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Abstract

Communication is not always direct; it often involves nuanced elements like humor, irony, and sarcasm. This study introduces a
novel two-level approach for sarcasm detection, leveraging Convolutional Neural Networks (CNNs). Convolutional neural networks
(CNNis) are crucial for many deep learning applications, yet their deployment on IoT devices is challenged by resource constraints
and the need for low latency, particularly in on-device training. Traditional methods of deploying large CNN models on these
devices often lead to suboptimal performance and increased energy consumption. To address this, our paper proposes an energy-
efficient CNN design by optimising batch normalisation operations. Batch normalisation is vital for deep learning, aiding in
faster convergence and stabilising gradient flow, but there has been limited research on creating energy-efficient and lightweight
CNNs with optimised batch normalisation. This study proposes a 3R (reduce, reuse, recycle) optimisation technique for batch
normalization. This technique introduces an energy-efficient CNN architecture. We investigate the use of batch normalization
optimization to streamline memory usage and computational complexity, aiming to uphold or improve model performance on CPU-
based systems. Additionally, we evaluate its effectiveness across diverse datasets, focusing on energy efficiency and adaptability
in different settings. Furthermore, we analyze how batch normalization influences the performance and effectiveness of activation
functions and pooling layers in neural network designs. Our results highlight batch normalization’s ability to enhance computational

efficiency, particularly on devices with limited resources.

Keywords: Lightweight Convolutional Neural Networks (CNN), Lightweight Diabetic Retinopathy Detection, Lightweight
Mineral Classification, Batch Normalisation (BN), Edge devices, Energy Efficiency.

1. Introduction

Convolutional neural networks (CNNs) have become ubig-
uitous in modern deep learning applications, excelling in tasks
such as image classification, object detection, and semantic seg-
mentation [1]. However, the widespread adoption of CNNs
faces challenges, especially during training when applied to IoT
devices [2], which typically operate under limited resource and
power. The traditional approach of deploying large parameter-
ized CNN models directly on these devices[3] not only results
in suboptimal performance but also leads to increased energy
consumption and reduced battery life [4]. In the current land-
scape, solution providers are confronted with a dilemma: ei-
ther train and deploy CNN models in the cloud [5], encounter-
ing latency issues[6] and escalating operational costs, or con-
duct training on high-performance servers[7], contributing to
excessive energy consumption and electronic waste [8], [9]. As
the IoT ecosystem continues to expand, the need for energy-
efficient, on-device training methods becomes imperative.
Batch normalisation is a pivotal optimisation technique in deep
learning [10], addressing key challenges encountered during the
training of neural networks. By mitigating internal covariate
shift [11], batch normalisation normalises inputs to each layer
[12], facilitating faster convergence [13]. This normalisation
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process also stabilises gradient flow, preventing the issue of
vanishing or exploding gradients [14] and enabling more effi-
cient learning [15]. Overall, batch normalisation plays a critical
role in enhancing the stability [16], efficiency, and performance
of deep neural networks, making it an indispensable component
in modern deep learning research and applications [17].How-
ever, there is a lack of study on the design of batch normalisa-
tion for energy-efficient and lightweight CNNs.To address this
research gap, the paper introduces an energy-efficient convolu-
tional neural network (CNN) design by optimising batch nor-
malisation operations.

The research focused on employing a multimodal approach to
detect sarcasm as a practical application for evaluating the ef-
fectiveness of the proposed CNN architecture. Sarcasm is a dis-
tinct form of communication that targets the intended recipient
directly [18] rather than broadcasting a message broadly into
the environment [19]. Unlike straightforward messages that
evoke universal emotions such as happiness, sadness, anger,
or neutrality in all listeners, sarcasm functions differently. It
elicited varied emotional responses in listeners based on their
individual contextual understanding, past experiences, current
mindset, and ability to grasp sarcastic cues [20], [21]. The im-
pact of a sarcastic message largely depended on the receiver
[18]. For someone with a playful and fun-loving nature, a sar-
castic message could be received positively, evoking amuse-
ment or laughter. Conversely, for a serious-minded individ-
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ual, the same message might have been perceived negatively,
potentially leading to feelings of resentment or envy towards
the speaker [22], [23]. Thus, sarcasm[24] had a nuanced effect
that varied significantly depending on the recipient’s perspec-
tive [25].

In the realm of human-machine interaction, understanding and
identifying sarcasm from a listeners perspective is crucial.
Sarcasm in communication often leads to misunderstandings
within society [26]. The way a sarcastic message was perceived
and responded to was[27] influenced by the dynamics between
the speaker and the[28] listener. Therefore, understanding
these[29] nuances was essential for effective and respectful
communication, minimising the risk of misinterpretation, and
fostering[30] clearer interpersonal interactions. As technology
progresses, automated sarcasm detection has become increas-
ingly critical for enabling seamless interactions between hu-
mans and machines and for advancing the development of emo-
tionally intelligent systems [31]. However, the current research
landscape lacks exploration[32] into direct speech-only-based
studies and expression identification for multimodal sarcasm
detection, as contemporary advancements primarily focus on
digital input communication mainly using text input [33].
Challenges in existing applications of multimodal systems in-
clude:

o Text-Centric Approach: Existing multimodal automatic
sarcasm detection models identified sarcasm by extract-
ing textual content [34], which increased overall complex-
ity. Consequently, there is a lack of study on developing
multimodal sarcasm detection models that could classify
outputs directly using audio fetched from the environment
[35].

e Power-Intensive and Energy-Hungry: The current multi-
modal sarcasm detection model utilised multiple CNNs or
transformers [36], resulting in increased power consump-
tion by devices due to running these large parameterized
models [37]. And hence, there is a lack of research on
energy-efficient and lightweight solutions for deploying
CNNs for multimodal sarcasm detection.

e Lack of Adaptability on CPU: Existing multimodal sar-
casm detection models were trained on GPU-based sys-
tems [38]-[40], and there is a lack of emphasis on support
for general-purpose CPU-based systems.

For this study, we consider the following research questions:

e How do different activation functions and pooling layers
affect the number and characteristics of non-trainable pa-
rameters in CNN models?

e What is the relationship between non-trainable parameters
in CNN models and their impact on the energy consump-
tion of CNN models?

e How do non-trainable parameters impact CNN model per-
formance when applied to different domains with varying
data characteristics?

The structure of this research paper is as follows: Section 2
provides a review of existing literature. Section 3 outlines the
problem statement, while Section 4 elaborates on our dataset
creation process. In Section 5, we delve into the proposed sys-
tem, and Section 6 presents the results and experiments con-
ducted.

2. Related Works

2.1. Batch Normalization Optimization

In the current state-of-the-art, batch normalisation optimisa-
tion is generally found in two different perspectives in the litera-
ture. It can be broadly classified into two different perspectives:
hardware-based and software-based.

In the first approach, researchers considered optimising batch
normalisation from a hardware perspective. The work [71] pro-
posed the one-pass normalizer (OPN) accelerator, which aimed
to address memory inefficiencies in batch normalisation (BN)
during deep neural network (DNN) training. By introducing a
novel one-pass computation approach based on sampling-based
range normalisation and sparse data recovery techniques, OPN
significantly reduced off-chip memory access, enhancing train-
ing efficiency while maintaining performance. Additionally, the
OPN circuit employed channel-wise constant extraction, lead-
ing to a more compact design and substantial reductions in gate
count and power consumption. Another work [72] designed
a differential amplifier for batch normalisation to compensate
for the inference accuracy loss at the lower end of the volt-
age range. Another work [73] approximately calculated BN to
achieve a better tradeoff between hardware efficiency and per-
formance for DNN on-device training processors implemented
on an FPGA. However, these batch normalisation techniques
did not guarantee a reduction in parameters to fit resource-
constrained devices and were also difficult to scale and upgrade
[74], [75].

In the second approach, researchers utilised software-based so-
lutions to optimise batch normalization. The work by [76] pro-
posed a drop block layer combined with batch normalisation to
reduce trainable parameters. Another work by [77] proposed
a batch-normalised long short-term memory (BN-LSTM) net-
work to allow faster convergence of the model. Additionally,
[78] proposed shifting the operation of batch normalisation to
the logits to rectify the predictions of detectors biassed by long-
tail distribution. In another effort, [79] aimed to improve the
stability of the model through batch normalization. Further-
more, [80] introduced adaptive batch normalisation, which en-
abled fast and adaptive determination of channel numbers for
each convolutional layer.However, the software-based work in
this section focused on memory efficiency and faster training
through reduction of trainable which even resulted in accuracy
drop.And hence there was a lack of research directed towards
designing batch normalisation with a focus on energy efficiency
and non-trainable parameter reduction for CPU-on-edge de-
vices[81].



Table 1: Comparison of multimodal sarcasm detection algorithms spanning from 2011 to 2024. Here, [A] indicates achieving accuracy above 80 percent, and [M]

denotes the incorporation of multimodal input.

(571
(58]
[55]

Image+Text
Image+Text
Audio+Text

Fusion Transformer network
ResNet CNN+Text Encoder
Cross-modal target attention mechanism + FCN

Yes
Yes
Yes

S.No.. [M] Algorithm [A] Dataset

[41] Text+Tweet Softmax attention layer BILSTM Yes Twitter

[41] Hindi text+English text Soft-attention based bi-directional LSTM Yes Twitter

[42] | Voice cues+Eye movements. Multiclass Neural Network Yes MUSIARD, Memotion
[43] Phrase+Text Parallel LSTM Yes MUStARD

[44] Text+Acoustic LSTM+Hierarchical attention mechanism Yes MaSaC

[45] Image, Text Guide attention+Gate mechanism Yes MUStARD

[46] Text+Knowledge Pre-trained COMET Yes Twitter,Reddit

[47) Text,Emoji Emoji-aware-multitask learning Yes SEEmoji MUStARD
(48] Text+Image LSTM+GRU+CNN Yes Reddit

(49] Audio+Text Multi-level late-fusion learning framework+residual connections | Yes MUStARD

(50] Image+Text Granularity-fusion Module Yes English PHEME, Chinese WeiBo
[51] Image+Text Crossmodal Bipolar Attention Network Yes MUStARD

[52] Text,Image Encoder-Decoder Network Yes Dataset-1

[53] Text,Emoji Encoder—decoder + multitask learning Yes MUSIARD, Memotion
[54] Text+Emoji CNN+LSTM Yes Sarc-H

[55] Text+Image Multitask interaction learning Yes Memotion, MUStARD
[56] Image+Text Attention fusion network Yes CMU-MOSI, CMU-MOSEI

MUStARD
MET-Meme
Memotion and MUStARD

53] Audio+Text Encoder-Decoder Yes|MUStARD, Memotion, CMU-MOSEI and MELD
(591 Image+Text Pre-trained BERT+GAT Yes SemEval-2018

[60] Image+Text Quantum Probability Yes MUSIARD, MELD
[61] Image+Text Pre-trained BERT+VGG19+RESNETS0 Yes Arafacts

[62] Image+Text Transformer+GCN Yes Reddit

[63] Text+Emoji CNN+ RoBERTa Yes Reddit, SARC

[64] Image+Text Contrastive learning Yes MUStARD

[65] Image+Text Bi-LSTM variational autoencoder Yes MUSIARD, Reddit
[66] Image+Text Cros dal infiltrati Itimodal i i learning | Yes Twitter, Weibo, Politifact
[67] Text+Emoji GT-BiCNet+ALABerT Yes Twitter

[40] Text+Image Multi-modal Mutual Learning Yes Twitter

38] Text+Image Multi-Head Self-Attention+Multiway Feed Forward Network | Yes Twitter

[68] Text+Audio Transformer encoder+Gating Network No MUSIARD, Memotion
[69] Image+Text Crossmodal Transformer model Yes Twitter

[70] Image+Text+Audio Segmented attention mechanism Yes MUStARD

2.2. Multimodal Sarcasm Detection

In the current state-of-the-art, automatic sarcasm detection
using multimodal data can be broadly categorised into text-
based approaches and non-textual-based approaches.
For the first approach, researchers implementing multimodal
sarcasm detection used text as one of the modalities. The work
by [82] proposed a graph-oriented contrastive learning strategy
to fuse and distinguish sarcastic clues in both textual and visual
modalities. Another work by [83] proposed a multimodal fu-
sion and multitask learning algorithm with a Seq2Seq structure
to capture sentiment and sarcasm features. Additionally, [84]
extracted text from images for cross-modal sarcasm detection
to maximise information extraction. However, the current state
of the art in text-based approaches requires users to commu-
nicate through digital mediums, which are therefore unsuitable
for real-time detection [85].
In the second approach, researchers used non-textual inputs.
The work by [42] identified voice cues and eye movements as
influential factors in detecting sarcasm. While these solutions
could be applied in real-time contexts, they relied significantly
on the need for facial images in decision-making. As a result,
there is a lack of studies on sarcasm detection using audio and
facial expressions.
A chronological summary of multimodal research from 2011
to 2024, compiled from SCI-indexed journals of ACM, IEEE,
Elsevier, and Springer is shown in table 1. Table 1 indicated
that there was a lack of audio and facial expression-based multi-
modal sarcasm detection applications that were energy-efficient
and compatible with resource-constrained devices.

3. Proposed System

3.1. Problem Statement
In the context of multimodal sarcasm classification, our aim
was to develop an energy-efficient model that incorporates mul-

tiple input types by optimising the architecture of batch normal-
isation in a convolutional neural network.

The number of parameters for existing batch normalisation can
be computed as follows: Given that there are typically D;, fea-
tures in the input volume, the number of parameters in the batch
normalisation layer can be calculated as follows: Therefore, the
total number of parameters represented as 6, in the batch nor-
malisation layer is:

Oon = 4 X Dy, ()

We aim to minimize the total energy consumption E over the

time interval [0, 7] by optimizing the batch normalization pa-
rameters.

T
E- fo Pa(Oon(t) + Oxcon(1) di %)

where P, represents the power consumption rate of the CNN
model.And 6y represents the total parameters.
Where,

On = ON_pn + Opn

3

And our goal is to minimise :E by reducing the parameters of
the batch normalisation layer 6,,.

3.2. Dataset Creation

Videos served as representations of the real world, embody-
ing multiple modalities [86]. Thus, we opted to train our
model using video datasets. However, the existing video-based
dataset lacked an adequate number of sarcastic instances. Con-
sequently, we embarked on designing a specialised dataset fo-
cused on sarcasm. Our custom dataset underwent several piv-
otal steps to guarantee its authenticity and pertinence. We
utilised TV series renowned for their sarcastic humour, relying
on YouTube and IMDb ratings as benchmarks. We specifically
targeted series with widespread acclaim to ensure a varied de-
piction of sarcasm. Episodes featuring notable instances of sar-
casm were meticulously chosen based on the ratings and tags
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provided by the above applications. Leveraging the popularity
of TV series celebrated for their sarcastic wit, such as ”Golden
Girls,” ”Friends,” ”Sarcambholics,” ”Chandler Bing,” and "Mod-
ern Family,” we meticulously assembled a dataset. Our selec-
tion criteria prioritised series with IMDb ratings exceeding 8.0
and tagged as sarcastic by both applications.Initially, for creat-
ing the dataset, we gathered videos using PyTube and extracted
audio using MoviePy.

3.3. Data Preprocessing

After creating the dataset, we extracted audio from the video
dataset. We chose to work with the audio dataset instead of di-
rectly training on video data due to its lightweight nature com-
pared to video. We employed supervised learning to develop
a classification model using a dataset containing 7,648 sam-
ples of both sarcastic and non-sarcastic audio. For training the
model for identifying non-sarcastic audio, we considered the
CREMA-D dataset [87]. Based on our analysis of the CREMA-
D dataset, we did not find any audio files containing sarcasm.
We examined the presence of words ending with long syllables
[88] and found no instances of sarcasm. The data was divided
into a 75:25 ratio for training and testing, respectively. We used
one-hot encoding to label the outputs, distinguishing between
the two classes: sarcastic and non-sarcastic. To capture rel-
evant speech characteristics, we utilised the Librosa library in
Python to extract MFCC, ZCR, spectral centroid, roll-off, band-
width, and Mel-frequency cepstral delta coefficients, following
established methodologies outlined in previous research [89]—
[91]. Subsequently, we designed a CNN-based architecture for
training the model, with further details provided in subsequent
discussions.

3.4. Proposed Architecture

In this section, we designed a multiple-modality-based
lightweight sarcasm decision model. For this, we proposed a
two-level verified sarcasm detection named as Dual-Input Au-
thenticated or two-factor authenticated approach using CNN
with 3R batch normalization. Figure 1 illustrates the complete
architecture of the proposed system. Here, we divided our en-
tire architecture into three stages: the first layer described the
dataset collection and processing illustrated in Section IV; the
second stage defined the model design and training with CNN
with 3R batch normalisation; and finally, the third stage illus-
trated the model inference. Detailed explanations of each stage
were given in the subsequent sections.

3.4.1. Two-Level Verified Sarcasm Detection

Sarcasm was a challenging expression to identify due to its
nuanced and subjective nature. Its impact varied significantly
from person to person, making its detection a critical task. In
this study, we proposed a two-level verified sarcasm detection
method that integrated audio input analysis with facial expres-
sion recognition to enhance the accuracy of sarcasm detec-
tion.Here we also show the sub-types of sarcasm from the audio
along with the facial expression detected.Figure 3 depicts the
flow chart of the proposed algorithm.



Algorithm 1: Sarcasm Expression Detection

Input: Image frame from video
Output: Detected critical expression (Raised Eyebrow,
Smirk, Sneer)
face_cascade « Load haarcascade for face detection;
for each (x,y,w, h) in faces do
roi_gray « Extract region of interest (ROI) in
grayscale;
eyes < Detect eyes within roi_gray;
if len(eyes) == 2 then
Check for Raised Eyebrow based on eye
positions;
end
else if len(eyes) == 1 then
‘ Check for Smirk based on mouth position;
end
else if len(eyes) == 0 then
‘ Check for Sneer based on mouth position;
end

end

In our approach, we initially trained an audio CNN with the
proposed 3R batch normalisation layers using the dataset de-
scribed above and then tested it for sarcastic expression. We
utilised OpenCYV libraries for face detection and extracted facial
expressions from the detected faces.We selected the expression
to detect sarcasm based on previous studies [92]-[96].The de-
tailed algorithm for expression detection is outlined below. If
the input passed both factors, it was fed into a FIFO queue.

Algorithm 2: Expression-critical sarcastic message
identification using FIFO queue

Input: Q[n]: Size of FIFO queue,rear

Input: videofiles: Files to be tested for sarcasm
Output: Updated queue Q

if *rear # size of Q — 1 then

sarcasm_audio < extract audio from video file;

foreach input do
if audio==sarcastic A expression present!=0

then
‘ Enqueue sarcasm_audio into Q;
end
end
if size of Q > *rear then
‘ Dequeue the oldest message from Q;
end

end
else

| Dequeue the oldest message from Q;
end

3.4.2. Proposed 3R Batch Normalisation

In this study, we introduced the Reduce-Reuse-Recycle (3R)
batch normalisation to reduce the parameters associated with
batch normalisation within the network. As illustrated in Fig.
2, the proposed model performed the following operations:

e Tensor RECYCLE: Here, the mean and variance tensors
are recycled to avoid memory allocation and deallocation.
Instead of allocating new memory for each forward pass,
the same memory locations are recycled, leading to effi-
cient memory management.

e Memory REDUCE through in-place computaion:In tra-
ditional batch normalisation, the computation of mean
and variance usually entails generating intermediate ten-
sors, which elevates memory usage, particularly for large
batches or high-dimensional inputs. However, in our im-
plementation, mean and variance are directly computed on
the input tensors in place, eliminating the necessity for ex-
tra memory allocation.

e Operation REUSE:The reuse of operations for scaling and
shifting across different branches of the input tensor elim-
inates the need to compute these operations separately for
each branch. This approach enables a more efficient and
concise implementation by applying the same operations
to different parts of the input tensor.

Let I € RHnWnxCan denotes an input feature map produced by

L,_y, and (M, N) denotes the output from the layer L,_;. We

feed the output (M, N) into the batch normalisation layer. Here,

M denotes the output size from the layer, and N denotes the

channel size. For each layer, we compute M and N as follows:
Hy, - F+2P

M=t 1 4)

Where:

e M: the output size from the layer

N: the channel size

Hi,: height of the input feature map

Win: width of the input feature map

Ciy: number of channels in the input feature map
e F filter size

S stride

P: padding

Traditional batch normalisation calculates the mean (i) and
variance (02) of each feature channel across the entire batch.
Mathematically, for a given input tensor X, the mean (u) and
variance (02) are calculated as follows:

u=%2x,- )
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e N is the total number of elements in the batch.

e X; represents each element in the batch.

After calculating the mean and variance, the input tensor is nor-
malised using these values. The normalisation step ensures that
the output has a zero mean and unit variance. However, this re-
sulted in 4 X Cj, parameters due to four sets of learnable param-
eters present in the traditional one. We hence designed an en-
hanced batch normalisation by reducing the parameter to 2XxCj,
through the computation of the mean (i) and variance (02) per
channel (c) across all spatial dimensions (H X W). The modified
equations are as follows:

N H W
He = NXHXWZZZ:‘)CU}“ @)

i=1 j=1k

N H W
ol = 5 HXwZZZ(xi,kc—uL-)? @®)

i=1 j=1 k=1

After mean and variance computation, we normalise and
further branch the input and perform scale and shift operations
to reduce the time to compute batch processing. Overall, Our
batch normalisation block effectively reduces the parameter
count of the batch normalisation layer and thereby the convo-
lutional neural network.

Layer (type) Output Shape Param #
ConvlD (None, 44, 2048) 12,288
MaxPooling1D (None, 22, 2048) 0
CustomBatchNormalization | (None, 22, 2048) 4,096
ConvlD (None, 22, 1024) | 10,486,784
MaxPooling1 D (None, 11, 1024) 0
CustomBatchNormalization | (None, 11, 1024) 2,048
ConvlD (None, 11, 512) 2,621,952
MaxPooling 1D (None, 6, 512) 0
CustomBatchNormalization | (None, 6, 512) 1,024
LSTM (None, 6, 256) 787,456
LSTM (None, 128) 197,120
Dense (None, 128) 16,512
Dropout (None, 128) 0
Dense (None, 64) 8,256
Dropout (None, 64) 0
Dense (None, 32) 2,080
Dropout (None, 32) 0
Dense (None, 2) 66

Table 2: Model Architecture

B Model size |l Parameters Trainable params | MNon-Trainable params W Accuracy-Custom dataset

Accuracy-MUSTARD Accuracy-MUSTARD++
125000

100000

=l

CHN+DROPOUT CMM-3R  ENCODER-DECODER CMM+BILSTM  CHN+LSTM+GRU

Accuracy*10%5 & Parameters

Madels

Figure 4: Accuracy and parameter size comparison for sarcasm applications

4. Experiments And Results

To validate our proposed method, we established an exper-
imental platform and conducted various tests utilising diverse
datasets. Our network model underwent comparison with oth-
ers to gauge its effectiveness. Additionally, we investigated the
effects of custom and traditional batch normalisation on the
pooling layer and activation functions to assess classification
accuracy and compression effects. These experiments were car-
ried out on a computer equipped with an AMD Ryzen CPU
running at 1965.9 MHz, as well as on a Google Cloud CPU.
Energy consumption was measured using pyRAPL, a software
toolkit that estimates power consumption during Python code
execution, leveraging Intel’s "Running Average Power Limit’
(RAPL) technology. The subsequent sections delve into the ex-
periments conducted in detail.

4.1. Two-level verified Sarcasm Detection

To demonstrate the effectiveness of our proposed model,
illustrated in Fig. 3, we performed a comparative analy-
sis with other networks, showcasing their classification accu-
racy using our custom dataset, MUSTARD [33], and MUS-
TARD++ [97]. The models we compared include CNN [98],
CNN+Dropout, Encoder-Decoder, CNN+L1, CNN+LSTM
[99], and CNN+BiLSTM. As shown in Fig. 4, our proposed
network model achieves higher accuracy while utilising fewer
parameters across the datasets. Additionally, our model main-
tains this high accuracy with a reduced number of network pa-
rameters compared to the other models.

4.2. Different energy-efficient techniques

To evaluate the computational demands of our model and
contrast them with alternative methods, we conducted a bench-
marking study by varying the optimisation algorithms Adagrad
[100], Adam [101], and SGD [102], both with and without cus-
tom batch normalization. This evaluation aimed to gauge the
model’s performance under various training conditions. We in-
corporated quantization and pruning techniques into our model
on the CIFAR-10 dataset and performed experiments on Google
Cloud CPU to evaluate its adaptability across different plat-
forms. We explored various pruning methods, including neu-
ron pruning, magnitude-based weight pruning, filter sparsity
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Figure 5: Time, accuracy and model size comparison of 3R with Pruning and
Quantization with different optimizers.

pruning, and float16 model weight quantization. For our ex-
periments, we utilised the network architecture shown in Table
??, adapting it for CIFAR-10 by excluding the LSTM layer,
as the dataset does not contain time-varying inputs. This com-
prehensive evaluation provided insights into the effectiveness
and efficiency of our proposed model compared to established
energy-efficient techniques.

The outcomes of the experiments on CIFAR10, as shown in
Figure 5, revealed that the model size and parameter count re-
main consistent across different optimizers. However, metrics
such as system time, CPU time, wall time, and accuracy vary
depending on the optimizer used. This study leads us to con-
clude that in deep learning, the model size and parameter count
do not directly determine the execution time and accuracy.

4.3. Different Application with 1D input

Our experimental findings indicate that the proposed solution
is appropriate for a two-class audio classifier, particularly for
conducting energy-efficient CPU-on-device training. To eval-
uate its suitability for multiclass audio classification tasks, a
comprehensive study is provided below.

4.3.1. Different pooling function

In this section, we investigate the adaptability of the model
to different pooling functions and conduct a study on branch
instructions and cache misses to analyse the bottlenecks dur-
ing data transfer during training. Figure 10 illustrates that the
proposed batch norm consumed less energy as compared to
the CNN utilising the traditional batch norm. Figure 9 illus-
trates Branch instructions were greater in max pooling, while
branch misses were higher in average pooling. Cache misses
were generally higher in average pooling, except in the case of
the PReLU activation function, where it had the fewest cache
misses. Max pooling exhibited the highest cache misses. The
model with 0.06 million parameters had the fewest CPU cycles,
cache misses, and branch misses in both max and average pool-
ing scenarios.

Figure 10 presents a comparison of energy consumption values
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Figure 6: Energy consumption of different pooling function
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Figure 7: Cache references and cache misses with different activation functions
with respect to to max and average pooling

across various activation functions and model sizes, consider-
ing both max pooling and average pooling scenarios. For each
activation function, maximum and average energy consump-
tion values are provided for different model sizes, ranging from
0.2M to 0.9M parameters. The results indicate notable vari-
ations in energy consumption across activation functions and
pooling methods. In general, energy consumption tends to in-
crease with larger model sizes and is influenced by the choice
of activation function and pooling method. These findings of-
fer valuable insights into optimising energy efficiency in neural
network models by selecting appropriate activation functions
and pooling strategies based on specific application require-
ments and computational resources. It can be concluded that
the model size has a significant impact on cache misses and
references.
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Figure 8: Accuracy comparison for different activation functions with different
model sizes

4.3.2. Different Activation Function

In this section, we investigated the adaptability of the model
to different activation functions. We implemented the CNN ar-
chitecture shown in Table ?? with varying sizes of X as 1024,
512, and 256, resulting in 0.9, 0.2, and 0.06 million parameters.
These experiments were conducted on an AMD CPU using the
TensorFlow framework. Additionally, we evaluated DRAM ac-
cess based on cache references as part of this study. To verify
the reproducibility of the results, we conducted experiments on
two audio datasets: CREMA-D and RAVDESS.
Figures 8, 10, and 9 display the results of our experiments. Fig-
ure 8 showed that models with more parameters achieved higher
accuracy. Our proposed model consistently outperformed oth-
ers across all parameter variations with the CREMA-D dataset,
while for the RAVDESS dataset, it achieved better accuracy
only with 0.2 million parameters. Figure 10 illustrates that our
proposed system consumed the least energy on the CREMA-
D dataset compared to models using traditional batch normal-
isation on the RAVDESS dataset. This variation in accuracy
and energy consumption may be attributed to the difference in
dataset sizes, with the CREMA-D dataset being much smaller
than the RAVDESS dataset.
Figure 9 illustrates the data transfer in the CNN. It was
shown that, compared to the RAVDESS dataset, the CREMA-D
dataset experienced significantly fewer cache misses and cache
references when using our optimised batch normalisation, as
opposed to the traditional batch normalization. In general,
the CREMA-D dataset exhibited an overall increase in cache
misses compared to the RAVDESS dataset. From this section,
we concluded that different activation functions exhibit varying
impacts on cache misses and energy consumption, and a reduc-
tion in cache misses does not always lead to reduced energy
consumption.

4.4. Different Application with 2D Input

To evaluate the adaptability and reproducibility of our pro-
posed work in a different domain, we tested our model with 2D
input. Given the increasing need for Al-based solutions in med-
ical fields, we specifically examined whether our lightweight
model supports applications in the medical domain, focusing
on diabetic retinopathy detection. We selected this task due to
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Figure 9: Cache references and cache misses with different activation functions
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Figure 10: Energy comparison for different activation functions with different
model size

its significance in medical diagnosis and the potential impact
of Al-driven solutions on improving healthcare outcomes. We
collected the dataset from Kaggle for the task.

Here we studied 10 pretrained models of TensorFlow. Table
3 illustrates the results. The results indicate that despite having
the fewest parameters and the smallest model size, our proposed
model achieved comparable accuracy to pretrained models. Al-
though training from scratch took slightly more time, it’s evi-
dent that energy consumption isn’t directly tied to model size
or parameter count. Variables such as cache references, cache
misses, branch instructions, and CPU cycles remain largely in-
dependent of model size. This independence could be attributed
to the efficiency of the model’s architecture and optimisation
techniques, highlighting the importance of design and imple-
mentation choices in determining computational performance.

4.5. Different Framework

In our previous experiments, we demonstrated the versatility
and effectiveness of our proposed model within the TensorFlow
framework. Now, we aim to extend our investigation by eval-
uating its transferability to the PyTorch framework. To accom-
plish this, we conducted experiments focusing on the task of



Table 3: Evaluation of 3R Batch Normalization on Diabetic Retinopathy

Model Accuracy| Params [Non- Trainable|Trainable|Model Size Energy Cache Miss|Cache Ref| CPU Time |Wall Time|System Time [Branch Instr.|CPU Cycles
VGGI16 0.9268 [20,024,384| 20,024,384 0 76.39 MB [32,381,004,504| 38,281 160,095 |2h 50min 31s| 19min 46s | 12min 16s 482,374 4,461,369
CNN-3R 0.8546 | 658,420 0 658,420 | 2.51 MB |23,297,113,923| 38,982 154,114 | 1h 52min 2s | 16min 21s| 28min Is 479,873 5,764,402
CNN+BN 0.8025 | 658,612 192 658,420 | 2.51 MB [16,706,036,092| 38,962 159,572 |1h 40min 27s| 16min 48s | 19min 19s 481,266 3,866,706
MobileNet 09151 [3,228,864 [ 3,228,864 0 12.32 MB | 3,403,040,108 | 36,235 167,799 | 24min 55s | 3min 31s | 4min 34s 480,679 3,204,176
MobileNetV2 0.9043 | 2,257,984 2,257,984 0 477.25 KB | 3.705,314,942 36.004 167.876 28min 5s | 4min 17s | 7min 16s 477,105 3,030,330
NASNetMobile | 0.8851 [4,269,716 | 4,269,716 0 16.29 MB | 5,021,896,895 | 37,627 154,526 | 38min 38s | 4min 525 [ 4min 125 481,545 3,692,236
MobileNetV3Small| 0.5441 939,120 939,120 0 3.58 MB | 1.281,377.506 35,797 165,497 7min 36s Imin 325 3425 479,178 3,512,460
EfficientNetBO 0.5315 | 4,049,571 4,049,571 0 15.45 MB | 5,737,505,120 35,275 166,614 | 42min 26s | 6min 36s | 12min 22s 477,994 3,368,960
EfficientNetV2B0 | 0.509 | 5,919,312 5,919,312 0 22.58 MB | 3,967,996,365 36,575 169,415 | 29min 59s | 3min 56s | 2min 45s 475,178 3,390,313
EfficientNetB 1 0.5012 | 6,575,239 6,575,239 0 25.08 MB | 7,930,393,227 37,270 165,767 1h 5s 8min 59s | 14min 49s 476,883 3,203,157
DenseNet121 0.9039 | 7,037,504 7,037,504 0 26.85 MB |11,854,832,289| 35,608 166,096 |1h 23min 45s| 11min 44s | 16min 47s 476,758 3,163,149
EfficientNetV2B1 0.488 | 6,931.124 6,931,124 0 26.44 MB | 5.501,710,705 38.841 171,803 | 40min 43s | 5min 35s 4min 1s 476,949 3,174,329

Table 4: Comparison of CPU time, wall time, system time, memory usage, CPU usage, and accuracy for different models over 20 epochs.

Epochs = 20 Epochs = 15
Model CPU Time Wall Time | System Time | Memory Usage (%) | CPU Usage (%) | Accuracy | Model CPU Time ‘Wall Time | System Time | Memory Usage (%) | CPU Usage (%) | Accuracy
CONV+WBN 1h 23min 26s | 1h 45min 25s 13min 28s 19 78.1 0.748 CONV+WBN 1h Imin 50s | 1h 19min 12s 10min 35s 11.6 76.5 0.667
CNN-3R 545 6min 38s 8.34s 19.8 77.3 0.812 PROPOSED 53min 56s 1h 29min 44s 30min 26s 18.9 76 0.854
CNN+BN Th 9min 37s | 1h 30min 55s 13min 17s 27.3 79.2 0.833 CNN+BN 46min 27s Th 2min 11s 10min 37s 18.8 77 0.896
VGGI16 3h3min 29s | 3h 48min 255 35min 28s 24.6 759 0.812 VGGI16 2h 41min 28s | 3h 22min 59s 32min 47s 30.1 77.4 0.792
RESNETI18 Th 22min 1s | Th 45min 44s 16min 12s 20.1 76.6 0.896 RESNETI8 Th 4min I1s | Th 21min 35s 11min 17s 34.6 78.5 0.875
EFF-B7 2h31min7s | 4h49min 15s | 2h 7min 325 279 749 0.625 EFF-B7 2h 6min 56s | 3h 54min 20s | 1h 39min 8s 19.7 76.4 0.792
EFF-B6 1h 48min 33s | 3h 22min 525 | 1h 25min 24s 22.1 74.8 0.708 EFF-B6 3min 23s 10min 4s Imin 37s 18.8 89.5 0.771
EFF-B5 1h 25min 11s | 2h 49min 26s | 1h 15min 42s 19 77.1 0.729 EFF-B5 1h 9min 34s | 2h 17min 15s 1h 23s 18 77 0.771
EFF-B4 58min 11s | 1h 58min 11s | 5Imin 48s 26.6 77.9 0.771 EFF-B4 48min 42s | 1h 39min 39s 44min 3s 17.3 78 0.667
EFF-B3 46min 30s 1h 38min 21s | 43min 33s 14.6 75.6 0.75 EFF-B3 35min 48s Th 12min 27s | 30min 48s 23.4 78.7 0.646
EFF-B2 34min 51s Th 11min 6s 28min 4s 16.2 77 0.729 EFF-B2 23min 19s 49min 45s 20min 49s 71.5 20.7 0.812
EFF-B1 31min 5s Th 9min 12s 30min 27s 15.6 81.1 0.854 EFE-BI 24min 50s 52min 37s 22min 6s 18.1 77.8 0.875
mobilenetv2 18min 36s 45min 51s 19min 15s 18.2 81.6 0.812 mobilenetv2 13min 46s 32min 53s 13min 38s 17.6 80.5 0.854
mobilenetv3_small 4min 39s 14min 1s 2min 25s 16.1 89.6 0.75 mobilenetv3_small 3min 23s 10min 4s Imin 37s 18.8 89.5 0.771

mineral classification. In this study, we examined eleven pre-
trained models available in the PyTorch library and utilised a
Kaggle dataset for mineral classification [103]. Table 4 illus-
trates the results. We studied at different values of epochs 15
and 20, respectively. The results indicate a correlation between
larger epoch numbers and increased CPU and memory usage,
as well as improved accuracy. This observation suggests that
epochs have a significant impact on both memory and CPU uti-
lization. The reason behind this dependency lies in the itera-
tive nature of training neural networks. With each epoch, the
model undergoes multiple iterations over the entire dataset, ad-
justing its parameters to minimise the loss function. As a result,
more epochs lead to increased computational demand, as the
model performs more computations and requires more memory
to store intermediate results. It’s evident that our model, despite
requiring less time for training, achieves good accuracy com-
pared to other models. Furthermore, the relationship between
epochs and accuracy underscores the importance of allowing
the model to train for an adequate number of epochs to converge
to an optimal solution. While increasing epoch numbers may
incur higher computational costs, it often results in better model
performance by allowing the model to capture intricate patterns
in the data.In summary, the observed dependencies highlight
the trade-off between computational resources and model per-
formance, emphasising the need to carefully select the number
of epochs based on available resources and desired accuracy
levels.

5. Conclusion and Future Work

In this paper, we address the pressing need for energy-
efficient CNN designs for IoT devices by proposing a novel ap-
proach to optimise batch normalisation operations. Our study
demonstrated lightweight batch normalization. By focusing
on multimodal sarcasm detection and other applications, we

showed the effectiveness of our proposed CNN architecture in
various different practical applications. As a future project, we
plan to train our model in a controlled environment and plan to
evaluate its energy consumption during real-time inference.
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