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Abstract

An activation function is a crucial component of a neural net-
work that introduces non-linearity in the network. The state-
of-the-art performance of a neural network depends also on
the perfect choice of an activation function. We propose two
novel non-monotonic smooth trainable activation functions,
called ErfAct and Pserf. Experiments suggest that the pro-
posed functions improve the network performance signifi-
cantly compared to the widely used activations like ReLU,
Swish, and Mish. Replacing ReLU by ErfAct and Pserf, we
have 5.68% and 5.42% improvement for Top-1 accuracy on
Shufflenet V2 (2.0x) network in CIFAR100 dataset, 2.11%
and 1.96% improvement for Top-1 accuracy on Shufflenet
V2 (2.0x) network in CIFAR10 dataset, 1.0%, and 1.0% im-
provement on mean average precision (mAP) on SSD300
model in Pascal VOC dataset.

Introduction

The choice of activation function in a deep learning archi-
tecture can have a significant impact on the training and
performance of the neural network. The machine learn-
ing community has so far relied on hand-designed acti-
vations like ReLU (Nair and Hinton 2010), Leaky ReLU
(Maas, Hannun, and Ng 2013) or their variants. ReL.U, in
particular, remains widely popular due to faster training
times and decent performance. However, evidence suggests
that considerable gains can be made when more sophisti-
cated activation functions are used to design networks. For
example, activation functions such as ELU (Clevert, Un-
terthiner, and Hochreiter 2016), Parametric ReL.U (PReLU)
(He et al. 2015b), ReLU6 (Krizhevsky and Hinton 2010),
PAU (Molina, Schramowski, and Kersting 2020), OPAU
(Biswas, Banerjee, and Pandey 2021), ACON (Ma et al.
2021), Mish (Misra 2020), GELU (Hendrycks and Gim-
pel 2020), Swish (Ramachandran, Zoph, and Le 2017),
Serf (Nag and Bhattacharyya 2021) etc. have appeared as
powerful contenders to the traditional ones. Though ReLU
remains a go-to choice in both research and practice, it
has certain well-documented shortcomings such as non-
zero mean (Clevert, Unterthiner, and Hochreiter 2016), non-
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differentiability and negative missing, which leads to the
infamous vanishing gradients problem (also known as the
dying ReLLU problem). Worth noting that prior to the intro-
duction of ReLU, Tanh and Sigmoid were popularly used,
but performance gains and training time gains achieved by
ReLU led to their decline.

Related Works and Motivation

The newer activation functions are obtained by combining
well-known functions with simple forms in various ways,
often using hyper-parameters or trainable parameters. In the
case of trainable parameters, we optimize them during the
training process itself, yielding networks that are better fit-
ted. In the case of trainable parameters, note that the actual
activation function curve may change in different layers dur-
ing backpropagation. For example, SiLU (Elfwing, Uchibe,
and Doya 2017) shows good performance over known acti-
vation functions while Swish (Ramachandran, Zoph, and Le
2017) is a trainable version of SiLLU, which is a non-linear,
non-monotonic activation function. Among the activation
mentioned in the previous section, Swish, PReLU, PAU,
ACON, and OPAU are trainable activation functions. Swish
is a non-monotonic activation function and shows promise
across a variety of deep learning tasks. Mish is one of the
popular functions proposed recently and gained popularity
due to its effectiveness in object detection task on COCO
dataset (Lin et al. 2015) in Yolo (Bochkovskiy, Wang, and
Liao 2020) models. GELU is very similar to Swish and
gained attention due to its effectiveness in computer vision
and natural language processing tasks. It is also used in pop-
ular architectures like GPT-2 (Radford et al. 2019) and GPT-
3 (Brown et al. 2020). Apart from using a combination of
known functions, a somewhat fundamentally different tech-
nique to construct activation functions is to use perturbation
or approximations to well-known activation functions to re-
move some of the shortcomings yet retain the positive as-
pects. Recent successful examples where this strategy was
employed includes PAU and OPAU, which are activations
based on approximation of Leaky ReL.U by rational polyno-
mials were constructed.

Motivated from these works, we have proposed two acti-
vation functions with trainable parameters, we call them Er-
fAct and Pserf and shown that they are more effective than
conventional activation functions like ReLU, Leaky ReLU,



PReLU, ReLU6, Swish, Mish or GELU in a wide range of
standard deep learning problems. We summarize the paper
as follows:

* We have proposed two new novel trainable activation
functions, which are the smooth approximation of ReLU.

* In a wide range of deep learning tasks, the proposed func-
tions outperform widely used activation functions.

ErfAct and Pserf

As motivated earlier, in this paper, we present, ErfAct and
Parametric-Serf (Pserf), two novel trainable activation func-
tions which outperforms the widely used activations and has
the potential to replace them. ErfAct and Pserf is defined as

ErfAct : Fi(z; 0, §) :=a erf(ae™), )
Pserf : Fo(w;7,6) =w erf(yin(l +¢™)) ()

where «, 3,7, and ¢ are trainable parameters (they can be
used as hyper-parameters as well) and ‘erf’ is the error func-
tion also known as the Gauss error function and defined as

erf(z) = % /0 et gt 3)

The corresponding derivatives of the proposed activations
are

d 2 @
%Fl(x; a, B) = erf(ae’™) + T/O%B Pre=(@e™)’ (g
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d 2 2
2 erf(p) = ——e7
T (x) ﬁe (6)

ErfAct and Pserf are non-monotonic, zero-centered, con-
tinuously differentiable, unbounded above but bounded be-
low, and trainable functions. Figures 1 and 2 show the plots
for F1(x; o, B) and Fo(x; 7, d) activation functions for dif-
ferent values of «, 3, and ~, § respectively. A comparison
between the first derivative of Fi(x; o, 8), Fa(x;7,6), and
Swish are given in Figures 3, different values of «, 3, and
v, 0 respectively. From the figures 1 and 2 it is evident
that the parameters «, 3, and 7, J controls the slope of the
curves for the proposed activations in both positive and neg-
ative axis. The proposed functions converges to some known
functions for specific values of the parameters. For example,
Fi(x;0,8), Fo(x;0,0) are zero function while F; (z; a, 0),
Fa(z;,0) are linear functions. In particular, Fo(x;1,1)
share the equivalent form as Serf(Nag and Bhattacharyya
2021) which is a non-parametric form of Pserf. Also, The
proposed functions can be seen as a smooth approximation
of ReL.U.

lim Fi(z;a, 8) = ReLU(z),
B—o0

Vax € R for any fixed o > 0.
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6lim Fo(x;v,d8) = ReLU(x),
—00
Vz € R for any fixed v > 0.

For any K, a compact (closed and bounded) subset of
R™, the set of neural networks with ErfAct (or Pserf) activa-
tion functions is dense in C(K), the space of all continuous
functions over K (see (Molina, Schramowski, and Kersting
2020)). This follows from the next proposition, as the pro-
posed activation functions are not polynomials.

Proposition (Theorem 1.1 in Kidger and Lyons, 2019
(Kidger and Lyons 2020)) :- Let p : R — R be any contin-
uous function. Let N/ represent the class of neural networks
with activation function p, with n neurons in the input layer,
one neuron in the output layer, and one hidden layer with an
arbitrary number of neurons. Let K’ C R"™ be compact. Then
NP is dense in C'(K) if and only if p is non-polynomial.

Experiments

We have compared our proposed activations against ten pop-
ular standard activation functions on different datasets and
models on standard deep learning problems like image clas-
sification, object detection, semantic segmentation, and ma-
chine translation. The experimental results show that ErfAct
and Pserf outperform in most networks compared to the
standard activations. For all our experiments, we have first
initialized the parameters «, 3 for ErfAct and v, § for Pserf
and then updated via the backpropagation (LeCun et al.
1989) algorithm (see (He et al. 2015b)) according to (7) and
for a single layer, the gradient of a parameter p is:

oL oL of(x)
>

of(xz) 9p @

where L is the objective function, p € {«,3,7,0} and
flz) € {Fi(z;a,pB), Fa(x;7,0). For all of our experi-
ments, to make a fair comparison between all the activa-
tions, we have first trained a network with hyper-parameter
settings with the ReLU activation function and then only re-
placed ReLLU with proposed activation functions and other
baseline activations.

Image Classification

We present a detailed experimental comparison on MNIST
(LeCun, Cortes, and Burges 2010), Fashion MNIST
(Xiao, Rasul, and Vollgraf 2017), SVHN (Netzer et al.
2011), CIFAR10 (Krizhevsky and Hinton 2009), CIFAR100
(Krizhevsky and Hinton 2009), Tiny ImageNet (Le and Yang
2015), and ImageNet-1k (Deng et al. 2009) dataset for im-
age classification problem. We have trained the datasets with
different standard models and report the Top-1 accuracy. We
have initialized the parameters o = 0.75, 8 = 0.75 for Er-
fAct, and v = 1.25, § = 0.85 for Pserf and update them
according to (7).

MNIST, Fashion MNIST, and The Street View House
Numbers (SVHN) Database: We first evaluate our pro-
posed activation functions on the MNIST (LeCun, Cortes,
and Burges 2010), Fashion MNIST (Xiao, Rasul, and Voll-
graf 2017), and SVHN (Netzer et al. 2011) datasets with
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Figure 1: Swish and ErfAct activation Figure 2: Swish and Pserf activation for
for different values of o and

different values of v and §

Activation

Fashion

Function MNIST MNIST SVHN
RelLLU 99.09 £0.10 9322 4+0.21 95.50 +0.22
Swish 99.30 £0.12 93.294+£0.22 95.59 +0.20

Leaky ReLU 99.15£0.13 9330+£0.22 95.50 4+ 0.28
ELU 99.29 £0.13 93.204+0.25 95.60 + 0.20

Softplus 99.10 £0.14 93.18 £20.32 95.20 + 0.37
Mish 99.27 £0.14 93454032 95.60 £+ 0.31
GELU 99.22 £0.12 9340 4+0.25 95.55+0.27

PAU 99.31 £0.10  93.47 £0.23 95.67 +0.26

PReLU 99.15+0.16 93374031 9542+ 0.39
ReLU6 99.11 £0.10 93.26 £20.26 9547 +0.24
ErfAct 99.51 £0.10 93.79 +0.19 95.87 +0.20
Pserf 9949 +0.10 93.82+0.19 95.74 +0.22

Table 1: Comparison between different baseline activa-
tions and ErfAct and Pserf activations on MNIST, Fashion
MNIST, and SVHN datasets in AlexNet. 10-fold mean ac-
curacy (in %) have been reported. mean=std is reported in

the table.

Activation

Fashion

Function MNIST MNIST SVHN
ReLU 99.05+0.11 93.13+023 95.00 & 0.26
Swish 99.09 +0.09 93.34+021 95.29 + 0.20

Leaky ReLU 99.02+0.14 93.17+0.28 95.24 +0.23
ELU 99.01 £0.15 93.12+0.30 95.15 + 0.28

Softplus ~ 98.97+0.14 92.98+0.34 94.94 + 0.30
Mish 99.18 £ 0.07 9347 +027 95.12+ 025
GELU  99.10+£009 9341+029 9511 +024
PAU 99.07£009 93524024 9523 + 020
PReLU  99.01 £0.09 93.124+027 95.14 + 0.24
ReLU6 9920+ 008 9325+027 9522 + 020
ErfAct 99374006 93.81+020 9567+ 0.18
Pserf 99.38 £ 0.09 93.87£022 95.66 + 0.20

Table 2: Comparison between different baseline activations,
ErfAct, and Pserf activations on MNIST, Fashion MNIST,
and SVHN datasets on VGG-16 network. 10-fold mean ac-
curacy (in %) have been reported. mean=std is reported in
the table.

3.0~ — Erfact, a=075,8=1.0 3.0 — pserf, y=075,6=1.0
5. T ErfAct, a=1.0,=1.25 25 T Pserf, y=1.0,6 =1.25

— ErfAct, @=1258=1.50 — Pserf, y=1.25,6=2.0
20-1— Swish 20- — Swish
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Figure 3: First order derivative of ErfAct,
Pserf, and Swish

AlexNet (Krizhevsky, Sutskever, and Hinton 2012) and
VGG-16 (Simonyan and Zisserman 2015) (with batch-
normalization) models and results for 10-fold mean accu-
racy are reported in Table 1 and Table 2 respectively. More
detailed experiments on these datasets on LeNet (Lecun
et al. 1998) and a custom-designed CNN architecture is re-
ported in the supplementary material. We don’t use any data
augmentation for MNIST or Fashion MNIST, while we use
standard data augmentation like rotation, zoom, height shift,
shearing for the SVHN dataset. From Table 1 and Table 2,
it is clear that the proposed functions outperformed all the
baseline activation functions in all the three datasets and the
performance are stable clear from mean-+tstandard deviation.

CIFAR: Next we have considered more challenging
datasets like CIFAR100 and CIFAR10 to compare the per-
formance of baseline activations and ErfAct and Pserf. We
have reported the Top-1 accuracy for both the datasets for
mean of 12 different runs on Table 3 and Table 4 with VGG-
16 (with batch-normalization) (Simonyan and Zisserman
2015), PreActResNet-34 (PA-ResNet-34) (He et al. 2016),
Densenet-121 (DN-121) (Huang et al. 2016), MobileNet V2
(MN V2) (Sandler et al. 2019), Resnet-50 (He et al. 2015a),
Inception V3 (IN-V3) (Szegedy et al. 2015), WideResNet
28-10 (WRN 28-10) (Zagoruyko and Komodakis 2016), and
Shufflenet V2 (SF-V2 2.0x) (Ma et al. 2018) models. A more
detailed experiments on these datasets with EfficientNet BO
(EN-BO) (Tan and Le 2020), LeNet (LN) (Lecun et al.
1998), AlexNet (AN) (Krizhevsky, Sutskever, and Hinton
2012), PreActResnet-18 (PARN-18) (He et al. 2016), Deep
Layer Aggregation (DLA) (Yu et al. 2019), Googlenet (GN)
(Szegedy et al. 2014), Resnext (Rxt) (Xie et al. 2017), Xcep-
tion (Xpt) (Chollet 2017), SimpleNet V1 (SN-V1) (Hasan-
Pour et al. 2016), Squeezenet (SQ-Net) (Iandola et al. 2016),
ResNet18 (RN-18) (He et al. 2015a), and Network in Net-
work (NIN) (Lin, Chen, and Yan 2014) is reported in the
supplementary section. From all the tables it is evident that
the training is stable (mean#std) and the proposed acti-
vations archive 1%-6% higher Top-1 accuracy in most of
models compared to the baselines. The networks are trained
upto 200 epochs with SGD optimizer (Robbins and Monro
1951; Kiefer and Wolfowitz 1952), 0.9 momentum, and



Actvation | v 16 | WRN 28-10 | ResNet-50 | PA-ResNet-34 | DN-121 | IN-V3 | MN-v2 | o5 V2
Function 2.0x
ReLU 71.67 76.32 7417 73.12 7567 | 7423 | 7402 | 67.49
+£0.28 +0.25 +£0.24 £0.23 £028 | £0.26 | +£024 | £0.26

Leaky ReLU | L7 76.69 7411 7341 7590 | 7440 | 7417 | 67.71
+£0.30 £0.27 +£0.27 £0.26 £027 | £028 | +024 | 40.27

ELU 7171 7639 7451 73.61 7587 | 7471 | 7429 | 6791
+0.28 £0.28 +0.24 £0.25 £026 | £0.26 | +£0.22 | +0.30

Swish 72.07 77.18 75.10 73.97 7659 | 7531 | 7502 | 70.49
+£0.26 +0.23 +0.24 +£0.23 £028 | £027 | £0.24 | £0.23

Softplus 71.10 75.36 74.19 7317 7508 | 7420 | 7433 | 68.93
+£0.32 £0.37 +0.38 +£0.36 +£036 | £0.34 | £038 | +£0.36

Mish 7231 77.40 7630 75.14 7701 | 7622 | 7531 | 71.79
+0.24 +0.25 +0.22 +0.21 4025 | £0.25 | +021 | +0.22

GELU 71.98 7735 75.61 7428 7679 | 7552 | 7521 | 7035
+£0.25 +0.25 +£0.22 £0.23 4027 | £025 | £023 | £0.27

PAU 71.72 7720 75.89 7441 7650 | 75.19 | 7507 | 70.68
£0.25 £0.26 +£0.24 +£0.23 £028 | £0.28 | £0.19 | £0.26

PReLU 7177 76.79 7445 7332 7619 | 7451 | 7431 | 6835
+0.30 £0.27 +0.29 +0.27 £030 | £0.29 | +0.32 | £0.30

ReLUG 72.07 76.62 7437 73.50 7607 | 7469 | 7464 | 6793
+0.27 £0.28 +0.24 £0.24 4026 | £0.25 | +£024 | +£0.26

ErfAct 72.93 78.49 77.09 76.21 7818 | 7712 | 7623 | 73.07
+£0.22 £0.23 +0.20 +0.20 4023 | +024 | +0.19 | +0.22

Peerf 72.69 7831 76.97 75.91 7838 | 77.01 | 7607 | 7291
+£0.24 £0.24 £0.20 £0.22 £022 | £0.25 | £021 | £0.21

Table 3: Comparison between different baseline activations and ErfAct and Pserf on CIFAR100 dataset. Top-1 accuracy(in %)
for mean of 12 different runs have been reported. mean-+tstd is reported in the table.

Acvation 1 66 16 | WRN 28-10 | ResNet-50 | PA-ResNet-34 | DN-121 | IN-V3 | MN-v2 | o5 V2
Function 2.0x
ReLU 93.44 95.17 9435 9417 9477 | 9415 | 9420 | 91.63

+0.22 +0.21 +0.18 +0.19 4020 | £0.20 | +0.16 | 0.1

Leaky ReLU | 3.0 95.02 94.45 94,33 9489 | 9420 | 9432 | 9182

+0.21 +0.22 +0.20 +0.18 4022 | £0.22 | +0.19 | +0.23

ELU 93.70 95.28 9427 9430 9464 | 9438 | 9427 | 91.99

+0.19 +0.20 +0.24 +0.25 +0.18 | £0.17 | +0.18 | 0.20

Swich 93.77 95.41 94.61 9447 0481 | 9451 | 9440 | 9217

+0.18 +0.17 +0.24 +0.25 +0.19 | £0.17 | £020 | £025

Softplus | 9310 9477 9301 94.07 9441 | 9421 | 9379 | 9132

+0.33 +0.30 +0.30 +0.35 4034 | £0.32 | +029 | +0.33

NMidh 9391 9535 94.78 9455 9503 | 94.64 | 9471 | 924l

+0.17 +0.18 +0.22 +0.23 +0.15 | £0.18 | +0.18 | +0.20

GELU 93.71 95.28 94.64 9431 9499 | 9457 | 9440 | 9227

+0.17 +0.19 +0.23 +0.25 +0.19 | £021 | +0.18 | £0.20

PAU 93.57 9527 94.67 9441 9474 | 9457 | 9451 | 9230
+0.22 +0.20 +0.23 +0.24 4020 | £0.19 | +0.14 | +0.21

PReLU 93.41 95.02 9427 94.30 9451 | 9449 | 9432 | 91.80

+0.23 +0.24 +0.26 +£0.26 4024 | £0.22 | +023 | +0.25

ReLUS 93.72 9532 94.30 94.21 9461 | 9442 | 9418 | 9L71
+0.17 +0.19 +0.24 +£0.24 £0.20 | £020 | £0.19 | £021

ErtAct 94.47 95.88 95.01 95.21 9571 | 9529 | 9534 | 93.74

+0.15 +0.12 +0.17 +0.18 4015 | +0.14 | +0.12 | +0.18

peort 94.24 95.71 95.14 95.08 9562 | 95.10 | 95.19 | 9359

+0.16 +0.13 +0.19 +0.29 +0.17 | £0.13 | +0.14 | +0.18

Table 4: Comparison between different baseline activations and ErfAct and Pserf on CIFAR10 dataset. Top-1 accuracy(in %)
for mean of 12 different runs have been reported. mean=+std is reported in the table.
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Activation Function =~ Wide ResNet 28-10

ReLU 61.61 +0.47
Swish 62.44 + 0.49
Leaky ReLU 61.47 £ 0.44
ELU 61.99 + 0.57
Softplus 60.42 + 0.61
Mish 63.02 £ 0.57
GELU 62.64 + 0.62
PAU 62.04 £ 0.54
PReLU 61.25 £ 0.51
ReLU6 61.72 £ 0.56
ErfAct 64.20 + 0.51
Pserf 64.01 £ 0.49

Table 5: Comparison between different baseline activations
and ErfAct and Pserf on Tiny ImageNet dataset. Mean of 5
different runs for Top-1 accuracy(in %) have been reported.
mean=std is reported in the table.

5e~* weight decay. We have started with 0.01 initial learn-
ing rate and decay the learning rate with cosine annealing
(Loshchilov and Hutter 2017) learning rate scheduler. We
consider batch size of 128. We consider standard data aug-
mentation methods like horizontal flip, rotation for both the
datasets. The Figures 4a and 4b shows the learning curves on
CIFAR100 dataset with Shufflenet V2 (2.0x) model for the
baseline and the proposed activation functions and it is no-
ticeable that training & test accuracy curve is higher and loss
curve is lower respectively for ErfAct and Pserf compared to
the baseline activations.

Tiny Imagenet: We consider a more challenging and im-
portant classification dataset Tiny Imagenet (Le and Yang
2015) which is a similar type of dataset like ILSVRC and
consisting of 200 classes with RGB images of size 64 x
64 with total 1,00,000 training images, 10,000 validation
images, and 10,000 test images. To compare the perfor-
mance, we have considered WideResNet 28-10 (WRN 28-
10) (Zagoruyko and Komodakis 2016) model and Top-1 ac-
curacy is reported in table 5 for mean of 5 different runs.

The model is trained with a batch size of 32, He Nor-
mal initializer (He et al. 2015b), 0.2 dropout rate (Srivas-
tava et al. 2014), adam optimizer (Kingma and Ba 2015),
with initial learning rate(Ir rate) 0.01, and Ir rate is reduced
by a factor of 10 after every 60 epochs up-to 300 epochs.
We have considered the standard data augmentation meth-
ods like rotation, width shift, height shift, shearing, zoom,
horizontal flip, fill mode. From the table, it is clear that the
performance for the proposed functions are better than the
baseline functions and stable (mean=-std) and got a boost in
Top-1 accuracy by 2.59% and 2.40% for ErfAct and Pserf
compared to ReL.U.

Semantic Segmentation

Semantic segmentation is an important problem in deep
learning. In this section, we present experimental results on
the Cityscapes dataset (Cordts et al. 2016). We report the
pixel accuracy and mean Intersection-Over-Union (mIOU)
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(a) Top-1 Train and Test accuracy (higher is better) on CIFAR100
dataset with Shufflenet V2 (2.0x) network for different baseline

activations, ErfAct, and Pserf.
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(b) Top-1 Train and Test loss (lower is better) on CIFAR100 dataset
with Shufflenet V2 (2.0x) network for different baseline activa-
tions, ErfAct, and Pserf.

Figure 4: Accuracy and loss curves



Activation Function ~ Pixel Accuracy mIOU
ReLU 79.60 £045  69.32 +0.30
Swish 79.71 £ 049  69.68 £ 0.31

Leaky ReLU 7941 £042  69.48 +0.39
ELU 79.27 +£0.54  68.12£0.41
Softplus 78.69 £049  68.12+0.55
Mish 80.12+£0.45  69.87 + 0.29
GELU 79.60 £0.39 69.51 £0.39
PAU 7995+ 041 6942 £0.46
PReLU 7899 £042  68.82+0.41
ReLU6 79.59 £ 041  69.66 £ 0.41
ErfAct 8141 £045 71.29+0.31
Pserf 81.12+ 042  71.21 £0.34

Table 6: Comparison between different baseline activations
and ErfAct and Pserf on semantic segmentation problem on
U-NET model in CityScapes dataset. mean=std is reported
in the table.

on the U-net model(Ronneberger, Fischer, and Brox 2015).
The model is trained up to 250 epochs, with adam optimizer
(Kingma and Ba 2015), learning rate S5e—3, batch size 32
and Xavier Uniform initializer (Glorot and Bengio 2010). A
mean of 5 different runs on the test dataset is reported in ta-
ble 6. We got around 1.97% and 1.89% boost on mIOU for
ErfAct and Pserf compared to ReLU.

Object Detection

Object detection is a standard problem in computer vision.
In this section, we have reported our experimental results on
challenging Pascal VOC dataset (Everingham et al. 2010)
with Single Shot MultiBox Detector(SSD) 300 (Liu et al.
2016) with VGG-16(with batch-normalization) (Simonyan
and Zisserman 2015) as the backbone network. The mean
average precision (mAP) is reported in Table 7 for a mean
of 8 different runs. The model is trained with batch size of
8, 0.001 learning rate, SGD optimizer (Robbins and Monro
1951; Kiefer and Wolfowitz 1952) with 0.9 momentum,
5¢~* weight decay for 120000 iterations. The results are sta-
ble on different runs (mean+std). We got around 1% boost
in mAP for both ErfAct and Pserf compared to ReLU.

Machine Translation

Machine Translation is a procedure in which text or speech
is translated from one language to another language with-
out the help of any human being. We consider the stan-
dard WMT 2014 English—German dataset for our experi-
ment. The database contains 4.5 million training sentences.
We train an attention-based 8-head transformer network
(Vaswani et al. 2017) with Adam optimizer (Kingma and
Ba 2015), 0.1 dropout rate (Srivastava et al. 2014), and train
up to 100000 steps. We try to keep other hyperparameters
similar as mentioned in the original paper (Vaswani et al.
2017). We evaluate the network performance on the new-
stest2014 dataset using the BLEU score metric. The mean
of 5 different runs is being reported on Table 8 on the test
dataset(newstest2014). From the table, it is clear that the re-
sults are stable on different runs (mean=std), and we got
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Activation Function mAP
ReLU 772 +0.14
Swish 77.5 +0.12

Leaky ReLU 77.2+£0.19
ELU 75.1 £0.22
Softplus 74.2 +0.25
Mish 77.6 £ 0.14
GELU 77.5+0.14
PAU 774+ 0.16
PRelLLU 77.2 £ 0.20
ReLU6 77.1 £0.15
ErfAct 78.2 +0.12
Pserf 78.2 = 0.14

Table 7: Comparison between different baseline activations
and ErfAct and Pserf on Object Detection problem on SSD
300 model in Pascal-VOC dataset. mean=std is reported in
the table.

Activation Function ~BLEU Score
ReLU 26.2 +0.15
Swish 26.4 +0.10

Leaky ReLU 263 +0.17
ELU 25.1 £ 0.15
Softplus 23.6 £0.16
Mish 26.3 +0.12
GELU 26.4 +0.19
PAU 26.3 +0.16
PReLLU 26.2 +0.21
ReLU6 26.1 = 0.14
ErfAct 26.8 +0.11
Pserf 26.7 +0.10

Table 8: Comparison between different baseline activations
and ErfAct and Pserf on Machine translation problem on
transformer model in WMT-2014 dataset. mean=std is re-
ported in the table.

around 0.6% and 0.5% boost in BLEU score for ErfAct and
Pserf compared to ReL.U.

Baseline Table

The experiment section shows that ErfAct and Pserf beat or
perform equally well with baseline activation functions in
most cases while under-performs marginally on rare occa-
sions. We provide a detailed comparison based on all the
experiments in earlier sections and supplementary material
with the proposed and the baseline activation functions in
Table 9.

Computational Time Comparison

We present the time comparison for the baseline activation
functions and ErfAct, Pserf for the mean of 100 runs for
both forward and backward pass on a 32 x 32 RGB image
in PreActResNet-18 (He et al. 2016) model in Table 10. An
NVIDIA Tesla V100 GPU with 32GB ram is used to run the
experiments. From Table 10 and the experiment section, it



ReLU €KY gy

Baselines ReLU Softplus  Swish PReLU ReLU6 Mish GELU PAU
ErfAct > Baseline 57 57 57 57 54 56 56 53 55 55
ErfAct = Baseline 0 0 0 0 0 0 0 0 0 0
ErfAct < Baseline 0 0 0 0 3 1 1 4 2 2
Pserf > Baseline 57 57 57 57 54 56 56 53 55 54
Pserf = Baseline 0 0 0 0 0 0 0 0 0 0
Pserf < Baseline 0 0 0 0 3 1 1 4 2 3

Table 9: Baseline table for ErfAct and Pserf. These numbers represent the total number of models in which ErfAct and Pserf
underperforms, equal or outperforms compared to the baseline activation functions

/}ctwapon Forward Pass Backward Pass
unction
ReLU 539+039pus 570 & 1.56 us
Swish 835+ 144 us  10.56 +2.34 us
Leaky ReLU 550 £ 0.51 us 597 £0.75 us
ELU 6.17+050pus 593 +£093 us
Softplus 6.13£049 us 594 +0.55 us
Mish 7.45+255pus  8.89 £2.85us
GELU 887+ 154 us 9224+ 1.75us
PAU 19.05 +2.69 us  32.62 £3.76 us
PReLU 6.124+ 090 pus 623 £ 1.41 us
ReLU6 577+ 0.73 pus 5.731+ 0.66 us
ErfAct 741 £ 151 us  10.62 + 1.53 us
Pserf 7.53 £ 1.77 us  10.77 £ 1.78 us

Table 10: Runtime comparison for the forward and back-
ward passes for ErfAct and Pserf and baseline activation
functions for a 32x 32 RGB image in PreActResNet-18
model.

is clear that there is a small trade-off between the compu-
tational time and the model performance when compared to
ReLU as the proposed activations contain trainable param-
eters. In contrast, the time is comparable with Swish, Mish
or GELU & much better than PAU and model performance
comparatively much better than baseline activations in most
cases.

Conclusion

In this work, we propose two simple and effective novel acti-
vation functions. We call them ErfAct and Pserf. The method
of construction is a combination of functions using trainable
parameters. The proposed functions are unbounded above,
bounded below, non-monotonic, smooth and zero centred.
We show that both functions can approximate the ReL.U acti-
vation function. Across most of the experiments, ErfAct and
Pserf are top-performing activation functions from which we
can conclude that the proposed functions have the potential
to replace the widely used activations like ReLLU, Swish or
Mish.
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