transformer
network with Adam optimizer [8], 0.1 dropout rate [ 16], and
trained up to 10° steps without changing the Other hyper-
parameters [18]. We evaluate the network performance on
the newstest2014 dataset using the BLEU score metric. We
report the mean of 10 different runs in Table 11 on the test
dataset(newstest2014). It shows that the results are stable
on different runs (mean=std), and we got 0.6%, 0.6%, 0.5%
boost in BLEU score for the proposed AMSU-1, AMSU-2,
& AMSU-3 activations respectively compared to ReLU.



Table 5. Comparison between AMSU-1, AMSU-2, & AMSU-3 activations and other baseline activations on CIFAR100 dataset for image
classification problem. We report Top-1 test accuracy (in %) for the mean of 20 different runs. mean=std is reported in the table.

Activation Alex Shuffle Google Inception Dense ‘WideRes Squeeze VGG LeNet
Function Net Net V1 Net Net 121 Net 28-10 Net 16

ReLU 54.78 65.70 72.50 74.23 75.76 76.44 66.11 71.79 45.42
+0.27 +0.27 +0.33 +0.25 +0.26 +0.27 +0.28 40.28 +0.26

Leaky ReLU 55.50 65.90 72.49 74.40 75.80 76.50 66.23 71.99 45.69
+0.29 +0.27 +0.29 +0.27 +0.26 +0.28 +0.30 +0.28 +0.27

ReLU6 55.77 66.23 72.57 74.53 75.89 76.63 66. 71.55 45.80
4025 +0.27 +0.25 +0.25 40.27 +0.26 +0.26 40.25 +0.27

PReLU 55.50 65.82 72,51 74.22 76.22 76.67 66.30 71.86 45.50
+0.26 +0.31 +0.26 +0.27 +0.26 +0.26 +0.26 +0.29 +0.30

ELU 55.88 65.79 72.81 74.55 75.77 76.17 66.30 71.70 46.15
+0.27 +0.26 +0.26 +0.26 +0.22 +0.27 +0.27 +031 +0.27

Softplus 54.90 65.01 71.68 74.11 75.33 75.52 65.60 70.90 44.01
+0.37 +0.35 +0.37 +0.35 +0.34 +0.36 +0.34 +0.30 +0.37

GELU 57.21 67.17 73.10 75.60 76.77 77.20 66.88 71.80 47.50
+0.28 +0.24 +0.24 +0.26 +0.24 +0.23 +0.28 +0.28 +0.24

Swish 57.47 67.14 73.39 75.59 76.63 77.47 66.48 71.82 47.42
+0.29 +0.28 +0.28 +0.26 +0.30 +0.26 +0.25 +0.27 +0.25

PAU 57.20 67.39 73.59 75.77 76.81 77.17 66.70 71.68 47.42
+0.28 +0.27 +0.26 +0.28 +0.28 +0.24 +0.22 +0.24 +0.30

Mish 58.10 67.77 74.06 76.20 77.32 77.36 67.45 72.44 47.55
+0.25 +0.26 +0.25 +0.23 +0.24 +0.21 +0.25 +0.21 +0.30

AMSU-1 61.35 69.30 74.50 77.69 78.41 78.69 68.66 73.49 47.41
+0.20 +0.25 +0.22 +0.23 +0.20 +0.21 +0.23 +0.23 +0.23

AMSU-2 61.27 69.38 74.51 77.58 78.30 78.61 68.51 73.33 47.30
+0.22 4023 +0.24 +0.20 +0.23 +0.24 +0.20 +0.20 +0.22

AMSU-3 61.10 68.86 74.20 77.06 78.23 78.27 68.29 72.41 47.18
+0.22 +0.20 +0.22 +0.20 +0.22 +0.22 +0.24 +0.22 +0.20

Table 6. This is an extension to Table 2.

‘We report Top-1 test accuracy (in %) on the CIFAR100 dataset for baseline functions for the mean

of 20 different runs. mean=std is reported in the table. SF V2 stands for ShuffleNet v2.

Activation SEV2 SFV2 SFV2 SFV2 SeNet SeNet SeNet Res- Xcep- EffitientNet
Function 0.5x 1.0x 1.5x 2.0x 18 34 50 Next tion BO

Leaky ReLU 62.18 65.28 67.41 67.70 7455 75.01 76.15 7450 7115 76.70
+0.30 +0.32 +0.30 +0.30 +0.22 +0.22 +0.20 +0.22 +0.24 +0.26

ReLUG 62.27 65.84 67.49 68.19 74.62 75.22 76.60 74.52 71.28 76.55
4032 40.30 +027 +0.23 4023 +0.24 +0.23 4023 4022 +0.23

PReLU 62.14 65.19 67.29 67.80 74.28 75.30 76.26 7439 7130 7655
+0.33 +0.30 +0.32 +0.27 +0.26 +0.25 +0.26 +0.28 +0.26 +0.28

BLU 62.55 65.48 67.70 67.77 74.67 75.01 76.30 74.20 71.40 76.61
4032 4029 4024 4030 4020 +0.20 +0.20 4020 4022 4027

Softplus 61.70 64.59 67.29 68.60 74.20 74.67 75.16 74.20 7117 76.44
4035 +0.33 +0.30 4034 4032 +0.30 4035 +0.36 +0.36 4037

GELU 64.48 66.67 69.80 70.19 7498 76.12 77.22 75.29 72.01 7742
+027 +0.23 +0.28 +0.28 4021 +0.20 +0.20 +022 4021 4021

Swish 63.66 66.90 69.66 70.32 74.49 75.82 76.77 75.28 7230 7731
+0.24 +0.24 +0.29 +0.26 4020 +0.22 +0.21 4026 +0.20 +0.19

PAU 64.17 66.70 69.41 70.60 7477 75.82 77.01 75.57 72.50 7735
4025 +0.24 +0.26 +027 +0.22 +0.26 4021 +0.24 +0.25 4022

Mish 64.82 67.92 70.56 71.40 75.21 76.59 77.79 76.29 73.61 7826
4022 40.24 +0.23 4020 4020 +0.23 +0.21 4022 40.24 4024

Table 7. This is an extension to Table 2. We report Top-1 test accuracy (in %) on the CIFAR100 dataset for baseline functions for the mean
of 20 different runs. mean=std is reported in the table.

Activation | ResNet | ResNet | ResNet | LreAct | PreAct PreAct v mone | MobileNet
Function 18 34 50 ResNet | ResNet | ResNet Vi V2
18 34 50

ey Ry | P01 7330 7430 73.20 73.30 7420 7120 TA10
+0.23 40.27 +0.23 $0.21 +0.22 $0.21 +0.24 +0.22

A 73.30 73.50 7420 7340 73.50 7435 7147 7440
4022 | 4024 | +022 | 4021 | +o20 | o2 +022 +021

PReLU 73.10 73.45 7420 73.10 73.55 7416 7151 7459
4025 | 4026 | +026 | 4023 | 4028 | +024 4031 +029

o 73.30 73.60 7453 7330 7341 7459 7130 7432
4022 | 4024 | 4025 | 4020 | +o22 | o2 +021 +022

Softphs .67 73.29 74.00 72.83 22 73.82 71.00 2%
4034 | 4035 | +037 | 4037 | +033 | +o034 +037 +034

P 7381 Ta12 75.70 7401 7430 7480 7170 75.19
+021 | 4022 | 4021 | 4023 | 4023 | +oxs 024 +024

- 73.55 7404 7523 7520 7470 75.19 71.99 75.26
4022 | 4022 | +022 | 4022 | £o19 | +020 4020 +021

U 7419 7240 75,91 74.80 7480 7581 7171 75.01
4021 | 4023 | 4022 | 4023 | 4022 | +020 +023 +020

i 7449 74.68 76.10 75.01 7524 76.89 7220 7533
4021 | 4020 | +024 | 4020 | +020 | 017 +022 +021

3. 3D Medical Imaging

The following subsections present detailed experimen-
tal results on 3D medical image classification, 3D medical
image segmentation, and 2D medical image classification

problems.

3.1. 3D Medical Image Classification

In this section, we report experimental results for the
3D image classification problem on MosMed dataset [14].
The dataset has CT scans with COVID-19-related findings
(CT1-CT4) and without any findings (CTO). The dataset



Table 8. This is an extension to Table 3. We report Top-1 test accuracy (in %) on the CIFAR10 dataset for baseline functions for the mean
of 20 different runs. mean=std is reported in the table.

Activation | ResNet | ResNet | ResNet | PreAct | PreActPreAct v mone | MobileNet
Function 18 34 50 ResNet | ResNet | ResNet Vi V2
18 34 50

LakyReLy | 0 0414 %) 9343 9430 9135 9247 o417
+0.22 +0.23 +0.25 +0.18 +0.20 +0.19 +0.19 +0.17

LU 9422 9427 9430 93.58 9112 0144 92.58 9415
4023 | 4026 | +038 | 4022 | 022 | do021 +0.18 +0.18

o 9415 9420 9420 0347 9420 9438 0244 9430
4025 | 4026 | +025 | 4021 | 4027 | +029 10.17 +021

— 9420 5414 9427 93.50 9430 9430 92.60 94110
+021 | 4021 | £024 | +020 | 4020 | F021 +0.18 +017

Softplus 9371 9381 93.68 93.00 93.95 o417 1,89 9381
4028 | +o028 | 4028 | +027 | Fo031 | £029 1029 +027

P 9427 9442 9169 93.56 9429 0457 92.80 9426
+0.09 | H021 | +021 | +024 | 022 | £020 1023 +0.14

- 9430 9435 9476 93.64 9423 9452 92.57 9438
+022 | 2023 | £020 | +019 | 023 | Fo021 1020 +0.16

U 9426 9450 9455 9371 9117 9466 0312 9439
+022 | 4024 | £021 | 021 | F020 | Fo022 +0.12 +0.12

o 0443 9429 9468 9381 941 o471 92.72 9471
021 | £020 | £021 | 020 | Fo21 | Fox 1022 +0.16

Table 9. Comparison between AMSU-1, AMSU-2, & AMSU-3 activations and other baseline activations on CIFAR10 dataset for image
classification problem. We report Top-1 test accuracy (in %) for the mean of 20 different runs. mean=std is reported in the table.

Activation Alex Shuffle Google Inception Dense WideRes Squeeze VGG LeNet
Function Net Net V1 Net 3 Net 121 Net 28-10 Net 16

ReLU 84.17 91.28 92.82 94.10 94.82 95.11 90.50 93.53 7571
+0.21 +0.21 +0.20 +0.20 +0.17 +0.18 +021 +0.17 +0.20

Leaky ReLU 84.15 91.48 92.90 94.18 94.55 94.91 90.60 93.63 75.87
+0.20 +0.21 +0.16 +0.20 +0.20 +0.18 +0.18 +0.18 +0.21

ReLU6 84.68 91.60 92.83 94.10 94.61 95.40 90.90 93.78 75.70
+0.18 +0.17 +0.14 +0.17 +021 +0.21 +0.20 +0.20 +0.20

PReLU 84.21 91.70 92.90 94.31 94.44 95.13 90.88 93.49 75.81
+0.22 +0.22 +0.21 +0.23 +0.20 +0.23 +0.24 +0.20 +0.19

ELU 84.77 91.80 92.87 94.52 94.82 95.30 90.90 93.90 75.95
+0.20 +0.20 +0.18 +0.18 +0.20 +0.20 +0.18 +0.17 +0.20

Softplus 84.12 91.17 92.61 94.20 94.39 94.71 90.54 93.29 75.50
+0.27 +0.27 +0.30 +0.29 +0.27 +0.25 +0.29 +0.26 +0.32

GELU 85.10 91.89 93.40 94.38 94.80 95.27 90.77 93.52 71.77
+0.20 +0.21 +0.20 +0.15 +0.22 +0.20 +0.14 +0.17 +0.20

Swish 85.27 91.36 93.19 94.29 94.71 95.39 91.21 93.73 77.61
+0.20 +0.21 +0.17 +0.17 +0.19 +0.20 +0.19 +0.19 +0.21

PAU 84.96 91.81 93.07 94.20 94.42 94.93 90.59 93.49 71.77
+0.22 +0.20 +0.17 +0.22 +0.21 +0.21 +0.20 +0.22 +0.22

Mish 85.80 91.88 93.37 94.38 95.10 95.50 91.20 93.83 7793
+0.18 +0.15 +0.19 +0.14 +0.15 +0.17 +0.18 +0.20 +0.18

AMSU-1 87.37 92.49 94.21 95.70 96.03 96.12 91.86 94.52 71.75
+0.12 +0.16 +0.18 +0.12 +0.13 +0.12 +0.12 +0.11 +0.18

AMSU-2 87.30 92.50 94.10 95.79 96.14 96.03 91.70 94.60 77.61
+0.14 +0.17 +0.15 +0.14 +0.12 +0.11 +0.14 +0.12 +0.16

AMSU-3 86.98 92.20 93.88 95.39 95.60 95.91 91.49 94.40 77.45
+0.15 +0.12 +0.18 +0.16 +0.14 +0.12 +0.14 +0.16 +0.14

Table 10. This is an extension to Table 3. We report Top-1 test accuracy (in %) on the CIFAR10 dataset for baseline functions for the mean

of 20 different runs. mean=std is reported in the table. SF V2 stands for ShuffleNet v2.

Activation SF V2 SF V2 SFV2 SFV2 SeNet SeNet SeNet Res- Xcep- EffitientNet
Function 0.5x 1.0x 1.5x 2.0x 18 34 50 Next tion BO

Leaky ReLU 88.20 91.28 91.11 91.79 94.23 94.61 94.39 93.33 90.89 95.49
4023 +0.26 +0.23 +0.26 +0.25 +0.24 +0.19 4020 +0.23 +0.14

ReLU6 88.59 91.27 91.21 91.76 94.25 94.61 94.60 93.39 91.11 95.21
+0.20 +0.22 +0.21 +0.19 +0.19 +0.22 +0.20 +0.20 +0.19 +0.14

PReLU 88.24 9L.11 91.33 91.68 94.21 94.47 9451 93.22 91.18 95.31
+0.21 +0.20 +0.21 +0.22 +0.22 +0.22 +0.21 +0.21 +0.22 +0.20

ELU 88.09 91.02 91.40 91.77 94.30 94.30 94.60 93.41 91.51 95.30
+0.20 +0.23 +0.23 +0.21 +0.23 +0.24 +0.23 +0.22 +0.20 +0.20

Softplus 87.86 90.31 9111 90.91 93.91 94.11 94.31 93.17 90.32 94.92
+0.29 +0.28 +0.30 +0.28 +0.27 +0.28 +0.28 +0.26 +0.24 +0.22

GELU 88.81 91.55 91.85 92.17 94.32 94.72 94.67 93.55 92.08 95.40
+0.21 +0.22 +0.18 +0.16 +0.18 +0.18 +0.14 +0.21 +0.21 +0.19

Swish 89.15 91.77 91.72 92.05 94.20 94.60 94.40 93.50 91.55 95.41
+0.18 +0.20 +0.23 +0.21 +0.20 +0.20 +0.18 +0.18 +0.18 +0.14

PAU 89.30 91.59 92.11 92.18 94.21 94.65 94.61 93.57 91.99 95.40
+0.20 +0.22 +0.18 +0.18 +0.20 +0.21 +0.19 +0.18 +0.23 +0.16

Mish 89.30 91.85 92.30 92.40 94.37 94.68 94.88 93.90 92.20 95.77
+0.18 +0.19 +0.18 +0.17 +0.17 +0.17 +0.14 +0.16 +0.22 +0.14

has 1110 studies. We consider 70% of the data as training
data and 30% of the data used for testing. We use 0.0001
initial learning rate and decay the learning rate with cosine
]. We use Adam opti-
mizer [8], 5e—* weight decay, a batch size of 8, and trained
up to 200 epochs with 3D ResNet-18 model. Experimental

annealing learning rate scheduler [

results are reported in Table 12 for the mean of 10 different

runs.

3.2. 3D Medical Image Segmentation

In this section, we report experimental results for 3D

brain tumor segmentation using 3D-UNet [

] on the BraTS



Table 11. Comparison between AMSU-1, AMSU-2, & AMSU-3
activations and other baseline activations on WMT2014 dataset for
machine translation problem. We report the BLEU score for the
mean of 10 different runs. mean=+std is reported in the table.

Table 14. Comparison between AMSU-1, AMSU-2, & AMSU-
3 and other baseline activations on BraTS 2020 Dataset for 3D
image segmentation with 3D-Unet Model.

Activation Function BLEU Score
ReLU 262 £ 0.13
Leaky ReLU 26.3 £ 0.17
PReLU 262 £ 0.15
ReLUG 26.1 £ 0.16
ELU 252 £ 0.14
SoftPlus 235 £ 0.18
Swish 26.4 £ 0.13
Mish 263 £ 0.14
GELU 26.4 £ 0.14
PAU 263 £ 0.17
AMSU-1 268 £ 0.11
AMSU-2 26.8 £ 0.12
AMSU-3 265 £ 0.14

Table 12. Comparison between AMSU-1, AMSU-2, & AMSU-
3 and other baseline activations on MosMedData dataset for 3D
image classification with ResNet-18 model. We report Top-1 ac-
curacy for the mean of 10 different runs.

Activation Function Accuracy
ReLU 79.57
Leaky ReLU 79.74
PReLU 79.88
ReLU6 79.77
ELU 79.83
SoftPlus 79.62
Swish 80.03
Mish 80.18
GELU 79.99
PAU 80.11
AMSU-1 80.70
AMSU-2 80.55
AMSU-3 80.22

Table 13. Comparison between baseline activations and AMSU-1,
AMSU-2, & AMSU-3 on the CIFAR10 dataset for FGSM Adver-
sarial attack (¢ = 0.03). We report Top-1 accuracy for the mean
of 5 different runs. mean=std is reported in the table.

Activation

Activation Function Accuracy Dice Score
ReLU 95.03 97.40
Leaky ReLU 94.99 97.36
PReLU 94.98 97.35
ReLU6 94.91 97.36
ELU 95.08 97.39
SoftPlus 94.88 97.37
Swish 95.15 97.48
Mish 95.10 97.50
GELU 95.15 97.31
PAU 95.22 97.52
AMSU-1 95.47 97.70
AMSU-2 95.49 97.67
AMSU-3 95.38 97.59

3.3. 2D Medical Image Classification

We use RadlmageNet [12] database for 2D medical im-
age classification tasks, which is an open-access medical
imaging database designed to improve transfer learning per-
formance on downstream medical imaging applications and
perhaps it is the largest ever medical imaging dataset so
far. We run experiment on CT abdominal/pelvis and Lung
data from the whole dataset, consisting of 28 and 6 disease
classes, respectively. We also run experiments on MRI ab-
dominal/pelvis and Brain data, consisting of 26 and 10 dis-
ease classes. No pre-trained weight is used for our experi-
ments. We consider a batch size 32, 0.00001 initial learn-
ing rate, Adam [8] optimizer, and 1e~* weight decay. The
results are reported with ResNet-50 in Table 17. We got al-
most 6%, 3%, 3%, and 2% improvement compared to ReLU
on Abdomen (CT), Lung (CT), Abdomen (MRI), and Brain
(MRI), respectively. We also report results with ShuffleNet
and MobileNet V2 in Table 15, and Table 18 on Abdomen
(CT) and Abdomen (MRI).

Table 15. Comparison between AMSU-1, AMSU-2, & AMSU-
3 activations and other baseline activations on the RadlmageNet
dataset for 2D medical image classification problem on Shuf-
fleNet architecture. We report Top-1 test accuracy (in %) for the
mean of 3 different runs. mean=std is reported in the table.

) ShuffleNet V2 (2.0x) MobileNet V2
Function
ReLU 87.45 £ 0.18 90.61 £ 0.16
Leaky ReLU 87.57 £ 0.13 90.68 £ 0.11
PReLU 87.81 £ 0.12 90.58 £ 0.1
ReLUG 87.88 £ 0.12 90.69 £ 0.12
ELU 87.99  0.14 90.82 £ 0.14
SoftPlus 87.54 £ 0.20 90.78 £ 0.17
Swish 89.67 £ 0.11 9150 F 0.12
Mish 89.37 £ 0.14 91.69 + 0.14
GELU 89.18 £ 0.16 9151 £ 0.12
PAU 89.97 £ 0.11 91.70 £ 0.13
AMSU-1 91.29 + 0.10 92.38 £ 0.12
AMSU-2 91.12 £ 0.12 92.47 £ 0.11
AMSU-3 90.67 £ 0.14 92.14 £ 0.11

2020 dataset [1, 2,

]. This data set has 369 samples for

training and 125 samples for validation. For this experi-
ment, we consider a batch size of 2, and Adam optimizer [8]
with 5e=* weight decay, the initial learning rate is 0.001,
and cosine annealing learning rate scheduler, and we train
this 3D model for 150 epochs. We presented the network
performance analysis for AMSU-1, AMSU-2, & AMSU-3
and the baseline activation functions with this network in
Table 14 in terms of Accuracy and Dice Score to measure
the performance.

Activation Function Abdomen (CT) Abdomen (MRI)

ReLU 62.61 & 0.22 84.41 £ 0.15
Leaky ReLU 62.75 £ 0.21 84.56 £ 0.18
ReLUG6 62.66 & 0.21 84.76 & 0.20
PReLU 62.89 + 0.19 84.60 £ 0.22
ELU 63.20 & 0.20 84.89 & 0.20
Softplus 62.55 + 0.20 84.50 £ 0.16
GELU 63.91 £ 0.19 85.06 & 0.17
Swish 64.26 & 0.20 85.02 £ 0.19
PAU 6459 + 0.18 85.17 £ 0.20
Mish 64.97 & 0.18 85.65 & 0.18
AMSU-1 65.78 £ 0.17 86.10 £ 0.17
AMSU-2 65.39 £ 0.19 85.89 & 0.18
AMSU-3 65.19 £+ 0.19 85.90 + 0.17

3.4. 2D Medical Image Segmentation

We consider the Liver Tumor Segmentation Benchmark
(LiTS) [3] dataset for the segmentation tasks. LiTS is a
multi-center dataset collected from seven clinical centers.



Table 16. Baseline table for AMSU-3. These numbers represent the total number of models in which AMSU-3 outperforms, equals, or

underperforms compared to the baseline activation functions

Baselines ReLU Iﬁi‘;‘j‘g ELU  SoftPlus PReLU ReLU6  Swish  Mish GELU  PAU
AMSU-3 > Baseline 101 101 101 102 101 101 97 9% 97 96
AMSU-3 = Baseline 0 0 0 0 0 0 0 0
AMSU-3 < Baseline 1 1 1 0 1 1 5 6 5 6

Table 17. Comparison between AMSU-1, AMSU-2, & AMSU-
3 activations and other baseline activations on the RadlmageNet
dataset for 2D medical image classification problem on ResNet-
50 architecture. We report Top-1 test accuracy (in %) for the mean
of 3 different runs. mean=-std is reported in the table.

Activation Function ‘Abdomen (CT) Lung (CT) Abdomen (MRI) Brain (MRI)
ReLU 67.50 & 0.20 84.38 =+ 0.20 86.67 £ 0.17 87.10 £ 0.18
Leaky ReLU 68.03 + 0.18 84.56 + 0.15 86.89 + 0.16 87.37 + 0.20
ReLU6 68.18 £ 0.20 84.58 £ 0.18 87.10 £ 0.17 8731 £ 0.18
PReLU 68.62 £+ 0.17 84.72 + 0.17 87.22 + 0.22 87.50 + 0.20
ELU 68.45 £+ 0.20 84.70 + 0.19 87.45 £ 0.20 87.57 + 0.18
Softplus 68.12 £ 0.20 84.30 + 0.21 87.10 + 0.24 87.41 + 0.21
GELU 70.60 £ 0.15 85.85 + 0.18 88.12 + 0.20 88.02 + 0.18
Swish 70.88 £ 0.16 86.00 £ 0.17 88.60 £ 0.21 87.91 £ 0.20
PAU 71.10 £ 0.15 86.27 + 0.17 88.51 + 0.20 88.25 + 0.18
Mish 71.45 £0.17 86.10 £ 0.18 88.31 £ 0.20 87.87 £ 0.18
AMSU-1 73.37 £ 0.15 87.50 £ 0.16 89.68 + 0.14 89.30 £ 0.16
AMSU-2 72.92 £ 0.16 87.20 £ 0.14 89.78 £ 0.17 89.12 £ 0.17
AMSU-3 7247 £ 0.17 86.91 £ 0.16 89.30 + 0.16 88.80 + 0.17

Table 18. Comparison between AMSU-1, AMSU-2, & AMSU-
3 activations and other baseline activations on the RadImageNet
dataset for 2D medical image classification problem on Mo-
bileNet V2 architecture. We report Top-1 test accuracy (in %)
for the mean of 3 different runs. mean=std is reported in the table.

Activation Function Abdomen (CT) Abdomen (MRI)

ReLU 5851 £ 0.18 8277 £ 0.17
Leaky ReLU 5873 £ 0.17 82.90 £ 0.19
ReLU6 59.02 £ 0.17 83.01 £ 0.17
PReLU 58.81 +0.19 82.81 £ 0.20
ELU 59.22 + 0.20 8321 £ 0.18
Softplus 58.70 +0.22 82.87 £ 0.20
GELU 59.74 + 0.18 82.90 £ 0.18
Swish 59.97 £ 0.16 82.87 £ 0.17
PAU 60.45 £+ 0.19 83.26 £ 0.18
Mish 60.78 £+ 0.18 83.40 £ 0.17
AMSU-1 61.23 £ 0.19 83.89 £ 0.18
AMSU-2 61.04 1+ 0.18 83.98 £ 0.16
AMSU-3 60.86 £ 0.18 83.68 £ 0.17

The dataset contains 201 CT images of the abdomen. The
whole dataset is distributed into a training dataset with 130
CT scans, and the test dataset has 71 CT scans. We con-
sider a batch size 16 and learning rate le~* with Adam op-
timizer. We consider the input image size of 256 x 256. The
results are reported in Table 19 and Table 20 with Unet [15],
NanoNet-A [7], Unext [17], and ResUnet++ [6].

4. Adversarial Attack

Top-1 accuracy is presented in Table 21 (¢ = 0.04) on
the CIFAR10 dataset for the FGSM Adversarial attack [5]
for a mean of 10 different runs.

Table 19. Comparison of different activation functions on liver
segmentation benchmark (LiTS) dataset.

Activation UNet ‘UNext
Function mDSC mloU Rec. Prec. mDSC mloU Rec. Prec.
ReLU 82.11 73.51 77.96 91.18 80.29 71.29 78.90 87.80
LReLU 82.47 73.98 78.46 91.17 80.92 72.15 76.84 90.85
ReLU6 82.34 73.50 78.04 91.31 80.20 71.17 78.55 87.49
PReLU 82.71 73.91 78.77 91.21 79.08 69.95 77.38 88.55
ELU 82.89 73.70 78.97 91.39 79.20 69.77 77.17 88.27
SoftPlus 82.00 73.77 77.55 91.01 79.10 70.80 78.55 87.98
GELU 83.20 73.88 79.01 91.22 81.01 72.61 78.79 88.09
Swish 83.01 73.99 78.57 90.45 81.16 72.19 78.87 88.29
PAU 82.68 73.60 7878 90.90 80.67 72.01 78.90 88.01
Mish 82.48 73.88 78.44 90.46 80.39 72.55 78.80 87.55
AMSU-1 83.62 75.08 80.59 93.29 82.10 73.10 78.60 91.17
AMSU-2 83.71 74.98 80.44 93.40 82.10 73.09 78.77 91.34
AMSU-3 83.22 74.56 80.12 93.20 81.67 72.91 78.11 90.89

Table 20. Comparison of different activation functions on liver
segmentation benchmark (LiTS) dataset.

Activation NanoNet-A ResUnet++
Function mDSC mloU Rec. Prec. mDSC mloU Rec. Prec.
ReLU 75.17 66.62 73.40 83.11 76.90 68.03 79.81 83.43
LReLU 74.10 65.10 73.29 84.12 74.98 66.47 74.55 83.92
ReLU6 75.28 66.60 73.49 83.30 76.99 67.80 79.67 83.33
PReLU 74.88 66.21 72.50 85.39 74.30 65.87 74.21 81.80
ELU 74.90 66.40 72.40 85.10 74.67 65.60 74.20 81.60
SoftPlus 75.20 66.20 73.67 83.20 76.67 68.10 80.10 81.55
GELU 74.99 66.56 72.58 85.45 7443 65.34 74.45 84.61
Swish 74.67 66.50 72.20 85.18 74.21 65.22 7423 84.40
PAU 74.45 66.42 72.01 84.89 74.20 64.91 74.01 84.17
Mish 74.50 66.20 71.67 84.55 74.31 64.90 74.17 84.55
AMSU-1 76.81 67.52 76.10 84.90 78.37 69.76 81.85 84.70
AMSU-2 76.55 67.80 76.11 84.97 78.56 69.70 81.55 84.39
AMSU-3 76.70 67.41 75.78 84.70 78.01 69.54 81.51 84.01

Table 21. Comparison between baseline activations and AMSU-1,
AMSU-2, & AMSU-3 on the CIFAR10 dataset for FGSM Adver-
sarial attack (¢ = 0.04). We report Top-1 accuracy for the mean
of 5 different runs. mean=std is reported in the table.

Activation

N N ShuffleNet V2 (2.0x) MobileNet V2
Function
ReLU 87.36 + 0.15 90.57 £ 0.17
Leaky ReLU 87.50 + 0.12 90.60 £ 0.11
PReLU 87.78 £+ 0.12 90.49 £ 0.13
ReLU6 87.86 + 0.14 90.59 £ 0.14
ELU 87.87 £ 0.15 90.74 £ 0.12
SoftPlus 87.49 £+ 0.19 90.62 £ 0.16
Swish 89.60 + 0.12 91.43 £+ 0.11
Mish 89.29 + 0.13 91.66 £ 0.15
GELU 89.09 + 0.13 91.40 £ 0.12
PAU 89.87 £ 0.13 91.74 £ 0.12
AMSU-1 91.22 + 0.11 92.31 £+ 0.10
AMSU-2 91.02 £ 0.10 92.39 + 0.12
AMSU-3 90.56 £+ 0.14 92.02 £ 0.09
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