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An Efficient Sarcasm Detection in Audio Using
Parameter-Reduced Depthwise CNN
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Abstract—In this study, we implement a lightweight
CNN for sarcasm detection using audio input. To
achieve this goal, we propose DepthFire block. We
propose a lightweight version of the traditional
Depthwise convolution layer that focuses on
reduced memory. Unlike the traditional depthwise
convolution layer that focuses on reducing the
memory requirements of the entire architecture,
solution offers a specific and targeted
approach that specifically reduces the memory

our

requirements of the depthwise convolution layer
through parameter reduction.We evaluated the
impact of its energy consumption and the
performance of our pro- posed solution with other
existing solutions and on different activations,
pooling functions and datasets.We further tested
the applicability of the solution on 2D input.And
our solution obtained 82.98 percent model size
reduction as compared to MobileNetV2 and 58.94
percent as compared to MobileNetV3 small with a
energy reduction of 56.48 percent on CIFAR10
dataset.

Index Terms—Energy-Efficient CNN Design,
Lightweight CNN Design, Sarcastic Speech
Emotion Recognition, Deepfake-Detection,
Brain-Tumour Detection, Energy-Efficiency,
Reduce Training Time.

1 INTRODUCTION

Communication stands as a profound bridge that
connects living beings with the inanimate, intricately
weaving a tapestry of human existence through
emotions and understanding [1]. Its significance
extends beyond data transmission to encompass
deep human interactions and comprehension,
grappling with fundamental questions of why, how,
and what during data exchanges between entities [2].
In a world where machines are deeply integrated into
every facet of human life, the need to interpret
human emotions becomes increasingly critical [3].
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Consequently, automated emotion and sentiment
recognition have garnered significant attention [4].
Sarcasm, a nuanced facet of human emotion,
presents a formidable challenge for automated
emotion recognition systems [5]. Unlike more
straightforward sentiments, sarcasm relies heavily
on various factors, such as the speaker’s past
experiences, current sentiments or emotions, and
the contextual environment [6]. Moreover, the
listener’s ability to comprehend the intended
meaning further complicates sarcasm detection [7].
Sarcasm often serves as a means to perform critical
communication by making less impact on the
listener [8, 9]. However, the success of sarcasm as
a communicative approach hinges greatly on the
interplay between the speaker, the listener, and the
surrounding context [10, 11]. As technology
evolves[12], the ability to accurately detect sarcasm
through automated means becomes increasingly
vital for fostering seamless human-machine
interaction and advancing the development of
emotionally intelligent systems [13].However, the
current state-of-the-art predominantly applies to
digital communication and lacks research in direct
speech-only-based studies[14].

Deep Neural Networks (DNNs) have emerged as
powerful tools for processing various types of data,
such as images, videos, language, and speech [15—
18]. However, they are
computationally demanding during both training
and inference [19-22]. A significant portion of
these = computations
operations, which are fundamental in many DNN
architectures, especially convolutional neural
networks (CNNs) [23, 24]. As CNNs continue to
be widely used, finding ways to reduce the
computational cost associated with them remains a
crucial area of research [20]. The complexity of
convolutional operations scales with O(N 2 x K?)

known to be

involves  convolutional
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when applied to an

input of size N with a kernel size K [25-27]. The
growing number of convolutions [28]

and multiply-and-accumulate computations
(MAC) increases model size, leading to higher
demands on CPU and memory resources, thereby
extending device runtime [29, 30]. These
escalating resource requirements[31] not only slow
down computations but also increase energy
consumption, presenting significant challenges
during train- ing that involve intensive tensor
operations in both forward and backward passes
[32]. As a result, specialised hardware is
increasingly required to support these computa-
tions, leading to higher implementation costs [33].
Amidst the growing computational demands of
Multiply-and-Accumulate (MAC) operations in
conventional convolutional neural networks
(CNNs), researchers are exploring more efficient
alternatives to reduce the burden on hardware and
expedite training and inference times [23, 24, 34,
35]. These strategies involve various opti-
misations such as reducing the number of network
components like neurons, filters, and connections,
as well as optimising the size of convolution
kernels, down-sampling methods, and precision
adjustments for weights and activations [34, 36—
38]. Notable examples include EfficientNet, which
balances network depth, width, and resolution to
reduce complexity; GoogleNet, which focuses on
expanding network width; and MobileNet, which
implements depthwise separable convolutions to
streamline opera- tions. MobileNetV2 enhances
efficiency with inverted residuals and linear
bottlenecks, while MobileNetV3 further reduces
model size using Neural Architecture Search
(NAS) combined with depthwise convolution [39,
40]. Despite these advancements, achieving
successful and energy-efficient training on CPUs
and resource-constrained devices[41] remains
challenging due to significant computational
demands[42] and power require- ments [43, 44].
To address the challenges outlined above, this
paper introduces an energy-efficient  angly
lightweight convolutional neural network (CNN)
design that optimises depthwise con- volution
operations  through  multiply-and-accumulate
(MAC) reduction for sarcasm  detection
application.
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The following challenges were identified in the

application:

* Insufficient Dataset: Existing automatic sarcasm
detection models that rely on audio data often
utilise  datasets such as WITS [45],
MUSTARD [14], and MaSaC [46], which are
primarily designed for analysing the speech
through textual content extraction. However,
these models encounter difficulties in accurately
capturing the audio patterns associated [47]
with sarcasm. This challenge arises due to the
lack of a specialized dataset tailored specifically
for sarcasm detection from audio inputs [48].

* Limited Edge-Based Solutions: There is a
scarcity of edge-based solutions for sarcasm
detection based on CNN, which could facilitate
real-time processing and inference directly on
devices with limited computational resources
[49, 50].The absence of such solutions restricts
the practical deployment of sarcasm detection
systems in resource-constrained environments.

* Neglect of Energy Efficiency: With the
increasing concern over energy consumption

in deep learning models, particularly in resource-
constrained environments, there is a lack of
emphasis on developing sarcasm detection models
that prioritize energy efficiency [51, 52].

For this study, we consider the following research
questions:

* How can depthwise convolutions be optimized
to reduce the memory footprint of CNN while
maintaining  or  reducing the  energy
consumption of CNN model on CPU-based
systems?

* How does the energy efficiency of depthwise
convolutional models vary across dif-

ferent datasets, and what insights can be gained

to optimize their performance for specific use

cases, such as audio sarcasm detection, while
maintaining energy efficiency on CPU-based
devices?

* How does the utilization of depthwise
convolution impact the  efficacy and
performance of varying activation functions and
pooling layers in neural network architectures?

The remainder of this research paper is organized

as follows: In Section II, we review the existing
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works of literature. Section III discusses the
problem statement, and Section IV discusses our
dataset creation. Section V discusses the
proposed system, and Section VI discusses the
results and experiments.

2 RELATED WORK

2.1 Sarcasm detection

In the current state-of-the-art, automatic sarcasm
detection can be broadly categorised into text-based
approaches, image-based approaches [53], and audio-
based approaches. For the first approach,
researchers have wused algorithms like support
vector machines (SVM), naive bayes, and deep
learning like CNN and Long short-term memory
(LSTM) to detect sarcasm from tweets and news
headlines. The recent work published in 2024

[54] proposed a hybrid deep learning approach for
sarcasm detection in Arabic, lever- aging fine-
tuning three  pre-trained transformer-based
language models (LM). Another work [55]
proposed a GRU-CAP for product feature sarcasm
analysis based on online reviews. Another work
[56] Quantum Fuzzy Neural
Network (QFNN) for sentiment and sarcasm
detection in social media. However, the current

introduced the

state of the art necessitates that users communicate
through digital mediums, which is hence not
suitable for real-time detection.

In the second approach, researchers have used
emojis, images encapsulated with text. In both
scenarios, identified through the
concept of contradiction between the text context
and the image-occurrence context. Some of the
recent works

sarcasm is

[57] proposed gate mechanisms and guide
attention for image-text sarcasm iden- tification.
Another work [58] proposed BERT and
ResNet to detect sarcasm from  text-
image.Another work [59] proposed a bi-directional
GRU to detect sarcasm using emoji. However, the
current state of the art, which predominantly employs
images for sarcasm detection, requires users to
supplement these images with text. Therefore,
these approaches are solely applicable to digital
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communication.

In the third approach, researchers have utilised
audio combined with text and video combined
with text to identify sarcasm utilising audio
modality. The work [45] pro- posed a
hierarchical attention module; they converted
audio to text for detection. Another work
[60]proposed combining mBART with GCN for
detecting sarcasm from text converted from
audio.Another work [14] included audio as one of the
inputs com- bined with video and text to identify
sarcasm. Another work [61] combined ViFi-
CLIP and Wav2vec2 for BART for sarcasm
While these
solutions can be utilised in real-time contexts,

identification from audio-video-text.

their operation relies heavily on mul- tiple
modalities of data for decision-making, leading to
the need for multiple models for preprocessing and
training. Making them incompatible with resource-
and power- constrained devices.

And to solve this issue of data overloading,
researchers have utilised unimodal solu- tions for
sarcasm detection [62, 63]. Table 1 summarises the
unimodal works from 2011-2024, chronologically
arranged, gathered from SCI-indexed journals of
ACM, IEEE, Elsevier, and Springer. Table 1
shows that there is a lack of audio-based uni-
modal sarcasm detection applications that are
energy-efficient and compatible with resource-
constrained devices.

2.2 Existing

reduction strategies
Multiplying
important operation in a deep learning algorithm

multiply-and-accumulate

and accumulating is the most
[101]. However, this operation requires huge
resources. Which includes the expensive memory
and CPU time [102]. As the number of operations
increases, so does the consumption of resources
[103, 104]. In the current state-of-the-art, MAC
reduction techniques can be broadly classified into
hardware-based and software-based approaches.
For the first approach, researchers have utilised
architectures like Non-von Neumann, the design of
specialised accelerators, and approximate MAC
unit design. Here we discuss some of the recent
works. The work [105] proposed twofold sparsity,
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Table 1 Comparison of Unimodal-Sarcasm Detection Algorithms from the year 2011-2024. Here
[U] represents considered input, and [A] represents accuracy above 80%.

S.No. [U] Algorithm [A] Dataset
[64] | Text Naive Bayes classifier 'Yes IAC
[65] | Text [Naive Bayes+SVM+Maximum Entropy|Yes Amazon, Twitter, Sina Weibo
[57] | Text Gate mechanism+Guide attention Yes Twitter
[64] | Text Naive Bayes classifier No IAC
[66] | Text SVM 'Yes Twitter
[67] | Text Na“ive Bayes + fuzzy clustering 'Yes Twitter
[68] | Text | Naive Bayes classifier+Vader classifier |No STSG, SSTb
[69] | Text MLP+Guassian Naive Bayes 'Yes Twitter
[70] | Text Context Aware CNN 'Yes Twitter
[71] | Text LSTM Yes TACv2, Reddit, Twitter
[72] | Image CNN+fuzzy inference system No COGNIMUSE
[73] | Text CNN 'Yes Twitter
[74] | Text CNN+Local Max pooling Yes| Twitter, IAC
[75] | Text SVM Yes| Twitter
[76] | Text BiLSTM+Attention layer Yes IAC
[77] | Text Softmax attention layer BiLSTM 'Yes Twitter
[78] | Text RoBERTa+BiLSTM 'Yes SemEval-2018
[46] | Text Hierarchical Attention Network 'Yes MaSaC
[79] | Text Pre-trained COMET model No Twitter, Reddit
[80] | Image incongruity-aware attention network  [Yes MUStARD
(IWAN)
[81] | Text Google BERT No Twitter
[82] | Text Bi-LSTM+GloVe 'Yes TAC-v2, Twitter
[83] | Text ViT+BERT+GCN 'Yes Twitter
[84] | Text GRU+ ELMo No IMDb, SSTb, SemEval, STSG
[85] | Text Pre-trained AIBERToIS 'Yes IronITA
[86] | Image Context Aware CNN 'Yes Twitter
[87] | Text BiGRU+Attention+convolution 'Yes Twitter
[88] | Text SVM+LSTM 'Yes Sarc-H
[89] | Image Bi-GRU+Attention module 'Yes GuanSarcasm
[13] | Text SVM+PSO 'Yes| News headlines dataset
[86] | Text Dual Channel CNN 'Yes Twitter, Reddit
[90] | Text BiLSTM+Attention layer 'Yes IAC
[58] | Image BERT Yes Twitter and Reddit
[91] | Text CNN+LSTM Yes| Sarc-H
[92] | Text BiLSTM+GCN 'Yes Twitter, Reddit, IAC
[93] | Text ViT+BERT Yes IMDB
[94] | Text BERT+Attention module 'Yes IAC
[95] | Text GT-BiCNet+ALABer®® Yes Twitter
[96] | Text CNN+BiLSTM+BERT Yes Twitter, Reddit
[97] | Text Encode+LSTM+CNN No MELD, MEISD, and MSED
[98] | Image Mobilenetv3 'Yes Webscraped data from web
[99] | Text LSTM+BERT 'Yes Twitter
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[54] | Text BERT+DNN 'Yes ArSarcasm
[100] | Text | Transformer encoder+Gating Network |No MUStARD, Memotion
[? ]| Text Bipolar semantic attention No Twitter

Fig. 1 Time-Critical Sarcasm Detection Architecture

a technique aimed at sparsifying deep learning
models for energy-efficient computa- tions on edge
devices [106]utilising compute-in-memory (CIM)
architecture. Through joint bit- and network-level
sparsity during training and the use of Linear
Feedback Shift Register (LFSR) masks. Another
work [107] introduces mem-resonators, com-
bining metal-oxide memristors with microring
resonators, for in-memory photonic computing.
Another work [108] proposed a CANET
framework for deploying quan- tized neural
networks on resource-constrained platforms,
enabling MAC  operations with  8-bit
accumulators. Another work [109] proposed an
IMC macro based on tom 9T-
SRAM.Another work [110] proposed a recurrent
neural network accelerator optimised for low-
power edge sensor nodes. It utilises 8-bit
quantization and hard sigmoid activation to reduce
memory and resource requirements. However, these
tech- niques are hardware-based and come with a
series of issues with upgrading, and most of the
solutions are tailored for a single type of
application and do not support multi- domain. In
the second approach, researchers have utilised
pruning, quantization, and knowledge distillation
and replaced with  less-cost
operations. The [111] proposed framework includes

cus-

convolution
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server-side forward pass quantization and meta-
learning, along with client-side backward pass
quantization and gradient pruning. Another work
[112] proposed a post-training quantization
framework utilising coarse and fine weight
splitting (CFWS). Another work [113] proposed a
1-D fully convolutional network architecture with
depth-wise separable convolution (DSC) combined
with atrous spa- tial pyramid pooling (ASPP)
modules for efficient PPG artefact detection.
Another work proposed [114] a federated learning
framework leveraging spiking neural net- works
for recognition.However, the
software-based works in this section are either
CPU-on-edge device supported or energy- and
performance-efficient, but not both.

radar gesture

2.3 Depthwise convolution

Depthwise convolution is a type of convolutional
operation that, unlike the convolu- tion that
operates on the entire input volume with a single
filter, operates separately on each input channel,
reducing the computational cost [115]. The
depthwise con- volution operation is generally
found in two different perspectives in the
literature. The first one is a replacement, where the
computationally intensive convolution is directly
replaced with depthwise operations. And the
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second one is optimising the depthwise
convolution. In the first approach, researchers
have considered design- ing lightweight deep
learning solutions by replacing the existing
convolutions with depthwise convolutions (DC).
Work such as [116] proposed Dynamic Residual
Con- volution (DRConv) by inserting 3x3
depthwise convolution between two 1x1 layers

in the architecture. Another work [117] proposed a
temporal depthwise convolutional

transformer (TDCT). The model utilised DC
with  the  self-attention  mechanism  of
transformers. Another work [118] proposed multi-
class cancer classification, integrat- ing depthwise
convolutional networks with transformer
architecture. Another work

[119] proposed integrating depthwise separable
convolutional blocks along with a sim- plified
MobileNet V3 network. However, these models do
not guarantee to reduce the parameters that fit a
resource-constrained device.

In the second approach, researchers have optimised
depthwise convolution opera- tions. Work [120]
proposed a depthwise separable convolutional
computing-in-memory (CIM) solution for edge Al
applications by leveraging channel-wise parallel
compu- tation. Another work [121] proposed
finger vein recognition, utilising the residual
pyramid-based depthwise separable MobileNetV3
(PyDS-MV3) technique to accu- rately identify

finger veins. However, this work has not focused
on parameter reduction in the layer. Another work
[122] proposes RiSA, a DNN accelerator design
aimed at enhancing PE utilisation for depthwise
convolutions on systolic arrays through 1D PE
chaining. However, the existing works in
depthwise convolution have either focused on
parameter reduction of the convolution operation or
are being implemented as a hard- ware solution to
accelerate the application through parallelization.
There is a lack of research on reducing the MAC
and parameters of depthwise convolution.

3 PROPOSED SYSTEM

3.1 Problem Statement

In the context of binary audio sarcasm
classification, our goal was to create an energy-
efficient model by optimising the architecture of a
depthwise convolutional neu- ral network. This
involved reducing parameters and minimising
multiply-accumulate  (MAC)  operations  to
decrease energy consumption during training on a
CPU-based system. The existing depthwise
convolution layer is represented as:

Input volume: Wi, 2 Hin % Din (width, height, depth])
Filter size: F x F (assuming square filter)

Stride: 5

Padding: P

Fig. 2 Abstract representation of DepthFire Block for depthwise convolution parameter reduction
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The output volume dimensions are calculated as
follows:

1

"Din+2P -F’
= - — %
S (1)

Output size: Wy =

Output size: W
Depth: Dout = Din

The number of parameters in a depth wise
convolutional layer is given by:
Oaw : F X Din X 1 (2)

Let T represent the total time duration of the
audio signals in the dataset, MAC(t) denote the
MAC operations at time t, and 6(t) signify the
number of parameters in the model at time t. We
formulate the problem as follows:
i i
E()=  MAC(Baw, t) dt (3)
0
And our goal is to Minimize:E(0) for the task
by reducing the parameters of the depthwise
convolutional layer.

CONVXD N

RELU | DEPTHWISE CONVXD |

MAXPOOLOD | DEPTHWISE CONVXD

BATCH NORMALIZATION RELU

DEPTHFIRE BLOCK | | R NN

DEPTHWISE CONVXD

|

3 Faounas

LSTM BLOCK

DENSE LAYER

Fig. 3 Network architecture with DepthFire
for binary sarcastic audio classifier with single
epoch

3.2 Dataset Creation

CONVED

RELU

MAXPOOL[X)D

BATCH NORMALIZATION

(MN)

CEPTHWISE CORVED

LSTM BLOCK

DENSE LAYER

Fig. 4 Network archi- tecture without Depth-
Fire block

As of best of our knowledge, there is no specific dataset available for audio only classification. Therefore, we
gathered datasets from online sources.We extracted audi® files from YouTube videos labeled as sarcastic. The

algorithm used for this task is detailed below:
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Algorithm 1: YouTube Audio Downloader

Data: topic

Result: Download or extract audio files from YouTube links

scrape youtube links(topic);

foreach link in YouTube links do

Extract Audio from YouTube video using youtube di_

Save the downloaded audio file;
emnd

Here we considered the following web series found
on YouTube, which are labelled as sarcastic. The
series is as follows: Friends, Bing Bang Theory
(2007), and Sarcamo- holics. And then we
extracted the audio files as wav-type files. Here,
we succeeded in collecting 101 files from the
web after multiple loops. For training the model
for

non-sarcastic audio identification, we considered
the CREMA-D dataset[123]. To the best of our
understanding,our analysis of the CREMA-D
dataset did not uncover any audio files containing
sarcasm. We examined the presence of words
ending with long syllables [7] and could find no
instances of sarcasm.

3.3 Data-preprocessing and training
Supervised learning was applied to develop our
classification model using a dataset comprising
7,448 samples of sarcastic and non-sarcastic audio.
The data was divided into a 75:25 ratio for training
and testing purposes, respectively. Output labels
were  encoded  using encoding,
representing the two classes: sarcastic and non-
sarcastic. To capture relevant speech features, we
extracted MFCC, ZCR, spectral centroid, roll-off,
bandwidth, and Mel-frequency cepstral delta
coefficients using the Python-based Librosa
library, following established methodologies from
prior studies [124-126]. Subsequently, we
implemented a CNN-based architecture (refer to
Figure 3) for model training. Further details about
the network architecture are provided in the
subsequent discussion.

3.4 Proposed Architecture

one-hot

60(
3.4.1 Time-Critical prediction of sarcasm

According to our study, we assessed that sarcasm
is time-dependent, meaning that a sarcastic
message ‘M’ changes its nature over time. A
message deemed sarcastic at time ’t” may not retain

IJIRT 181810

its sarcasm at time ’t+1° due to a change in the
state of mind of the speaker and listener. To
address this, we introduced a time-critical sarcasm
detection model. In this model, we incorporated a
priority queue where messages were assigned
higher priority based on their earliest timestamp.
This approach was mathematically formulated as
follows:

Message representation:

* M(t): Represents the message at time t.

Priority degradation:

* Priority(M(t), t): Defines the priority level
assigned to message M(t) at time t.

* Priority(M(t), t) decreases over time t.
Priority in this case is represented as :

Priority(M(t), t) = f(t)(4)

Where f(t): A  function representing the

degradation of message priority over time.

Capability to convey sarcasm:

* Capability(M(t), t): Represents the capability of
the model to capture message M(t) that convey
sarcasm at time t.

* The capability to  capture  sarcasm,
Capability(M(t), t), is influenced by the
priority level of the message.

And capability to capture sarcasm by the message

M is represented as:

Capability(M(t), t) = g(Priority(M(t), t)) (5)

Where g(-): A function mapping the priority level
of the message to its capability to convey sarcasm.
The goal was to enhance the deep learning model’s
ability to detect sarcastic mes- sages, prioritising
those with higher urgency levels. Therefore, we
defined the objective function as follows:
Maximize Capability(M(t), t)

Following classification, a FIFO queue was
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utilised to retain the data for future reference.

Algorithm 2: Time-critical allocation of sarcastic message to FIFO gueue

Imput: Q[n]: Size of FIFD queus, rear

Imput: sarcasm audio: Sarcastic audio mes=zage to be engueued

if *rear’= size of Q@ — 1 then

for § from 1 to n do
if priority{g:;] = 0 then

end
end

end
else

priority(g) — priority{g:) — 1;

Engueue sarcasm_audio into ) with highest priority;

Q — [sarcasm _audiclqi. gz .... 9all;
Decrease the priority of existing messages in (;

Dequeus the message at index q; from Q;

| Dequeue the oldest message (Mmessage with least priority) from Q;

end

The detailed algorithm outlining this process is provided below. The architecture of the binary audio sarcasm
detection system, employing the proposed CNN model, is depicted in Figure 1. Algorithm 3 outlines the

procedure for time-based sarcasm prediction.

Algorithm 3: DegthFire Block for Degthwisse Conwvolution parameter reduction

Data: =, 5, p, state

Result: Output tensor representing the concatenation of expanded features

procedure EIBEBLOCK(x, S5, p):
if state == "Training” then

Equeezed — ConuXDix S):

if p = proreshos then

else

expanded_1x1 — x
expanded -3x3 — x
end

else

end

Bahceshbey, — Randomly sample from {0, 1) ;

expanded_1x1 +— DepthwiseConwdDisqueezed);
expanded_3x3 — DepthwiscConviDisqueezed);

[= Skip the layer;
[= Skip the layer;

expanded -1x1 — DepthwizseCanviRisqueezed];
expanded-3x3 — DepthwizeCanviRi{squeezed);

output — concatenate{[expanded 1xl, expanded 3x3])

return output
end procedure

3.4.2 Proposed approach for depthwise
convolution parameter reduction

In this study, we introduced the DepthFire block to

reduce the parameters associated with depthwise

convolutions within the network. Our inspiration

stemmed from the Squeezenet architecture, which

initially focused on reducing input dimensionality

IJIRT 181810

60!

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

using fire-and-excite blocks. The original
Squeezenet model applied parameter reduction to
the entire CNN but did not specifically address
parameter reduction for depthwise convolutions.
To address this gap, we proposed the DepthFire
block to precede the depthwise convolution,

thereby reducing the complexity of both the
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depthwise con- volution and the overall CNN
model. Our approach involved dynamically
adjusting the number of depthwise convolutions
based on a control factor P, enabling flexi- ble
network complexity adjustments. Figure 1
illustrates a three-layer architecture incorporating
the proposed DepthFire block. DepthFire block As
shown in Fig.3, the proposed model performs a
dual depthwise convolution. Where the depth of the
depth- wise convolution is controlled by a control
factor P to perform computation without increasing
the computation burden. Then two depthwise
convolutions are concate- nated, and the final
output is passed to the depthwise layer in the
network. Algorithm 3 illustrates the entire process
of parameter reduction of the depthwise
convolution

process in Fig.2. Let I € R”*" *Ci denote an
input feature map produced by L,,—1,

and (M, N) denote the output from the layer L,-i.
This layer is assumed to be placed just before the
proposed block. We feed (M, N) into the”
depthfire” block, which con- sists of a
convolutional layer with X dimension followed by
a depthwise convolution with X dimension, as
shown in Fig.2. Here, M denotes the output size
from the layer, and N denotes the number of
channels or feature maps in the output. For each
layer, we compute M as follows:

Input Size — Kernel Size + 2 ¥ Padding
M=
Stride

+1 (7)

And N denotes the number of filters and
estimated number of feature map.And the number
of parameters in each layer is computed as:

Number of Parameters = kernel Size x input
channel+ output channel X Num filters (8)

In contrast to the depicted scenario in Fig.4, where
the output from the preceding layer of size (M,N)
is directly fed into the depthwise convolution, we
modified the size of N according to the princippfp‘
of the depthwise convolution layer resulting in N .
In this configuration, each filter operates
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independently on each input channel, ensuring that
the input and output channels are of equal size. In
this configuration, the feature maps produced by
the depthwise layers are concatenated along the
channel dimension to form the final output feature
map for the depthwise convolution layer within the
network. The depthwise convolution operation
preserves the spatial dimensions HxW

of the input feature map. Within the “depthfire”
block, each dimension X contains

two separate branches of depthwise convolution
layers, each with a X x X kernel size controlled by
a factor P. A higher value of P leads to a
reduction in parameters. Overall, our “depthfire”
block effectively reduces the number of parameters
of the deep convolutional layer within the network.
Furthermore, as shown above, this leads to a
reduction in the number of MAC operations since
there are fewer input channels for the subsequent
layer.

4 EXPERIMENTS AND RESULTS

To Validate the proposed lightweight-based sarcasm
detection we conducted various tests. And
furthermore, to validate our proposed method
depthFire, we set up an experimental platform and
conducted different tests using different datasets. Our
net- work model was compared against others to
assess its effectiveness. Additionally, we studied the
impact of depthwise convolution size on the
pooling layer and activation functions to verify
classification accuracy and compression effects
using a control fac- tor P. These experiments
were performed on a computer equipped with an
AMD Ryzen CPU running at 1965.9 MHz and a
Radeon graphics card, as well as on the Google
Cloud CPU and Amazon Sagemaker CPU
platforms. Energy consumption was measured
using pyRAPL, a software toolkit that estimates
power consumption dur- ing Python code
execution, utilising Intel’s ’Running Average
Power Limit’ (RAPL) technology. The following
sub-sections discuss the experiments conducted in
detail.
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4.1
To showcase the performance of our proposed
model, as depicted in Fig. 3, we conducted a
comparison with other networks and demonstrated

Sarcastic audio classifier

their classification accuracy using a custom-created
YouTube fetched dataset. We compared the
proposed model with CNN [127], CNN+LSTM
[128], CNN+L1, CNN+L2, and CNN+Dropout
[129].Table 4 illustrates that our proposed network
model exhibits higher accuracy with a lesser

number of parameters on the custom dataset.
Moreover, our model achieves this high accuracy
while reducing the number of network parameters
relative to these other models. To validate our
study, we performed Validation using Sklearn
library and K-cross Validation. Figures 5,7,6, 9, 8
illustrate the accuracy and loss related to training
and validation respectively.And Figure 10 and 11
show the confu- sion matrix related to the model
for train and test ratios 50:50 and 75:25 ratio.

Table 2 Comparison of Sarcasm Detection Methods with the proposed method

Method Accuracy Parameter User Time System Wall Time
LSTM+MFCC [130] 0.3763 384.96 KB 4min 45s 18.1s Smin 21s
XceptiontMFCC [131] 0.9996 6.01 MB 38min 6s 9min 18s 53min 26s
LSTM+RNN+MFCC 0.9989 1.34 MB Smin 7s 2min 18s 9min 56s

[132]
CNN+Dropout [129] 0.796 53.97 M. 24.6 s 234 s 269 s
CNN+LSTM [127] 0.7929 172.94 KB 1h 5min 47s 12min 23s 4min 9s
CNN+L2+MFCC+ZCR 0.99 53.97 MB 19h 22min 3s 2h 59min 45s | 6h 5min 42s
CNN+L1+MFCC+ZCR 0.926 53.97 MB 19h 33min 45s 3h 6min 46s 6h 20min
Proposed 99.8586 185.95 KB 40min 53s 30min 55s Imin 42s
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4.2 Pruning and quantization algorithms

To assess our model’s computational requirements
and compare them with alternative techniques, we
conducted a benchmarking study focusing on
floating-point operations (FLOPs) and multiply-
and-accumulate  computation (MAC). This
evaluation involved pruning and quantization
techniques applied to our model on the MNIST
dataset, tested on the Google Cloud CPU and
Amazon SageMaker CPU platforms to test it
adaptability on different platforms. We compared
various pruning methods, including channel
pruning, neuron pruning, magnitude-based weight
pruning, sparsity of filter pruning, and floatl6
model weight quantization.

For the experiments, we used the network
architecture depicted in Fig. 3, adapting it for
MNIST by removing the LSTM layer due to the
absence of time-varying inputs in this dataset.
Figure 12 presents the results of these experiments
conducted on MNIST. Our findings indicated that
the model size remains independent of FLOPs, and
metrics such as system time, CPU time, and wall
time vary with changes in model size and
parameters for a constant FLOP count. Notably,
the model and parameter sizes were consistent
across both cloud platforms, with similar FLOPs
observed. From this study, we conclude that in
deep learning, the FLOP count is not directly
correlated with execution time or model size.
Figure 12 illustrates these metrics, where
accuracy is scaled to 107 and parameters to 102.

4.3 Different control factors p and
activation functions
This study examined the influence of the control
factor P on squeeze filters to adjust the depth of
the depthwise convolution layer, impacting
parameters, classification accuracy, model size,
and energy consumption. Previous experiments
demonstrated the effectiveness of our model
with the Rectified Linear Unit (ReLU) activation
function. To further investigate its versatility

with different nonlinearities regarding energyy

consumption and model size, we compared
network performance across vari- ous P values,
squeeze filter sizes, and activation functions

IJIRT 181810

using the MNIST datasets. These experiments
were performed on an AMD Ryzen 5 CPU using
PyRAPL.

4.3.1 Different activation functions

Here we tested on MNIST dataset.Figures 14
and 13 demonstrate the changes in
classification accuracy and energy consumption
across various activation func- tions, including
Rectified Linear Unit (RELU), Gaussian Error
Linear Unit (GELU), Parametric Rectified
Linear Unit (PRELU), Softmax Function,
Hyperbolic Tangent, Sigmoid, and Swish.
Notably, at P = 0.5, PRELU, Softmax, and
GELU exhibited a substantial increase in energy
usage, whereas Swish and Sigmoid displayed an
oppo- site trend. Swish showed the highest
energy consumption at P = 0, contrasting with
the minimal usage observed with PRELU.
Sigmoid exhibited maximum energy con-
sumption at P = 0.1, whereas PRELU
demonstrated the lowest.

Throughout various P  values, PRELU
consistently maintained minimal energy usage,
while other activation functions exhibited
fluctuating patterns. For instance, at P = 0.2,
PRELU’s energy consumption was minimal,
while Sigmoid reached its peak.

Similarly, Softmax recorded the highest
consumption at P = 0.8, contrasting with
PRELU’s minimal usage.Despite variations in energy
usage among different activation functions and
control factors P, the model’s accuracy
remained robust and consis- tently high across all
P values. Additionally, the floating-point
operations per second (FLOPS) decreased notably
after reaching P = 0.2. Interestingly, regardless of
changes in the activation function, the model
exhibited similar patterns in FLOPS reduction,
indicating that FLOPS are independent of the type
of activation function used.In con- clusion,
decreasing the control factor P significantly
impacted both the model size and FLOPS, with
notable reductions observed beyond P = 0.3.
Furthermore, the type of activation function did
not significantly influence the observed patterns
in FLOPS reduction.
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Table 3 Comparison of parameters and trainable parameters on

proposed system

Deepfake application with the

Model CPU|Wall| Syste |Size(MB |Parameter|Trainable| Non- Energy |Accurac
Tim|Tim| m ) S Trainabl y
e e | Time e
Efficient Net BO|1min|(36.5s| 4.38s 15.45 4,049,564 4,007,548 | 42,016 | 688,382,629 | 82.75
11s
Efficient Net B1|1min|57.9s| 5.01s | 25.08 |6,575,239|6,513,184| 62,055 |964,852,553 75
43s
Efficient Net B2|1min|58.9s| 3.32s | 29.63 |7,768,569|7,700,994| 67,575 |990,106,344 | 93.75
45s
Efficient Net B3 |[2min|1lmin| 159s | 41.14 |10,783,535/10,696,23| 87,303 |1,239,961,80 75
16s | 7s 2 0
Efficient Net B4 |3min|1lmin| 21.1s | 67.42 |17,673,823|17,548,61| 125,207 |1,540,665,73| 56.25
16s 6 2
Mobilenet 38.45|20.7s| 1.81s 12.32  |3,228,864 (3,206,976| 21,888 |410,928,578 | 87.5
MobilenetV2 |45.6s|23.3s| 3.76s 8.61 2,257,984 (2,223,872 | 34,112 | 480,443,660 | 93.75
MobilenetV3smal| 22s |18.8s| 1.68s 3.58 939,120 | 927,008 | 12,112 |363,737,507 | 81.25
1
DepthFire 21.5s| 4.9s | 924ms 1.47 384,469 | 384,469 0 122,099,811 50
Xception 2min|43.6s| 9.21s | 79.58 [20,861,480|20,806,95| 54,528 |899,581,775| 87.5
2s 2
VGG16 2min| 33s | 9.66s | 56.13 |14,714,688|14,714,68 0 880,246,623 50
45s 8
VGG19 3min| 37s | 10s 76.39 [20,024,384|20,024,38 0 891,479,243 | 43.75
5s 4
RESNETS50 [2min(42.2s| 4.9s 89.98 [23,587,712|23,534,59| 53,120 | 884,315,016 50
19s 2
REsnet101 3min|lmin| 10.2s | 162.73 |42,658,176|42,552,83| 105,344 |1,604,059,93| 62.5
33s | 42s 2 0
NASnetMobile [2min|lmin| 3.82s 16.29 4,269,716 4,232,978 | 36,738 |1,577,686,47| 87.5
Is | 35s 7
4.3.2 Different squeeze filter decrease in the number of parameters in the
Here we experimented on the MNIST depthwise convolution layer as P increased from

dataset.Figures 15 and 16 present the results of
our study, where we evaluated different squeeze
filter configurations (8, 16, 32, 64, 128, and 256).
Notably, the configuration with 8 filters exhibited
the energy while the
configuration with 256 filters consistently showed
the highest energy consumption across all P
values. Specifically, at P 0.5, the energy
consump- tion was maximised, whereas it was
minimised at P = 0, P = 0.1, and P = 0.4.Figure
16 highlights that the depthwise convolution layer
demonstrated the lowest energy consumption
when P 1. Additionally, there was a notable

lowest consumption,
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0.6 to 1.

In summary, as P approached 1, the number of
parameters in the depthwise convolution layer
decreased, but the energy consumption increased.
4.3.3 Testing with CIFAR10

The results obtained from previous sections
demonstrated good performance of the proposed
network on the MNIST dataset. To explore the
transferability of our model, we conducted an
analysis on the CIFAR-10 dataset, as depicted in
Fig. 17. We pared the depthwise
convolution parameters with CPU, system, and
wall time to

com-
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Models

Fig. 18 Comparison of energy consumption
for Deepfake detection application with the
proposed system

Fig. 19 Comparison of accuracy across dif-
ferent neural network Configurations with
Max, Average Pooling and different activation
functions on RAVDESS and CREMA-D with
and without DepthFire

assess the adaptability of our model with larger
datasets in terms of time efficiency. Specifically,
CPU time represents the duration during which the
processing (CPU)
instructions for a given task, reflecting the actual
computational workload. System time, also known
as kernel time, encompasses the period in which
the CPU executes kernel-level instructions on

central unit executes

behalf of the operating system, includ- ing system
calls and interrupts. Wall time, or real-time elapsed
time, indicates the total duration from the start to
the completion of a task.

In our study, we observed that the sigmoid
activation function exhibited the lowest CPU,
wall, and system times at P = 0 , with these
values increasing as P increased. Conversely,
Swish demonstrated the lowest CPU time at P =
0.5, and a comparable minimum was observed in
wall time at the same P, while the system time
minimum occurred at P = 0.1. For Softmax,
the CPU time was minimized at P = 0.2 and
P = 0.3, while the system time reached its
minimum at P = 0.3. PRELU showed the lowest
CPU time at P = 1.0, with the minimum wall
time observed at P = 0.2 and the system time at
P = 0.3. The Tanh activation function exhibited
a pattern similar to Sigmoid in terms of time

efficiency.
4.4 Result on other binary classification
task
4.4.1 Binary Video classification-Deepfake
detection

To assess the adaptability of our model to a
different binary task within a distinct domain, we
focused on deep-fake detection, a critical societal
concern due to the escalating risks associated with
deep-fake technology. We utilised the deepfake
dataset from Kaggle for this study, conducting
experiments the AMD Ryzen CPU. We
evaluated 18 pre-trained models, as detailed in
Table 3. Our findings demonstrated that our
proposed system surpassed others in terms of
energy efficiency and model size, as depicted in
Figure 18.

on

Table 4 Evaluation of DepthFire on Brain Tumour Dataset

Model Parameter CPU Wall| Syste |Mode| Accurac | Trainabl| Non- | FLOP
s Tim Time m |1 Size y e Trainabl |S (GB)
e Time S
CNN 4619524 1h lh | 10min | 17.62 | 0.9445 | 4619524 0 1.02
42min| 17mi| 42s MB
1s |n 11s| g0
DepthFire 1110772 |42min|33mi| 9min | 4.24 0.9269 1110772 0 0.664
57s |n 26s| 10s MB
EfficientNetBO 9293735 1h l1h |[3min 6s|35.45| 0.9498 | 9251712 42023 0.268
37min| 6min MB
IJIRT 181810 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6015
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26s | 21s
EfficientNetB1 11819403 2h 1h | 3min [45.09| 0.9522 | 11757348 62055 0.3914
22min|32mi| 30s MB
46s |n 44s
EfficientNetB2 13537021 [43min|30mi| 3min |51.64 | 0.9638 | 13469446 | 67575 0.451
24s |n 13s| 29s MB
EfficientNetB3 17076275 |58min|42mi| 6min | 65.14 | 0.9458 | 16988972 | 87303 0.6541
45s |n 16s| 52s MB
EfficientNetB4 | 25015139 1h |[57mi| 13min | 95.43 0.949 24889932 | 125207 1.014
18min|n 41s| 45s MB
36s
EfficientNetB5 36903419 1h 1h | 9min [140.78| 0.9541 |36730676 | 172743 1.5822
57min|20mi| 17s MB
26s |n 51s
EfficientNetB6 50398611 |3min |4min| 32s [192.26] 0.9471 |50174172| 224439 2.24
34s | 46s MB
EfficientNetV2B | 11163476 [26min|17mi| 1min |42.59| 0.9393 11102868 60608 0.4839
0 53s |n 46s MB
EfficientNetV2B | 12175288 |35min|23mi| Imin |46.45| 0.9281 12104216 | 71072 0.67973
1 39s |n 30s| 43s MB
EfficientNetV2B | 14537826 [40min|26mi| Imin |55.46 | 09272 | 14455538 82288 0.7814
2 11s 'n43s| 44s MB
SqueeezeNet 1236952 |16min| 1 Imi |lmin 8s| 4.03 0.6351 1236952 0 0.609
35s |n 33s MB

4.5 Result on multiclass classifier

Our experimental results have shown that the
proposed solution is well suited for a binary
classifier for performing energy-efficient CPU-on-
device training. To assess the suitability of our
proposed solution for multiclass classification
tasks, we conducted tests in two different domains:
audio and image.

4.5.1 Multiclass audio emotion detection

In this study, we explored the impact of filter size
variation and different activation functions on the
RAVDESS and CREMA-D datasets to analyse the
effects of these parameter settings on the accuracy
and energy consumption of CNNs. Adjusting the
filter size influences the number of parameters,
which in turn affects classification accuracy, model
size, and energy usage.

Experiments were conducted on the AMD Ryzen 5
CPU using the TensorFlow frame- work,
manipulating the filter size of convolutional filters
to produce models with parameter counts of 0.9M,
0.2M, and 0.06M, as illustrated in the network
architecture diagram (Fig. 3). The architecture
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details are further outlined in Table ??, revealing
that while the proposed DepthFire module with
varying activation functions and a fixed kernel
size maintained consistent model size and
parameter counts across archi- tectures, there were
notable variations in CPU time, wall time, system
time, accuracy, and energy consumption.Results
depicted in Fig. 19 and Fig. 20 suggest that within
the same architecture, model size remains constant,
with accuracy and energy
consumption attributed to differing operations

performed. Consequently, we conclude from this

variations in

section that activation functions influence
execution time, accu- racy, and energy
consumption in deep learning  models

independently of model size and parameter count.

4.5.2 Multiclass brain tumour detection

In this section, our proposed system was evaluated
using an image-based multi-class classifier to
evaluate the applicability of the proposed system
on image data, specifi- cally using the Brain
Tumour MRI Dataset sourced from Kaggle. The
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implementation was carried out on the Tensorflow
framework running on a Google Cloud CPU. The
results and evaluation outcomes are presented in
Table 4. The findings indicated that the proposed
model demonstrated better performance compared
to other models in terms of execution time and
model size.

0.9(crema) DF[0.9(crema)] 0.06(crema) DF[0.06(crema))]
0.2(crema) DF[0.2(crema)) 0.9(max) 0.9(avg) DF[0.9{max)]
DF[0.9(avg)] 0.06(max) 0.06(avg) DF[0.06(max)]
W DF[0.06(avg)] W 0.2(max) 0.2(avg) M DF[0.2(max)] M DF[0.2(avg)]

400000000000

300000000000

200000000000

100000000000
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Activation Function

Fig. 20 Comparison of energy consumption
between different neural network
configurations on RAVDESS with max and
average pooling and CREMA dataset on
various activation functions com- pared with
and without DepthFire

5 CONCLUSION

In this study, a lightweight and energy-efficient
neural network model was proposed by integrating
a depthfire block with depthwise convolution to
reduce the computa- tional burden of CNN models,
enabling deployment on resource-constrained
devices. Experimental results demonstrated that
the proposed model achieved a good balance
between energy consumption and model size. The
focus of this research was on reduc- ing depthwise
convolution parameters through a case study on
binary audio sarcasm detection. The proposed
system was tested on AMD Ryzen CPU, Google
Cloud CPU, and Amazon Cloud CPU across
various datasets and applications. However, the

eval- uation of this work was conducted in éb

controlled environment. As a future direction, we
propose to assess the performance of the model in
real-world scenarios, evaluating its failure rate and
energy consumption over extended durations.
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