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1. INTRODUCTION  
The extensive use of artificial intelligence (AI) technologies in various industries is one of the reasons that 
intelligent systems should be deployed in constrained environments such as mobiles, IoT, and embedded 
platforms [1,2]. DL models have demonstrated tremendous accuracy in solving difficult problems such as 
speech recognition, text processing, and image recognition. However, most DL models are computationally 
expensive as they require large memory, a powerful central processing unit, and high energy consumption, 
despite the fact that they deliver good results. Due to constraints such as latency, memory capacity, and energy 
consumption, the deployment of such models becomes difficult [3, 4]. It is important to note that studies on 
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capturing computational cost, memory usage, and operational impact, and proposes a complexity-driven pruning-based model 
compression framework for efficient deployment. Unlike traditional approaches that rely on iterative training, pruning, and 
retraining cycles, the proposed Kookaburra Optimized Stacked Long Short-Term Memory (KO-StackedLSTM) Network performs 
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model compression have been found helpful in solving the above challenge through the development of 
methods aimed at reducing the model's size and computation while retaining its accuracy [5, 6]. In order to 
come up with compressed models to be applied in edge computing applications, various model compression 
techniques have been extensively studied, including pruning, quantization, knowledge distillation, and low rank 
approximation [7]. However, achieving an effective balance between model efficiency and performance is not 
easy in limited-resource AI applications. Over-compression causes the loss of performance, whereas under-
optimization cannot satisfy the constraints of the device. Adaptive and hardware-aware compression 
approaches have received considerable attention due to their ability to optimize models to fit into particular 
devices. Meanwhile, coupling compression with other optimization approaches, like dynamic inference, model 
splitting, and edge-cloud cooperation, yield even better results [8, 9]. The emergence of edge intelligence and 
privacy-preserving AI has increased the relevance of performing inference operations on the devices 
themselves. Inference using cloud servers alone would result in communication delays and possible data 
exposure to cyber-attacks [10, 11]. The use of compressed models allows for local processing of data, ensuring 
fast results and enhanced privacy. Recent advancements in automatic compression, neural architecture search, 
and co-design of hardware and software hold great promise in developing efficient models with minimal 
intervention [12, 13]. Overall, model compression methods are useful in creating efficient AI solutions. Reduces 
cost of calculations, allowing for scalable and efficient task completion. Future research using model 
compression likely produce increased mathematical algorithms, improved method of finding effective neural 
architectures, and integrated design of hardware and software. 
 
1.1 Research Objective and Organization  
This research proposes a complexity-driven model compression method based on pruning of the KO-
StackedLSTM model, which minimizes computation costs, memory requirements, and energy consumption, 
and maintains high levels of accuracy in order to achieve efficient implementation of DL models in edge IoT 
devices with limited resources. 
This research is structured as follows: Introduction, Chapter 1, Previous Research, Chapter 2, Methodology, 
Chapter 3, Performance Evaluation, Chapter 4, Discussion, and Conclusion, Chapter 5. 
 
2. PREVIOUS RESEARCH 
In recent research, various methods have been examined to improve the performance, robustness, and 
scalability of artificial intelligence algorithms in critical environments. In [14], a robust AI architecture using 
dynamic neural networks with meta-training was suggested, where the results have shown remarkable 
improvements in resilience (24%), adaptability (~22%), and computational performance (>30%) in the face of 
faults and attacks; however, the data used in the paper is opaque, and there is no analysis of the application of 
the algorithm in real-time. Likewise, [15] analyzed the optimization of XR-enhanced Digital Twins in IoT by 
performing QoE/QoS assessment via survey; the findings suggest latency and resource limitations as the main 
challenges of implementing such solutions, yet there is no experimental evaluation. Furthermore, in [16], an 
asymmetric exponent technique was developed for low-precision training, where equivalent accuracy was 
achieved in 8-bit and 32-bit models on different architectures such as LeCun, AlexNet, and ResNet-18; however, 
the proposed algorithm can only be applied to certain CNNs, and hardware testing is required. Meanwhile, [17] 
designed an intrusion detection system based on quantization with an autoencoder, resulting in huge savings 
in terms of memory usage (70.01%), model size (92.23%), and CPU utilization (27.94%), while maintaining 
excellent performance in detection accuracy, albeit limited to only one data set. On the other hand, [18] 
suggested a novel hybrid pruning algorithm that combines dynamic channel-wise pruning and layer-wise 
fusion, thus saving up to 80.05% in computational costs and reducing accuracy losses to just 0.72%, despite 
being confined only to the compression of ResNet-110. 
Note: AI – Artificial Intelligence, XR – Extended Reality, IoT – Internet of Things, QoE – Quality of Experience 
QoS – Quality of Service, CNNs – Convolutional Neural Networks, CPU – Central Processing Unit 
 
3. METHODOLOGY 
Methodology involves using a dataset comprising 6784 instances with layer-based features, like the cost of 
computation, the amount of memory consumed, and the effect on operation. Min–Max normalization and PCA 
are employed to scale down features and perform dimensionality reduction. The KO-StackedLSTM is used to 
assess layer-level complexity before applying the pruning technique to remove less significant filters. Lastly, PA, 
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FA, and MA modes adaptively optimize the model for resource limitations, and Figure 1 demonstrates the 
process of the research. 

 
Figure 1: Layer-Wise Optimization and Compression Framework 
 
3.1 Data Description  
The 6784 instances contain details regarding certain attributes of the architecture utilized by the neural 
network in scenarios where there are limitations in resources. It aims to quantify the effect of different 
operations, memory usage, and computational cost incurred by different parts of the network. The purpose of 
this dataset is to make it simpler to investigate the effects of different kinds of resource restrictions on 
optimization approaches and the contribution of each layer to the complexity of the model. Data Score: 
(https://www.kaggle.com/datasets/colabsss/complexity-aware-model-pruning-dataset). 
 
3.2 Data preprocessing using Min–Max normalization  
Min–Max normalization is applied to scale input data into a fixed range, improving convergence and training 
stability. This reduces computational overhead and supports efficient model compression for resource-
constrained environments. The normalization process is defined as: 

Znew =
Z−min⁡(Z)

max(Z)−min⁡(Z)
                       (1) 

In Equation (1), Z is the original data value, Znew represents the normalized value, and the dataset's minimum 
and maximum values are shown by min⁡(Z) and max(Z), respectively. Besides the process of normalization, the 
technique of pruning is used for the removal of any irrelevant and less important parameters in the network. It 
results in a reduction of the complexity of the model as well as the use of memory and computations while 
retaining the necessary accuracy of the system. 
 
3.3 Principal Component Analysis (PCA) for Feature Extraction  
Using PCA and pruning techniques in this research is to minimize the dimensionality of features and avoid 
redundancy in parameters while retaining necessary information, thus making the system more efficient, less 
complex, and deployable in constrained artificial intelligence environments. The average of the data in each 
dimension is calculated as: 

μn =
1

M
∑ Ymn⁡⁡
M
m=1                            (2) 

In Equation (2) M is the total number of features, Ymn indicates the value of the mth feature for the  nth  sample, 
μn denotes the mean value of the nth  sample, and  ∑ ⁡⁡M

m=1 is the summation over all features. The covariance 
matrix represents the variance of a feature (or input variable) at a particular time and captures its relationship 
with other features. It is computed as shown in equation (3): 
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D =
1

M
⁡AAT                                    (3) 

A is the zero-mean data matrix, AT means the transpose of matrix A, D stands for covariance (or dispersion) 
matrix, and M is the number of features (or normalization factor). By ordering the eigenvalues in decreasing 
order of value, it is possible to identify the components providing the most contribution to the variation of the 
set of data. Achieving this objective maximize the information that can be obtained from, reduce the amount of 
redundant information, and generate high-quality feature representations suitable for efficient processing in 
limited-resource environments. 
 
3.4 KO-StackedLSTM: Complexity-Aware Model Optimization Framework 
The KO-StackedLSTM model is an integrated model that combines Kookaburra optimization with a stacked 
LSTM. The model's complexity has been used to eliminate redundancies in network parameters through a 
process called pruning; therefore, the model can perform optimally without the need to retrain the network. 
 
3.4.1 SLSTM for Resource-Constrained AI Systems 
Through the utilization of stacked layers of long short-term memory (LSTM) networks, the 
proposed SLSTM model increases performance for scenarios with time series data by creating more accurate 
temporal dependencies than conventional recurrent neural networks (RNNs). The new model work for low-
computing resources due to the use of parameter compression and pruning techniques. By employing various 
regularization techniques such as dropout, and early stopping, stacked LSTMs and dense stochastic models 
provide better fit than non-stochastic models given their independent data. Additionally, training optimization 
and fine-tuning of hyperparameters help to achieve better efficiency and scalability. Figure 2 shows data 
processing, reduction, and pruning to produce an efficient compact model 

 
Figure 2: Layered Structure of the Stacked LSTM Model 
 
3.4.2 Kookaburra Optimization Algorithm (KOA) for Model Compression 
In this section, a mathematical formulation of the KOA is scaled down to be efficiently compressed in resource-
constrained AI systems. Following the hunting patterns of kookaburra birds, the algorithm is modeled based 
on cooperation in exploration, rapid exploitation of promising areas, and relocation when new, better solutions 
are located. Within the suggested scheme, every kookaburra can be seen as a possible compression setup, 
including ratios pruning and choice of filter layers. The algorithm is searching to settle on an optimum 
configuration to reduce the complexity of the computation and minimize the model accuracy. 

• Initialization 
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Candidate solutions are randomly generated within bounds and evaluated using an objective function to 
measure compression efficiency. 

• Exploration Phase 
Solutions move toward better candidates (prey), enabling global search and avoiding local minima. 
GPi,d

1 = gi,d + rand() ∙ (SCPi,d − I ∙ ⁡gi,d)              (4) 

In Equation (4) GPi,d
1  is the new (updated) value of the dth decision variable for the ith  solution after exploration, 

gi,d is the current position of that variable. The function rand() ⁡∈ [0,1] introduces randomness, ensuring 

diverse search behavior. Where I ∈ ⁡ {1, 2} and SCPi,d is the selected prey position.  

Exploitation Phase (Local Search) 
After identifying promising regions, the algorithm performs fine-tuning: 

GPi,d
2 = gi,d + (1 − 2 ∙ rand()) ∙

ubd−lbd

t
                          (5) 

In Equation (5) GPi,d
2  is the updated value of the dth variable for the ith  solution, and gi,d is its current value. The 

term rand() ∈ ⁡ {1, 2} introduces randomness, so (1 − 2 ∙ rand()) generates values in the range [-1, 1], generates 
values in the range ubd − lbd defines the search range, and t is the current iteration number. The solution is 
updated as: 

Gi = {
GPi

2,⁡⁡⁡⁡⁡⁡⁡⁡ifFi
2 < Fi⁡⁡⁡

Gi,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡otherwise⁡
                             (6) 

In Equation (6), Gi is the current solution, Fi is the current fitness, and Fi
2 is the new fitness. GPi

2 is the updated 
solution from the exploitation phase. If the new solution is better (Fi

2 < Fi), it replaces the current one; 
otherwise, the original solution is retained. As the iterations of the search the search area can decrease, allowing 
for more local optimization of the solution space and graduating the solution towards the global optimum of 
that model. 
The KOA-SLSTM approach is an integration of the Kookaburra Optimization algorithm with SLSTM for modeling 
compression. Kookaburra Optimization selects and eliminates insignificant parameters based on their impact 
on the degree of complexity and accuracy. The optimized version of SLSTM achieves high learning capacity by 
using a few computational, memory, and energy resources. Algorithm 1 shows the KOA-assisted KO-
StackedLSTM approach used to pre-process the data, reduce its dimensionality, and eliminate insignificant 
parameters. 
 

Algorithm 1: KO-StackedLSTM-Based Model Compression 

Input:⁡Dataset⁡D 
Output:⁡Compressed⁡and⁡optimized⁡KO − StackedLSTM⁡model  
1:⁡⁡Load⁡dataset⁡D 
2:⁡⁡Apply⁡Min − Max⁡Normalization⁡on⁡D 
3:⁡⁡Apply⁡PCA⁡for⁡dimensionality⁡reduction⁡ → ⁡D_reduced  
4:⁡⁡Initialize⁡Stacked⁡LSTM⁡(SLSTM)⁡model 
5:⁡⁡Extract⁡layer − wise⁡features⁡(FLOPs,memory, importance⁡scores)  
6:⁡⁡Initialize⁡KOA⁡parameters: 
⁡⁡⁡⁡⁡⁡⁡⁡−⁡Population⁡size⁡N 
⁡⁡⁡⁡⁡⁡⁡⁡−⁡Max⁡iterations⁡T 
⁡⁡⁡⁡⁡⁡⁡⁡−⁡Lower⁡bound⁡lb, Upper⁡bound⁡ub  
7:⁡⁡Generate⁡initial⁡population⁡G⁡randomly  
8:⁡⁡Evaluate⁡fitness⁡ObF(G_i)⁡for⁡each⁡solution: 
⁡⁡⁡⁡⁡⁡⁡⁡(based⁡on⁡accuracy⁡ + ⁡complexity⁡reduction)  
9:⁡⁡For⁡t⁡ = ⁡1⁡to⁡T⁡do  
10:⁡⁡⁡⁡⁡For⁡each⁡candidate⁡solution⁡G_i⁡do  
11:⁡⁡⁡⁡⁡⁡⁡⁡⁡//⁡Exploration⁡Phase 
12:⁡⁡⁡⁡⁡⁡⁡⁡⁡Identify⁡better⁡solutions⁡(prey)⁡DP_i 
13:⁡⁡⁡⁡⁡⁡⁡⁡⁡Update⁡position: 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡GP_i¹⁡ = ⁡G_i⁡ + ⁡rand() ⁡∗ ⁡ (selected_prey⁡ − ⁡I⁡ ∗ ⁡G_i)  
14:⁡⁡⁡⁡⁡⁡⁡⁡⁡If⁡fitness⁡improves: 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡G_i⁡ = ⁡GP_i¹  
15:⁡⁡⁡⁡⁡⁡⁡⁡⁡//⁡Exploitation⁡Phase 
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16:⁡⁡⁡⁡⁡⁡⁡⁡⁡Update⁡position⁡locally: 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡GP_i²⁡ = ⁡G_i⁡ +⁡(1⁡ − ⁡2 ∗ rand()) ⁡∗ ⁡(ub⁡ − ⁡lb)/t  
17:⁡⁡⁡⁡⁡⁡⁡⁡⁡If⁡fitness⁡improves: 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡G_i⁡ = ⁡GP_i²  
18:⁡⁡⁡⁡⁡End⁡For  
19:⁡End⁡For  
20:⁡Select⁡best⁡solution⁡G_best  
21:⁡Apply⁡pruning⁡based⁡on⁡G_best: 
⁡⁡⁡⁡⁡⁡⁡⁡−⁡Remove⁡less⁡important⁡layers/filters  
22:⁡Train⁡optimized⁡KO − StackedLSTM⁡model  
23:⁡Output⁡compressed⁡model 

4. PERFORMANCE EVALUATION  
This section is concerned with the evaluation of the KO-StackedLSTM model implemented using the means of 
the Python programming language. The efficiency of the proposed approach is demonstrated via reduction in 
terms of computational complexity, memory consumption, as well as in terms of decreasing model sizes while 
preserving performance for various types of adaptive compression methods. 
 
4.1 Data exploratory feature analysis  
Figure 3 (a-e) describes complexity characteristics, along with performance parameters of models, including 
variation in inference times, number of FLOPs per layer, and scores for determining layer significance in pruning 
approaches. Moreover, the figure indicates the dependency between FLOPs, energy, and memory requirements 
for models, revealing certain variability of computational resources for training purposes and highlighting the 
complexity-oriented goals of compression methods. 

 
Figure 3: The visualization of (a): Inference time variation across layers, (b): Layer-wise FLOPs 
distribution, (c): Score-based layer importance for pruning, (d): FLOPs versus energy consumption 
relationship, and (e): Memory utilization trends in complexity-aware model compression 
 
Figure 4 (a-c) depicts the pattern of distribution of layer importance scores, memory consumption parameters, 
as well as the patterns of function responses to parameter variations in PA, FA, and MA compression methods 
based on complexity considerations. 
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Figure 4: (a) Layer-wise complexity scores; (b) memory usage across PA, FA, and MA modes; (c) 
optimization behavior under different compression modes 
 
4.2 Comparison Phase 
CIFAR-10 [18] and ImageNet50 [18] are existing datasets and are commonly used to test the performance of 
DL models, including ResNet and DenseNet. ImageNet50 offers 50 classes with high-resolution 224x224 
images, while CIFAR-10 has 50k training and 10k test images that are 32x32. In Table 1, the proposed KO-
StackedLSTM was trained on such datasets, with a better compressed accuracy and much more FLOPs 
reduction than current models, thus showing better performance and efficiency. 
 
Table 1: Accuracy and Computational Efficiency Comparison on CIFAR-10 and ImageNet50 Datasets 

Model Original 
Acc. (%) 

Acc. 
↓ 

(%) 

Compressed 
Acc. (%) 

Original 
FLOPs 

(M) 

FLOPs 
↓ (%) 

Compressed 
FLOPs (M) 

 CIFAR-10 Dataset 
ResNet-56 [18] 93.52 0.77 92.75 127.62 72.11 35.59 
ResNet-110 [18] 93.76 0.72 93.04 257.09 80.05 51.28 
DenseNet-40 [18] 94.53 0.87 93.66 292.56 39.80 176.1 

KO-StackedLSTM [Proposed] 95.20 0.65 94.80 300.78 81.70 34.25 
 ImageNet50 Dataset 

DenseNet-121[18] 90.21 0.92 89.29 59.20 36.48 37.60 
KO-StackedLSTM [Proposed] 92.40 0.91 91.25 60.78 37.65 38.17 

 
The proposed KO-StackedLSTM and existing models, such as ResNet and DenseNet, were trained and evaluated 
on the Complexity-Aware Model Pruning Dataset [Proposed]. Table 2 and Figure 5 clearly demonstrate that our 
model not only performed better in terms of achieving higher compressed accuracy but also minimized the loss 
of accuracy while obtaining substantial improvements in FLOPS reduction, thus exhibiting better trade-off 
capabilities than the state-of-the-art methods. 
 
Table 2: Complexity-Aware Compression and Performance Analysis on the Proposed Dataset 

Model Original 
Acc. (%) 

Acc. ↓ (%) Compressed 
Acc. (%) 

Original 
FLOPs (M) 

FLOPs 
↓ (%) 

Compressed 
FLOPs (M) 

ResNet-56 94.10 0.76 93.14 126.40 73.34 34.67 
ResNet-110 94.25 0.71 94.16 256. 13 81.20 51.42 
DenseNet-40 95.56 0.86 94.56 291.70 40.34 175. 8 
DenseNet-121 91.12 0.91 90.78 60.15 37.05 36.57 

KO-StackedLSTM [Proposed] 97.17 0.68 96.38 294.80 83.40 32.15 
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Figure 5: Efficiency–Accuracy Trade-off Analysis of Compressed Deep Learning Models 
 
The proposed model presents a novel compression technique utilizing normalization, PCA for feature 
extraction, and pruning in the KO-StackedLSTM architecture. It allows for removing unnecessary layers without 
further training, and it stands out from other existing methods. However, the research is confined only to the 
ResNet-110 structure [18]. Also, the sensitivity of the method to training parameters needs to be considered. 
Moreover, pruning can be done excessively, thus resulting in loss of crucial features, and it still needs to measure 
the improvement in speed. 
 
5. CONCLUSION  
The research focuses on addressing the challenge involved in the adoption of DL models to limited-resource 
devices because of the massive computational, memory, and energy demands. The study proposes the KO-
StackedLSTM model, a complexity-aware model compression technique by pruning layers, Min-Max 
normalization, PCA, and adaptive mode (PA, FA, MA) without the need for iterative training. The KO-
StackedLSTM model gives significant performance on the provided data set, showing an accuracy rating at 
96.38% and FLOPs by 83.40%, thus demonstrating its effectiveness for deployment. However, the KO-
StackedLSTM model has some limitations with respect to specific architecture designs, being sensitive to 
parameter choices, susceptibility to over-pruning, and having no ability to validate results in real-world 
applications. Many of the limitations concerning the KO-StackedLSTM model would need to be evaluated in 
future research. 
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