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Abstract

Activation functions play a crucial role in ensuring training stability, convergence speed,
and overall performance in both convolutional and attention-based networks. In this
study, we introduce two novel activation functions, each incorporating a sine compo-
nent and a constraint term. To assess their effectiveness, we replace the activation func-
tions in four representative architectures—VGG16, ResNet50, DenseNet121, and Vision
Transformers—covering a spectrum from lightweight to high-capacity models. We conduct
extensive evaluations on four benchmark datasets (CIFAR-10, CIFAR-100, MNIST, and
Fashion-MNIST), comparing our methods against seven widely used activation functions.
The results consistently demonstrate that our proposed functions achieve superior perfor-
mance across all tested models and datasets. From a design application perspective, the
proposed functional periodic structure also facilitates rich and structurally stable activation
visualizations, enabling designers to trace model attention, detect surface biases early, and
make informed aesthetic or accessibility decisions during interface prototyping.

Keywords: activation function; convolutional neural networks; vision transformers;
benchmark datasets

MSC: 68T07

1. Introduction

Activation functions play a pivotal role in shaping a neural network’s convergence
behavior, convergence rate, and learning dynamics. They enable hierarchical feature ab-
straction, enhance representational capacity, mitigate gradient explosion, and establish
nonlinear decision boundaries, thereby increasing model robustness. Equally important
for human-centered design workflows is that activation functions determine the extent
to which intermediate representations can be inspected and interpreted. This affects
how designers debug interfaces, justify algorithmic choices to stakeholders, and create
transparent user experiences. In this work, we focus on convolutional neural networks
(CNNs)—originally developed by LeCun et al. [1]—which represent a major derivative
of deep neural networks (DNNs) and have been widely applied to image classification,
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semantic segmentation, multimodal learning, and object detection [2]. Recent user ex-
perience research indicates that nuanced interface affordances are strong predictors of
sustainable technology adoption, suggesting that the interpretability of activation levels
may likewise influence stakeholder acceptance [3]. Based on their mapping properties,
activation functions are classified into the following three categories: linear, nonlinear
monotonic, and nonlinear non-monotonic [4,5]. Given the limited expressive power of
linear activations, nonlinear monotonic functions such as the sigmoid [6] and rectified linear
unit (ReLU) were introduced [7,8]. Although the sigmoid [9] was extensively used in early
networks, it suffers from vanishing gradients [10]; ReLU alleviates this by zeroing negative
inputs [11,12] but may discard valuable information in the negative domain [13,14]. To
address these issues, the Leaky ReLU maintains a small [15], nonzero slope for negative
inputs, while the exponential linear unit (ELU) applies an exponential mapping to negative
values to preserve a small yet nonzero gradient [16].

Non-monotonic, nonlinear activation functions have recently garnered significant
attention owing to their superior generalization across diverse network architectures and
complex datasets. Prominent examples include EELU [17], GELU [18], and Mish [19], while
the newly introduced log-Softplus ERror (SERF) has demonstrated notable performance
gains attributable to its non-monotonic region design. These functions are characterized
by unbounded upper limits, bounded lower limits, global smooth differentiability, and
intrinsic non-monotonicity, facilitating more efficient information propagation through
deep networks and thereby enhancing overall model performance. In a systematic evalua-
tion on CIFAR-10 [20], CIFAR-100 [21], CINIC-10 [22], and ImageNet [23], Vargas et al. [24]
compared two novel activation functions against established baselines, reporting improve-
ments in both classification accuracy and convergence speed. Similarly, Hu et al. [25]
proposed the parameter-adaptive AReLU activation, which dynamically adjusts its parame-
ters during training; their experiments on PASCAL VOC [26] and COCO [27] demonstrated
that AReLU consistently elevates object detection and segmentation performance across
multiple tasks.

Dubey et al. [28] conducted a comprehensive review of activation functions, examin-
ing their effectiveness across five neural network families and offering insights for future
research directions. Building on this groundwork, our study extends beyond conventional
comparative analyses by systematically testing widely used activation functions on various
benchmark datasets and representative architectures, while further contributing an innova-
tive periodicity-based design. In particular, we introduce two novel periodic activation func-
tions specifically designed for image classification, aiming to strengthen feature extraction
and boost predictive accuracy through architectural refinement. This approach leverages
the periodicity of PSR/LPSR as controllable parameters for generative art design, motion
graphics, or textile pattern creation. The more stable activations also make lightweight mod-
els feasible on edge devices, enabling energy-efficient or accessibility-oriented products [29].
The proposed approach is based on the following two core principles: (1) Mapping network
weights to periodic functions—The oscillatory nature and bounded characteristics of peri-
odic functions expand the representational capacity of neural networks and help alleviate
training challenges such as vanishing or exploding gradients. (2) Embedding regularization
constraints within the periodic functions—During optimization, certain weight parame-
ters are constrained, promoting the learning of informative features while suppressing
redundant representations, ultimately improving generalization. To rigorously assess the
proposed functions, comprehensive experiments were conducted on four publicly available
image classification datasets, employing the following four representative deep learning
architectures: VGG-16, ResNet-50, DenseNet-121, and Vision Transformer.
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The remainder of this paper is organized as follows. In Section 2, we review advanced
activation functions. In Section 3, we propose optimization schemes and two periodic
activation functions. In Section 4, we describe the experimental design, comparing the
periodic activation functions with previous activation functions. In Section 5, we analyze
the experimental results. Finally, in Section 6, we summarize this paper and suggest future
research directions.

2. Related Work

This section systematically compares state-of-the-art activation functions, emphasizing
their underlying mathematical attributes and operational behavior in neural network con-
texts. To aid intuitive understanding, Figure 1 depicts the functions and their corresponding
derivatives, highlighting their distinct dynamic responses.

(a) (b) (c)
? // 3
. . // ’
(d) (e) (f)
(8)

Figure 1. Graphical representations of seven publicly available activation functions. (a) SiLU. (b) ELU.
(c) EELU. (d) ReLU. (e) SERF. (f) GELU. (g) Mish.

The Sigmoid function was extensively used in early neural networks because of its
simple form and easily differentiable nature. However, it presents notable drawbacks in
deep network settings. In particular, for inputs with large absolute values, it saturates and
produces gradients that are nearly zero. This saturation causes the gradient to diminish
progressively during backpropagation, which hinders effective parameter updates in earlier
layers—a challenge known as the vanishing gradient problem [30,31]. Due to these well-
known drawbacks, the Sigmoid function is not included in the set of activation functions
evaluated in the following theoretical discussions and empirical experiments.
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2.1. Sigmoid Linear Unit

The Sigmoid Linear Unit (SiLU), introduced by the Google research team, is an acti-
vation function characterized by an unbounded upper limit, bounded lower limit, global
smoothness, and non-monotonic behavior [32]. Its mathematical expression is

fsiLu = x.sigmoid(x) 1

The Sigmoid-Weighted Linear Unit (SiLU) extends the Rectified Linear Unit (ReLU) by
introducing smoothness, and has consistently demonstrated enhanced performance over
conventional monotonic activations in a range of deep network scenarios [33]. Its main ad-
vantage lies in effectively reducing the vanishing gradient problem across a wider spectrum
of input values, which supports stable training in deeper layers. Unlike standard sigmoid-
based functions, SiLU retains information about both the input’s sign and magnitude,
enabling it to better capture complex nonlinear features. Moreover, its full differentiability
across the entire input domain ensures compatibility with gradient-based optimization
algorithms. Although the embedded sigmoid calculation adds slight computational cost,
extensive experiments confirm that this is offset by noticeable performance improvements.
Owing to these merits, SiLU has become prevalent in modern neural architectures and has
shown robust results in visual tasks such as image classification, solidifying its status as a
dependable activation function in current deep learning practice [34].

2.2. Exponential Linear Units

The Exponential Linear Unit (ELU), introduced by Clevert et al. [35], was proposed to
address the limitations of the Rectified Linear Unit (ReLU) in the negative input domain,
where the output is truncated to zero, potentially leading to inactive neurons. The ELU
function and its derivative are formally defined as:

X, x>0

ELU = )
/ a(er—1), x<0
1 x>0

o) =<7 3

feru (%) et x<0 3)

Here, « is a tunable parameter, commonly set to 1. When the input is positive, the
Exponential Linear Unit (ELU) behaves similarly to ReLU by maintaining a linear response,
which supports fast convergence during gradient-based training. For negative inputs, it
employs an exponential term, allowing the output to asymptotically approach a small
negative constant rather than zero. This design ensures the gradient remains non-zero
on the negative side, helping to mitigate the “dying neuron” phenomenon often seen
with ReLU activations. Furthermore, by generating outputs with a mean closer to zero,
ELU reduces internal covariate shift and contributes to more stable training dynamics. Its
smooth differentiability and near-zero-centered output facilitate better optimization and
help models reach more favorable local minima. However, the exponential computation
required for negative values introduces additional cost, which can be a limiting factor for
resource-constrained applications, despite its practical performance benefits. Known for
improving training stability and maintaining activation outputs closer to zero mean, ELU
is particularly useful in applications such as medical image segmentation [36].
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2.3. Exponential Error Linear Unit

The Exponential Error Linear Unit (EELU) is an activation function that integrates

the Gaussian error function erf with an exponential decay component e™*, aiming to
enhance the nonlinear representation capacity and generalization performance of deep

neural networks. This function and its derivative are formally defined as follows:

fEELU = —x.erf(e*x) (4)

2 —ox
ferru(x) = —erf(e ™) + X e )

NG

EELU exhibits characteristic nonlinear behavior with a bounded lower limit and an
unbounded upper limit [37]. The bounded lower region contributes to regularization and
helps mitigate overfitting, while the unbounded upper region prevents saturation, thereby
alleviating gradient vanishing and promoting efficient gradient flow during training. In
the positive input domain (x > 0), EELU presents a non-monotonic peak, improving the
network’s ability to capture complex nonlinear patterns. In the negative domain (x < 0),
unlike ReLU which truncates all negative values to zero, EELU retains partial gradient
flow through the combination of the error and exponential terms, thus effectively avoiding
the “dying neuron” phenomenon. Moreover, the function is continuous and differentiable
across its entire domain, ensuring smooth optimization and compatibility with gradient-
based learning algorithms.

In contrast to traditional activation functions like ReLU and ELU, EELU provides
distinct benefits including smoother gradients, a broader dynamic response range, and
inherent non-monotonicity. These features jointly contribute to more consistent gradient
flow, accelerated convergence, and a stronger ability to avoid poor local minima, ultimately
improving the training effectiveness and performance of deep neural networks. As an
extended version of ELU, EELU provides enhanced expressive power in the negative
input range, and is applicable in complex tasks such as video understanding and graph
neural networks.

2.4. Rectified Linear Unit

The Rectified Linear Unit (ReLU) [38] has emerged as one of the most prevalent activa-
tion functions in deep learning due to its ability to introduce nonlinearity and suppress
irrelevant information during inference. Moreover, ReLU contributes to sparsity in the
activation outputs, which can improve computational efficiency in neural network infer-
ence. However, this sparsity also introduces the risk of neuron inactivity, particularly in
deep or large-scale architectures, where a significant proportion of neurons may remain
non-responsive [39]. Prior studies have reported that up to 40% of neurons can become
permanently inactive in such settings [40]. Although methods like residual connections
have been introduced to address this limitation, ReLU’s performance can still deteriorate
with increasing network depth. This is primarily attributed to its zero response for all nega-
tive inputs, which disrupts gradient propagation during backpropagation and hampers the
optimization process. As a result, the network’s ability to learn representations involving
negative activations becomes constrained [41,42]. The ReLU function and its derivative are
mathematically defined as:

freLu = max (0, x) (6)

1, x>0
Reu(¥) =9 " 7 T 7)
freru (%) 0, x<0
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Due to its computational efficiency and strong capability to mitigate the vanishing
gradient problem, ReLU is widely adopted in convolutional neural networks (CNNs) for
image classification and object detection tasks, such as in AlexNet, VGG, and ResNet
architectures [43].

2.5. Log-Softplus Error Activation Function

Inspired by the design of the Mish activation function, Sayan Nag et al. [44] proposed
a novel activation function known as SERF, whose mathematical definition and derivative
are given by:

fserr = x.erf(In(1+¢*)) @
! X 2 —(In o 2 X
foprp(x) = erf(In(1 +¢%)) + TXE .o~ (In(1+e%))" 1j_ex )

SEREF is characterized by a bounded lower limit and an unbounded upper limit. In
contrast to traditional activation functions such as tanh and sigmoid—which are constrained
both above and below and often require initialization in their linear operating regions to
avoid early saturation—SEREF alleviates such limitations by design. Saturation issues,
typically caused by vanishing gradients, hinder effective learning, especially in deeper
networks [45]. ReLU, with its unbounded upper range, mitigates this problem and has
inspired several subsequent activation functions such as GELU, Swish, and Mish. SERF
inherits this advantage, exhibiting a nearly linear response in the positive domain, thereby
enabling improved representational capacity and making it a strong candidate for deep
neural architectures.

A lower bound in activation functions plays a critical role in promoting regularization.
The “dying ReLU” phenomenon—where neurons become inactive—frequently arises from
overly large learning rates or substantial negative biases. SERF addresses this issue by
preserving a small degree of negative output, which not only enhances the network’s
expressivity but also facilitates stable gradient flow during backpropagation.

The SERF activation possesses several desirable mathematical characteristics, as fol-
lows: it is smooth, non-monotonic, and fully differentiable, which promotes stable gra-
dient propagation throughout training. Its formulation incorporates a self-modulating
mechanism—similar in spirit to Swish and Mish—where the input is scaled by a nonlinear
function of itself.

Notably, SERF permits limited transmission of negative outputs, ensuring that gradi-
ents remain non-zero even when inputs are negative. This mitigates neuron inactivation
and enhances the model’s ability to capture richer representations. In summary, SERF
achieves a practical trade-off between computational cost and learning effectiveness, mak-
ing it a robust choice for deep neural architectures [46]. As a newly proposed periodic
activation function, SERF demonstrates enhanced gradient stability and noise robustness,
making it suitable for tasks in video analysis and multimodal perception, while expanding
the model’s representational capacity [44].

2.6. Gaussian Error Linear Unit

Dan et al. [18] proposed the Gaussian Error Linear Unit (GELU), an activation function
for neural networks that is based on the Gaussian error function and is known for its high
performance. The GELU function has a non-zero gradient in the negative value region,
thus avoiding the “dying neuron” problem. Furthermore, GELU is smoother around zero
compared to ReLU, making it easier to converge during training. It is worth noting that
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the computation of GELU is more complex, and therefore requires more computational
resources. Its mathematical expression is as follows:

GELU(x) = x.P(X < x) = x.®(x) (10)

where @(x) represents the cumulative distribution function of the standard normal distri-
bution, i.e.,

X
V2

erf(x) is the Gaussian error function. This function can be further expressed as follows:

d(x) 1+erf(—=)) (11)

1
= 5.

(X—p)

x e
XP(X < x) = x / S T (12)
J—co 21tor

where u and ¢ represent the mean and standard deviation of the normal distribution,
respectively. Since this function is not directly computable, researchers have found that the
GELU function can be approximately represented as

/2
feeLu = 0.5x(1 + tanh l ;(x + 0.044715x3)] ) (13)
and its derivative is given by

fru(x) = 05(1 + tanh(g(x))) +0.5x(1 — tanh?(g(x)) ) - g'(x) (14)

where

o(x) = \/z (x + 0.044715x3) (15)

J(x) = \/Z (1 T 0.134145x2) (16)

where v/2/7t and 0.044715 are two adjustment coefficients of the GELU function.

The Gaussian Error Linear Unit (GELU) implements a smooth, magnitude-aware
activation approach, differing from the binary gating characteristic of ReLU. Unlike convex
and monotonic functions such as ReLU and ELU, GELU is inherently non-convex and
non-monotonic, maintaining nonlinearity throughout its entire domain, which enhances
its expressive capacity. Its continuous curvature and gentle modulation provide more
precise control over activations, allowing the network to model complex relationships
more effectively. Furthermore, GELU can be interpreted probabilistically as the expected
output under a stochastic regularization scheme, lending it both theoretical robustness
and improved generalization in deep architectures. This activation function has shown
great performance in natural language processing (NLP) models such as BERT and other
Transformer-based architectures, where its smooth probabilistic nature improves both
generalization and convergence speed [47].

2.7. Mish

Misra et al. [19] proposed the Mish activation function, a novel self-regularizing,
non-monotonic activation function that is smooth and continuous. This function and its
derivative are mathematically defined as follows:

Fmisn = x.tanh(softplus(x)) = x.tanh(In(1+ €*)) (17)
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fugisn (x) = tanh(In(1 +¢*)) +x - (1~ tanh®(In(1 + ¢")) ) (18)

14ef

The Mish activation function, inspired by Swish, leverages a self-gating mechanism in
which the input is modulated by its own nonlinear transformation. This approach enables
Mish to retain a small amount of negative activation, thereby avoiding the conditions that
typically lead to the “dying ReLU” phenomenon. By allowing negative information to pass
through, Mish enhances the network’s representational power and supports more effective
information flow across layers.

Another key strength of Mish is its mathematical smoothness. Unlike ReLU, which
introduces a discontinuity at zero, Mish is continuously differentiable across its entire input
range. This smoothness eliminates potential optimization singularities and ensures stable
gradient propagation. Recognized for its non-monotonicity and self-regularizing behavior,
Mish is employed in object detection models like YOLOv4 and generative tasks, helping
improve model robustness and accuracy [48].

3. Proposed Activation Functions

In this section, we present a novel design framework that leverages periodic activation
functions and introduces two intermittent periodic variants, whose functional curves are
illustrated in Figure 2. This framework integrates periodic mappings with a constraint
mechanism to enhance model prediction accuracy. Specifically, it maps network weights
onto periodic functions, exploiting their oscillatory nature to enrich the network’s represen-
tational capacity. The periodic function T encompasses both intermittent and continuous
periodic forms. Compared to linear activations, periodic functions provide a wider func-
tional space while naturally constraining values, thereby alleviating issues such as gradient
explosion and vanishing gradients. Furthermore, a Restraint Device (RD) is embedded
within the periodic mapping—aligned with standard activation behaviors—to restrict
certain weights or parameters during training. This prevents the network from capturing
redundant components and helps concentrate learning on relevant features, reducing the
impact of noise and improving overall generalization.

5 5

— PSR — PSR
~ = Derivative of PSR ~~ Derivative of LPSR

R . r . S
M One period |1 N D One period | 3
I
U
I

Figure 2. Function plots of the proposed periodic activation functions: PSR and LPSR.

3.1. Periodic Sine Rectifier (PSR)

For a long time, activation functions used in neural networks have mainly been
unconstrained functions. While this allows for better positive correlation during the training
process, unconstrained activation functions often lead to issues like gradient explosion or
gradient vanishing. In this work, we propose a method to constrain the values of infinite
numbers within a specific range. Prior to this, the sigmoid activation function also offered a
similar solution, but its excessively steep curve led to highly imbalanced value distributions.
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Values near the regions close to 0 or 1 were compressed into either lim sigmoid(x) = 0 or
n——oo
lil}’_l sigmoid(x) = 1, limiting its use to only the final layer of the model. In contrast, using
n—r—+00

a periodic activation function can ensure a more balanced distribution of parameters with
positive correlations. The core idea of this function is to map the parameters we aim to
learn periodically to the function’s period, while maintaining sufficient simplicity to avoid
additional computational overhead during training, especially for deep networks. The
function consists of the following two important parts: (1) It maps the positive parameters
related to the predicted class onto the waveform of the function. The continuity of the
function effectively alleviates the gradient explosion problem commonly encountered in
linearly growing functions. Additionally, the smooth transition in the region near zero
helps reduce the risk of gradient vanishing. (2) For the noise data we do not wish to
learn, ReLU is used as a RD, filtering negative values directly through a regularization
method. However, using ReLU as a RD may lead to the “dead neuron” issue mentioned
earlier. To address this, we add a very small constant value 5, to the negative-correlated
data constrained to zero by ReLU, ensuring that the neuron remains active in subsequent
calculations [49]. Moreover, the periodic activation function can map multiple classes of
classification to the same level during the classification process. In deep neural networks,
the vanishing gradient problem refers to the phenomenon where gradients propagated
backward through layers become progressively smaller, especially when the derivative of
the activation function approaches zero. This can lead to extremely small weight updates
in early layers during training, effectively stalling learning in those layers and degrading
the performance of deep architectures. The proposed PSR activation function addresses
this issue by employing a piecewise sinusoidal form, Mathematically, the periodic mapping
activation function is defined as follows:

frsr = RD1(s(x)) +€ (19)

where RD; = ReLU, e =1 x 10710, 5(x) = sin(x) and & = cos(x). This piecewise function
is represented depending on the sign of s(x) as follows:

>0
frsr = ( (20)
€ 0
Its derivative is as follows:

ook = x, s(x)>0 1)

Ats(x) = 0 (i.e,, x = kmt, k € Z), the function is non-differentiable at these points.
A very small constant term, 1 x 10719, is added to prevent gradient vanishing during
numerical calculations.

Nonlinearity: PSR exhibits nonlinear mapping in the region where s(x) > 0, retain-
ing the characteristics of nonlinear activation, which helps the network capture complex
feature relationships.

Introduction of periodic mapping: Standard ReLU performs linear mapping for non-
negative inputs, and negative inputs are truncated to zero. This monotonic and non-
periodic characteristic may have limitations in tasks requiring periodic features. However,
since s(x) is a periodic function, PSR inherits this characteristic. This periodicity allows
the activation function to repeatedly map feature patterns within the input feature space,
helping the neural network learn data features with repetitive or periodic patterns.



Mathematics 2025, 13, 2843

10 of 22

Smoothness: s(x) is a smooth and differentiable function, which ensures that within
the interval s(x) > 0, the gradient does not exhibit discontinuities like those of ReLU,
thereby facilitating the stable propagation of gradients.

PSR, by incorporating the periodic characteristics of the sine function and the linear
mapping features of ReLU, provides a novel and expressive activation mechanism. It shows
significant advantages in both gradient propagation and feature expression capabilities.

3.2. Leaky Periodic Sine Rectifier (LPSR)

The design of the leaky periodic sine rectifier was initially motivated by the need
to address neuron deactivation. Although we proposed a method within the periodic
activation function that adds an infinitesimally small constant to weights approaching zero,
we did not intend for this limiting constant to constrain the effective learning parameters
during subsequent computations. Therefore, we designed an extremely small negative
domain interval to accommodate outlier weights. Experimental results have confirmed
that this approach is indeed effective. However, the size of the negative domain must be
carefully controlled, as excessive enlargement may lead to the model overfitting to the
parameters in the negative domain. After empirical adjustments, we set the maximum value
of the negative domain to 0.05. This small value effectively mitigates neuron deactivation
while compressing negatively correlated data into the negative domain, enabling the model
to learn parameters more comprehensively. The LPSR controls the slope of the negative
activation value, with a default value of 1 x 10~2. The mathematical definition of this
activation function is as follows:

frpsr = RD2(g(x)) +€ (22)

where RD, = LeakyReLU, e =1 x 10710, g(x) = sin(x), ¢ = cos(x) and w = 0.05. This
piecewise function is represented based on the sign of T2 as follows:

g(x)+e  g(x)>0

SR = (23)
fuesg wg(x)+e glx) <0
its derivative is as follows:
, x)>0
f/LPSR = v g( ) (24)
we, g(x) <0

The constraint is implemented using the LeakyReLU activation function, with the
periodic function defined as g(x). At g(x) = 0 (i.e., x = k7, k € Z), the derivative of this
function is discontinuous, but the function is continuous over its entire domain. Other
properties of this function are similar to those of PSR.

The proposed PSR and LPSR activation functions exhibit derivative discontinuities at
certain transition points, but our analysis and experiments show that these have minimal
impact on the training process. Mainstream optimization algorithms such as SGD and
Adam are robust to local gradient variations, and neural networks can adaptively adjust
parameters to effectively handle minor non-smoothness in activation functions.

4. Experiments
4.1. Model

To evaluate the performance of these activation functions, we used four commonly
benchmarked datasets, as detailed in Table 1.
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Table 1. Datasets used to study the activation functions.
Dataset Classes Training Images Test Images Image Shape
CIFAR10 10 50,000 10,000 32 x32x3
CIFAR100 100 50,000 10,000 32 x32x3
MNIST [50] 10 60,000 10,000 32 x32x1
Fashion MNIST [51] 10 60,000 10,000 32x32x1

The high performance of an activation function on a specific dataset and neural
network does not necessarily guarantee optimal performance across other architectures and
datasets. To examine the generalization of various neural architectures, we consider a range
of networks, from computationally intensive to lightweight, including Vision Transformers
(ViTs) [52], DenseNet121 [53], ResNet50 [54], and VGG-16 [55].

This study employs four representative deep learning architectures to evaluate the
proposed activation functions. The classical VGG-16 network, containing approximately
138 million trainable parameters, serves as a common baseline in computer vision tasks and
applies dropout (p = 0.5) before and after its fully connected layers to enhance generaliza-
tion, with batch normalization used after each activation and softmax producing the final
predictions. ResNet-50, a 50-layer residual network with about 25.6 million parameters,
alleviates the vanishing gradient problem via identity shortcut connections and balances
computational cost with stable and accurate classification performance. DenseNet121,
known for its dense inter-layer connectivity, requires only 9 million parameters, making
it suitable for computationally constrained environments; it ends with a fully connected
layer of 2048 neurons and uses a dropout rate of 0.4 to mitigate overfitting, maintaining
consistency with VGG-16’s output structure. Finally, the Vision Transformer (ViT) replaces
convolutions entirely with a pure Transformer architecture that leverages self-attention
to model global dependencies; it has approximately 87.71 million parameters and gen-
erally needs large-scale pretraining to achieve state-of-the-art performance on extensive
vision benchmarks.

4.2. Experiment Establishment

All experiments in this study were conducted on a high-performance computing
server running Ubuntu 22.04 as the operating system. Python 3.10 was used as the main
programming language, with PyCharm 2024.1.4 serving as the code editor and compiler.
The deep learning framework was configured with CUDA version 11.8 to enable GPU
acceleration. In terms of hardware, the server was equipped with an Intel(R) Xeon(R)
Gold 5218 CPU and an NVIDIA A100-SXM4 GPU with 40GB of memory. It also featured
256 GB of RAM and a 4.4 TB ROM storage capacity. The server model was UniServer
R5300 RS54M2C1S. Due to the fewer convergence cycles and minimized oscillating gra-
dients of PSR and LPSR, they can be deployed in edge-constrained or battery-sensitive
scenarios—such as wearable devices for assistive vision. This efficiency aligns with the
goals of sustainable user experience (UX), as it reduces energy consumption and enables
equitable access on low-cost hardware.

In this study, the proposed activation functions were integrated into the hidden
layers of the chosen models by systematically replacing their original activations. The
modified models were then trained and validated on four diverse datasets to assess their
generalizability. To mitigate the impact of randomness due to weight initialization, each
experiment was independently repeated eight times under consistent test set partitions.
It is also important to highlight that some of the activation functions employed required
the prior specification of certain hyperparameters. The cross-entropy loss function used is
shown in Equation (17), expressed as follows:
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Lee(x,y) = =) xilog(y;) (25)
i=1

where x; represents the true label of the i-th element, and y; denotes the probability that
the model predicts x belongs to the i-th class. A smaller cross-entropy loss indicates more
accurate predictions by the model.

The training process utilizes a batch size of 64, with model parameters optimized using
the Adam algorithm. Adam operates by concurrently estimating the first-order moment
(mean) and second-order moment (uncentered variance) of the gradients, employing
exponential moving averages and applying bias correction to prevent the gradients from
vanishing in the initial training phases [56]. The initial learning rate is set to 1 x 1072 and
is adaptively adjusted throughout training using the CosineAnnealingLR scheduler, which
gradually reduces the learning rate to improve convergence efficiency and training stability.
Each model is trained for 300 epochs, with weight decay regularization applied at a rate of
0.01 every 20 epochs to reduce overfitting. The training process uses the standard cross-
entropy loss function. Considering the classification focus of the tasks, model performance
is evaluated using Accuracy, Precision, and Recall, where higher scores reflect better
classification outcomes. The formulas for these metrics are as follows:

TP+ TN
A= TP T ENTFPT TN (26)
TP
Precision = ——— 27
recision TP+ EP (27)
TP
Recall = TP+ EN (28)

In the context of evaluation metrics, TP (True Positives) refers to instances correctly
identified as belonging to the positive class, while TN (True Negatives) denotes instances
accurately classified as negative. FN (False Negatives) are cases where positive samples
are misclassified as negative, and FP (False Positives) represent negative samples that are
incorrectly labeled as positive. When applied to multi-class classification tasks, macro-
averaging is typically favored over micro-averaging. Macro-averaging computes each
metric independently for every class and then calculates the unweighted mean across all
classes, ensuring equal importance is given to each class regardless of its frequency. In
contrast, micro-averaging aggregates the contributions of all classes before computing the
overall metric, which may bias results toward classes with more instances. The macro-
average formula used is as follows, where n is the number of classes:

macro_A = % Y1A; (29)
macro_P = % Y1P (30)
macro_R = % Y1R; (31)

To promote generalization and minimize redundant computation, an early stopping
strategy is implemented based on validation loss as follows: training is terminated if the
validation loss fails to decrease for 50 consecutive epochs. This approach not only mitigates
overfitting but also reduces training time. Furthermore, all hyperparameters and training
settings are meticulously optimized to ensure effective feature extraction while maintaining
computational efficiency.
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5. Results

This section presents the experimental results. We evaluated the performance of
the activation functions we developed using the MNIST, FashionMNIST, CIFAR10, and
CIFAR100 datasets across four models, and we compared them with seven existing state-of-
the-art activation functions. Tables 2-5 record the performance of the activation functions
on different models for each dataset, with a total of 160 training experiments conducted.
The tables display the accuracy, precision, recall, and the standard deviation of accuracy for
each dataset and model. The mean values of accuracy, precision, and recall for each model
across all datasets are summarized in Table 6. The results shown in Tables 2—6 indicate
that the proposed PSR and LPSR consistently outperform other activation functions across
all datasets. The best result is highlighted in bold italics, and the second-best result is
highlighted in italics.

In contrast, Table 7 presents the performance rankings of each activation function for
various model architectures, along with their average ranks. These rankings are calculated
by averaging each function’s position across multiple runs on all datasets. The last column
shows the overall mean rank, aggregated over the two tested architectures.

Table 2. Comparison of evaluation indicators of activation functions on VGG16 with different datasets.

Dataset Activation ACC Std Precision Recall
CIFAR10 SiLU 0.843 0.039 0.843 0.841
CIFAR10 ELU 0.812 0.070 0.816 0.809
CIFAR10 EELU 0.839 0.064 0.836 0.829
CIFAR10 ReLU 0.818 0.038 0.818 0.807
CIFAR10 SERF 0.827 0.049 0.829 0.819
CIFAR10 GELU 0.818 0.039 0.819 0.809
CIFAR10 Mish 0.829 0.038 0.828 0.819
CIFAR10 PSR 0.873 0.012 0.844 0.852
CIFAR10 LPSR 0.864 0.029 0.864 0.862
CIFAR100 SiLU 0.589 0.036 0.278 0.279
CIFAR100 ELU 0.576 0.039 0.375 0.374
CIFAR100 EELU 0.448 0.049 0.549 0.538
CIFAR100 RelLU 0.540 0.028 0.541 0.539
CIFAR100 SERF 0.537 0.017 0.530 0.536
CIFAR100 GELU 0.529 0.038 0.527 0.517
CIFAR100 Mish 0.524 0.047 0.527 0.518
CIFAR100 PSR 0.606 0.024 0.586 0.587
CIFAR100 LPSR 0.596 0.245 0.576 0.578
MNIST SiLU 0.991 0.004 0.989 0.989
MNIST ELU 0.985 0.023 0.982 0.982
MNIST EELU 0.975 0.003 0.973 0.972
MNIST ReLU 0.963 0.003 0.964 0.967
MNIST SERF 0.973 0.004 0.979 0.972
MNIST GELU 0.959 0.003 0.954 0.954
MNIST Mish 0.939 0.035 0.938 0.938
MNIST PSR 0.994 0.003 0.991 0.991
MNIST LPSR 0.901 0.270 0.889 0.899
Fashion MNIST SiLU 0.911 0.018 0.910 0.909
Fashion MNIST ELU 0.870 0.049 0.871 0.869
Fashion MNIST EELU 0.924 0.049 0.928 0.914
Fashion MNIST ReLU 0.914 0.041 0.915 0.907
Fashion MNIST SERF 0.928 0.039 0.927 0.917
Fashion MNIST GELU 0.909 0.049 0.903 0.897
Fashion MNIST Mish 0.913 0.038 0.918 0.904
Fashion MNIST PSR 0.931 0.009 0.929 0.929

Fashion MNIST LPSR 0.929 0.402 0.917 0.928
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Table 3. Comparison of evaluation indicators of activation functions on ResNet50 with different datasets.

Dataset Activation ACC Std Precision Recall
CIFAR10 SiLU 0.829 0.015 0.829 0.827
CIFAR10 ELU 0.824 0.012 0.823 0.822
CIFAR10 EELU 0.827 0.017 0.825 0.819
CIFAR10 ReLU 0.807 0.037 0.802 0.804
CIFAR10 SERF 0.797 0.004 0.798 0.793
CIFAR10 GELU 0.768 0.001 0.769 0.768
CIFAR10 Mish 0.789 0.014 0.784 0.780
CIFAR10 PSR 0.846 0.009 0.846 0.845
CIFAR10 LPSR 0.814 0.020 0.815 0.812
CIFAR100 SiLU 0.535 0.023 0.253 0.254
CIFAR100 ELU 0.557 0.015 0.262 0.263
CIFAR100 EELU 0.460 0.028 0.459 0.459
CIFAR100 RelLU 0.528 0.004 0.529 0.527
CIFAR100 SERF 0.528 0.007 0.527 0.520
CIFAR100 GELU 0.479 0.008 0.479 0.472
CIFAR100 Mish 0.490 0.039 0.490 0.489
CIFAR100 PSR 0.538 0.023 0.253 0.254
CIFAR100 LPSR 0.467 0.032 0.219 0.221
MNIST SiLU 0.992 0.002 0.990 0.990
MNIST ELU 0.992 0.002 0.990 0.989
MNIST EELU 0.987 0.006 0.982 0.986
MNIST ReLU 0.968 0.003 0.961 0.968
MNIST SERF 0.939 0.003 0.928 0.929
MNIST GELU 0.957 0.002 0.958 0.957
MNIST Mish 0.978 0.003 0.977 0.969
MNIST PSR 0.992 0.002 0.989 0.989
MNIST LPSR 0.992 0.003 0.989 0.989
Fashion MNIST SiLU 0.903 0.008 0.908 0.907
Fashion MNIST ELU 0.905 0.009 0.909 0.907
Fashion MNIST EELU 0.900 0.008 0.901 0.904
Fashion MNIST ReLU 0.897 0.003 0.897 0.893
Fashion MNIST SERF 0.849 0.005 0.848 0.849
Fashion MNIST GELU 0.879 0.007 0.872 0.875
Fashion MNIST Mish 0.892 0.007 0.896 0.890
Fashion MNIST PSR 0.911 0.008 0.909 0.909
Fashion MNIST LPSR 0.906 0.010 0.906 0.904

Table 4. Comparison of evaluation indicators of activation functions on DenseNet121 with different datasets.

Dataset Activation ACC Std Precision Recall
CIFAR10 SiLU 0.841 0.012 0.839 0.838
CIFAR10 ELU 0.828 0.019 0.828 0.826
CIFAR10 EELU 0.827 0.039 0.829 0.823
CIFAR10 ReLLU 0.839 0.038 0.839 0.835
CIFAR10 SERF 0.838 0.063 0.830 0.839
CIFAR10 GELU 0.851 0.074 0.851 0.850
CIFAR10 Mish 0.840 0.038 0.840 0.840
CIFAR10 PSR 0.859 0.011 0.857 0.857
CIFAR10 LPSR 0.842 0.014 0.841 0.839
CIFAR100 SiLU 0.588 0.018 0.277 0.278
CIFAR100 ELU 0.572 0.023 0.269 0.271
CIFAR100 EELU 0.559 0.039 0.559 0.553
CIFAR100 ReLU 0.573 0.040 0.572 0.575
CIFAR100 SERF 0.568 0.063 0.560 0.562
CIFAR100 GELU 0.578 0.038 0.570 0.573
CIFAR100 Mish 0.539 0.048 0.533 0.540
CIFAR100 PSR 0.608 0.016 0.286 0.288
CIFAR100 LPSR 0.589 0.018 0.278 0.279
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Table 4. Cont.
Dataset Activation ACC Std Precision Recall
MNIST SiLU 0.992 0.002 0.989 0.989
MNIST ELU 0.991 0.003 0.989 0.989
MNIST EELU 0.978 0.003 0.979 0.970
MNIST ReLU 0.959 0.002 0.958 0.950
MNIST SERF 0.983 0.005 0.983 0.972
MNIST GELU 0.939 0.004 0.938 0.928
MNIST Mish 0.950 0.007 0.948 0.942
MNIST PSR 0.993 0.002 0.991 0.991
MNIST LPSR 0.992 0.002 0.990 0.989
Fashion MNIST SiLU 0.905 0.008 0.904 0.903
Fashion MNIST ELU 0.904 0.009 0.903 0.902
Fashion MNIST EELU 0.894 0.006 0.893 0.891
Fashion MNIST ReLU 0.893 0.005 0.890 0.884
Fashion MNIST SERF 0.859 0.006 0.859 0.859
Fashion MNIST GELU 0.889 0.007 0.882 0.881
Fashion MNIST Mish 0.824 0.074 0.829 0.829
Fashion MNIST PSR 0.912 0.007 0.909 0.909
Fashion MNIST LPSR 0.907 0.009 0.907 0.905

Table 5. Comparison of evaluation indicators of activation functions on Vision transformers with

different datasets.

Dataset Activation ACC Std Precision Recall
CIFAR10 SiLU 0.662 0.035 0.647 0.646
CIFAR10 ELU 0.663 0.044 0.647 0.646
CIFAR10 EELU 0.668 0.037 0.584 0.582
CIFAR10 RelLU 0.668 0.048 0.588 0.587
CIFAR10 SERF 0.648 0.039 0.577 0.576
CIFAR10 GELU 0.629 0.058 0.558 0.556
CIFAR10 Mish 0.659 0.039 0.565 0.564
CIFAR10 PSR 0.672 0.029 0.669 0.668
CIFAR10 LPSR 0.669 0.019 0.657 0.656
CIFAR100 SiLU 0.527 0.015 0.516 0.514
CIFAR100 ELU 0.543 0.020 0.522 0.520
CIFAR100 EELU 0.547 0.013 0.532 0.530
CIFAR100 ReLU 0.558 0.028 0.552 0.551
CIFAR100 SERF 0.537 0.038 0.538 0.536
CIFAR100 GELU 0.556 0.064 0.547 0.546
CIFAR100 Mish 0.550 0.058 0.543 0.542
CIFAR100 PSR 0.569 0.013 0.557 0.556
CIFAR100 LPSR 0.569 0.017 0.552 0.550
MNIST SiLU 0.729 0.009 0.718 0.717
MNIST ELU 0.728 0.009 0.714 0.712
MNIST EELU 0.718 0.008 0.709 0.708
MNIST RelLU 0.719 0.007 0.704 0.702
MNIST SERF 0.698 0.005 0.638 0.637
MNIST GELU 0.717 0.004 0.708 0.706
MNIST Mish 0.689 0.007 0.627 0.625
MNIST PSR 0.730 0.007 0.708 0.707
MNIST LPSR 0.731 0.005 0.729 0.727
Fashion MNIST SiLU 0.656 0.008 0.648 0.647
Fashion MNIST ELU 0.656 0.008 0.641 0.640
Fashion MNIST EELU 0.622 0.004 0.625 0.624
Fashion MNIST ReLU 0.638 0.004 0.634 0.633
Fashion MNIST SERF 0.640 0.006 0.637 0.636
Fashion MNIST GELU 0.648 0.008 0.637 0.636
Fashion MNIST Mish 0.639 0.007 0.637 0.635
Fashion MNIST PSR 0.656 0.006 0.649 0.648
Fashion MNIST LPSR 0.657 0.003 0.659 0.658
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Table 6. Comparison of ACC Mean for each model across all datasets.
Activation VGG16 ResNet50 DenseNet121 ViT Mean *
SiLU 0.834 0.815 0.831 0.643 0.781
ELU 0.811 0.819 0.824 0.647 0.775
EELU 0.797 0.794 0.815 0.639 0.761
ReLU 0.809 0.800 0.816 0.647 0.768
SERF 0.817 0.778 0.812 0.631 0.759
GELU 0.804 0.771 0.814 0.637 0.757
Mish 0.801 0.787 0.788 0.634 0.753
PSR 0.851 0.822 0.843 0.657 0.793
LPSR 0.825 0.795 0.833 0.657 0.777

Mean * represents the overall mean of all datasets across the four models.

Table 7. ACC Average ranking across all datasets for each model.
Activation VGG1e6 ResNet50 DenseNet121 ViT Average
SiLU 3.8 3.0 3.3 53 3.8
ELU 6.0 2.5 5.5 5.0 4.8
EELU 5.0 55 7.0 6.3 59
ReLU 5.5 5.8 6.0 4.8 5.5
SERF 4.8 7.8 6.8 7.5 6.7
GELU 7.3 8.0 5.5 6.3 6.8
Mish 6.5 6.8 7.8 7.0 7.0
PSR 1.0 1.3 1.0 1.8 1.3
LPSR 55 4.8 2.3 1.3 3.4

5.1. Result Analysis

First, we will describe the results presented in Tables 2—-6. Based on the average accu-
racy (ACC) results, the PSR activation function consistently outperformed all others across
the following four evaluated architectures: Vision Transformer, DenseNet121, ResNet-50,
and VGG-16. In the ResNet-50 and VGG-16 models, SiLU and ELU attained the second-
highest accuracy, respectively. For Vision Transformer and DenseNet121, the LPSR function
ranked second. When considering the overall average performance across all architectures,
PSR emerged as the top-performing function, followed by SiLU.

An important observation during experimentation was the occurrence of gradient
explosion in certain datasets when training the VGG-16 model. Notably, this issue did not
arise in ResNet-50, DenseNet121, or Vision Transformer. This behavior is likely attributed to
the absence of residual connections in VGG-16. Residual connections are known to facilitate
more stable gradient flow by introducing identity shortcuts, which help counteract both
gradient vanishing and explosion in deep networks. These shortcut pathways provide
direct routes for gradients during backpropagation, preventing the excessive amplification
or attenuation commonly encountered in deep architectures. As a result, the findings
suggest that the proposed activation functions demonstrate improved compatibility and
effectiveness when applied to more advanced network architectures that incorporate
residual learning mechanisms.

Table 7 presents the comparative rankings of the activation functions across the evalu-
ated model architectures. Both PSR and LPSR consistently achieved top ranks, with PSR
exhibiting a slight performance advantage in ResNet-50, VGG-16, and DenseNet121, while
LPSR led in the Vision Transformer model.

This preliminary analysis indicates that while the performance of most activation
functions is relatively close, the proposed PSR and LPSR variants demonstrate superior
results overall. To yield more conclusive findings, the next subsection introduces statistical
significance testing, followed by an analysis using attention-based feature maps to further
illustrate the advantages of the proposed activation strategies.
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5.2. Friedman Statistical Test

We performed the Friedman test [57] to investigate the statistical significance of the
performance differences among the activation functions. The null hypothesis Hy posits that
there is no difference in performance among all activation functions, while the alternative
hypothesis H4 suggests that a difference exists. The Friedman statistic is computed using
Formulas (32) and (33), as follows:

ZKAAl Tig
Ri=—"—— 2
= TR, (32)
T KK+ 1) = 4

where K4 is the number of activation functions being compared, Kj; is the number of
neural networks (or the number of datasets used to compare performance across different
datasets). In our study, K4 and Kj; are 9 and 4, respectively (since we have four datasets).
R; represents the average rank of the i-th activation function, and r;, is the rank of the i-th
activation function on the g-th neural network (or dataset). For each neural network (or
dataset), activation functions are ranked from 1 to 4, where rank 1 indicates the lowest
accuracy, and rank 4 indicates the highest accuracy. Tables 8 and 9 show the Friedman test
results at a significance level of 0.05, Bold numbers indicate the best ranking results. For
larger values of K4 and Ky, the Friedman statistic follows a chi-square distribution x?,
so we computed the x? values for both the neural networks and datasets. In this study,
the degrees of freedom are (Kjs — 1), where K), is the number of individual cases used
for performance evaluation. Therefore, the degrees of freedom for both neural networks
and datasets are 3. The calculated x2(,i;ica; Values for both the neural networks and
datasets are approximately 7.81. Since in both cases, the values is lower than the critical
X statistic, we reject the null hypothesis. Therefore, we conclude that the performance of
all four activation functions is significantly different. Furthermore, the higher rankings
and significant performance differences highlight the superiority of the proposed series of
activation functions. The average rank (R;) of PSR is the highest across all four activation
functions, across different neural networks and datasets, ultimately indicating that PSR
outperforms the current state-of-the-art activation functions. The properties of PSR, such
as periodicity, nonlinearity, non-monotonicity, and boundedness (both upper and lower
bounds), are similar to other activation functions. The only distinguishing feature of PSR is
that both the upper and lower bounds are positive. With this unique characteristic, PSR
consistently outperforms current state-of-the-art activation functions in nearly all scenarios.

Table 8. Results of Friedman test based on different neural networks.

S . Dataset Based i
Activation Function p° R, x?2 p-Value 'II—L}élt)(I){t(l;Selfllts
SiLU 6.25
ELU 3.5
EELU 5.0
ReLU 4.5
SERF 3.0 17.93 <0.05 Reject Hy
GELU 3.0
Mish 3.75
PSR 9.0
LPSR 7.0
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Table 9. Results of Friedman test based on different datasets.

Activation Function E::Sf%?ased x2 p-Value %%f%tgisllts
SiLU 6.25

ELU 3.75

EELU 4.75

ReLU 4.25

SERF 5.0 16.33 <0.05 Reject Hy
GELU 2.5

Mish 3.25

PSR 9.0

LPSR 6.25

Another observation from the Friedman test regards the generalization ability of PSR
performance. The x? value based on the neural network ranking is more significant than
that based on the dataset ranking. This is because the p value associated with the x? value
of 16.33 is 0.04, which, although significant, is not as strong because it is greater than 0.001
but less than 0.05. In contrast, the p value associated with the )(2 value of 17.93 is 0.02,
which is also significant, but similarly not as strong, as it is greater than 0.001 but less than
0.05. However, it is more significant than the results based on different datasets. The lower
p value indicates the consistency of PSR performance across different neural networks,
in other words, demonstrating its “generalization” ability. In contrast, the generalization
ability across different datasets is weaker compared to across different neural networks.

5.3. The Superior Performance of the Developed Activation Function

To better adapt to gradient-based optimization, it is crucial to avoid singularities. In
terms of smoothness and convergence, PSR outperforms other variants in terms of perfor-
mance. The smooth transition in the output space effectively demonstrates a smoother loss
landscape. As shown in Figure 3 and 4, we visualize the 2D attention heatmaps for the
classes “bird” and “deer” . Using Grad-CAM heatmaps [58], we present the attention dis-
tribution of the DenseNet121 model in the denseblock1 layer to evaluate the performance
of the model with nine different activation functions, indirectly reflecting the superiority
of activation functions in the model. The network architecture combining PSR and LPSR
in DenseNet121 stands out in classifying these two categories. Attention is primarily fo-
cused on the wings of the bird and the limbs of the deer, demonstrating the network’s
strong focus on target regions during classification, while the attention distribution for
other activation functions is more dispersed. A comparative overview of PSR’s functional
attributes relative to other activation functions is presented in Table 10, highlighting its
practical advantages in deep learning-based visual recognition tasks. Heatmaps serve not
only as evidence of accuracy but also as material for design critique and decision-making.
The development of visualization-based analytics dashboards enables designers to explore
how PSR/LPSR alters feature maps and Grad-CAM heatmaps [59]. Beyond visual tasks,
the sinusoidal periodicity of PSR can also act as a creative constraint for generative art and
animated surface treatments (e.g., loading indicators that reflect feature map oscillations).
Embedding model-driven rhythms into UI micro-interactions can reinforce the feedback
loop between underlying intelligence and perceived experience.
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Figure 3. Visualization of class activation maps for bird categories using DenseNet121 with different
activation functions: SiLU, ELU, EELU, ReLU, SERF, GELU, Mish, PSR, and LPSR.
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Figure 4. Visualization of class activation maps for deer categories using DenseNet121 with different
activation functions: SiLU, ELU, EELU, ReLU, SERF, GELU, Mish, PSR, and LPSR.

Table 10. Comparison of mathematical properties of activation functions.

Property SiLU ELU EELU ReLU SERF GELU Mish PSR LPSR
Nonlinear A Y L A S
Upper-bounded X X X X X X X v v
Lower-bounded v v v v v v v v v
Differentiable v v v X X v v X Ve
Non-monotonic v X v X v v v v v

6. Conclusions

In this work, we present two periodic activation functions—PSR and LPSR—that
satisfy key properties including nonlinearity, smoothness, differentiability, periodicity, and
non-monotonicity. Extensive experiments on diverse neural architectures and datasets
validate their effectiveness. Specifically, these functions were evaluated against standard
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activation functions using three convolutional networks, one attention-based model, four
benchmark datasets, and two large-scale datasets. PSR and LPSR consistently achieved
top performance on the standard datasets and maintained competitive results on larger
tasks. Although the differences among activation functions are generally subtle, careful
selection remains important for task-specific optimization. Notably, the proposed functions
demonstrated stable convergence and robust accuracy improvements across all tested
configurations, outperforming widely used counterparts in rank-based analyses.

However, results indicate that PSR and LPSR exhibit stronger generalization across
network types than across different datasets. Future work may explore tailored network
designs to enhance adaptability and ensure consistent generalization on a broader range
of tasks. Further research could also investigate how structural constraints influence
LPSR’s behavior. Extending these activations to additional domains—such as multimodal
learning, speech recognition, and time series analysis—offers a promising avenue for future
exploration. We contend PSR/LPSR enable real-time inference on metaverse platforms or
in cultural heritage tourism AR, where latency and visual fidelity are critical determinants
of user experience.
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