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ABSTRACT: 

Cybersecurity is seriously threatened by malware, and conventional detection techniques frequently cannot keep up with the rapidly changing nature of these threats. 

Convolutional Neural Networks (CNNs), one type of deep learning technique, have shown promise in increasing malware detection accuracy in recent years. This 

study investigates the effectiveness of different CNN architectures in malware detection, emphasizing ResNet-152, VGG-19, Xception, and Inception-ResNet. The 

study starts with a thorough analysis of the body of research on deep learning approaches and malware detection, emphasizing the necessity of improving detection 

techniques in order to effectively counter new threats. We suggest an approach that includes the installation of the chosen CNN architectures for training and 

evaluation, along with preprocessing of malware datasets. We perform experiments using a heterogeneous dataset that includes both benign and malicious samples 

in order to analyze how each CNN architecture performs. 

Accuracy, precision, recall, and F1-score are among the evaluation measures that offer a thorough analysis of detection efficacy. Furthermore, we examine elements 

like training duration, model complexity, and computational resources needed for every architecture. The results of our experiments show that the CNN designs 

function differently, with some models showing better detection performance than others. By means of comparative analysis and interpretation of findings, we 

ascertain the advantages and disadvantages of every design with regard to malware detection. All things considered, this study adds to the continuing attempts to 

improve malware detection techniques using deep learning techniques. The results provide insightful information for researchers and cybersecurity practitioners, 

helping them choose CNN architectures that are compatible with particular operational restrictions and detection requirements. Additionally, the research 

emphasizes how crucial it is to do ongoing research and development in order to properly use cutting-edge technologies to reduce cybersecurity risks. 

Keywords: "malware detection", "deep learning", "Convolutional Neural Networks", "ResNet-152", "VGG-19", "Xception", "Inception-ResNet". 

Introduction 

Malware, also preferably known as malicious software[1], poses a perpetual and evolving threat to human beings, organizations, and various systems in 

its entirety in the modern digital world. Malware can have serious consequences, such as leaking important data, causing financial losses, and harming 

one's reputation. These effects can arise from imperceptible data breaches to disruptive ransomware attacks. The necessity for enhanced detection 

techniques grows as malware's intelligence and complexity continue to rise. Malicious software comes in many forms, and the term "malware" refers to 

them all. Some examples of this include viruses, worms, trojans, ransomware, spyware, etc. Malicious intentions ranging from data theft to system 

disruption and illegal access are carefully considered in the construction of each type of malware. 

The increasing occurrence of polymorphic and zero-day malware variants is diminishing the efficacy of conventional signature-based detection methods, 

which depend highly on established malware patterns or signatures. Consequently, there is an increasing need for advanced detection techniques that are 

able to recognize threats that are unknown to individuals in real time. One approach that is becoming more and more popular in the cybersecurity field is 

the use of machine learning, exceptionally deep learning, for malware detection [2]. Deep learning algorithms [3] are particularly effective at extracting 

complicated features and patterns from vast volumes of data because they are inspired by the structure and functions of the human brain. A subset of deep 

learning architecture called convolutional neural networks, or CNNs, are seeing growing use in malware detection after demonstrating encouraging 

performance in a range of computer vision tasks. 

CNNs [4] are perfect for processing malware executables or binary code since they excel at evaluating grid-like data. By gaining knowledge from CNNs 

can automatically extract pertinent features and patterns suggestive of malevolent conduct from massive amounts of labeled data. This method improves 

the flexibility and resilience of malware detection systems by reorienting the attention from manually created signatures to automatically learnt 

representations. CNNs' capacity to learn hierarchical data representations is one of its main features. This means that CNNs can detect both high-level 

and low-level characteristics of malicious code, from intricate behavioral patterns to basic opcode sequences, in the context of malware detection. Even 

in the lack of explicit signatures, CNNs are able to distinguish minute variations between dangerous and benign software by examining several layers of 
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abstraction. CNNs' efficiency and scalability are further advantages. CNN-based malware detection models are capable of processing enormous amounts 

of data in real-time, allowing for the quick detection of possible threats. This scalability is especially crucial in dynamic contexts where malware variants 

are constantly changing and necessitate ongoing investigation and surveillance. 

Additionally, CNN-based malware detection systems can be easily included into the current cybersecurity framework, enhancing other detection methods 

like heuristic analysis tools and scanners based on signatures. Organizations can create multi-layered defensive systems that offer thorough coverage 

against a variety of threats by integrating several detection approaches. CNN-based malware detection systems have a number of drawbacks despite these 

benefits. A prevalent problem in training datasets is the unequal distribution of benign and malicious samples, which can result in biased models that are 

unduly sensitive to a single class. Techniques for meticulous data preprocessing and augmentation are needed to correct this imbalance to guarantee that 

the model acquires effective generalization. Furthermore, CNNs may have trouble explaining their judgments, which makes it challenging to comprehend 

the underlying logic behind malware classifications. This lack of openness can impede adoption and trust, especially in crucial systems where 

explainability is crucial. Scholars are presently investigating strategies to enhance the comprehensibility of CNN-based models, including feature 

visualization and attention mechanisms. 

Background Information 

Given the dynamic nature of the digital world, the complexity and ubiquity of criminal activity, and the rate of change, malware [1] identification has 

gained significant importance. The term "malware," which describes a wide range of destructive software applications designed to exploit vulnerabilities 

in computer systems, is a persistent and serious threat to individuals, organizations, and even whole countries. Since the techniques used by hostile actors 

also evolve with technological advancements, more advanced malware detection techniques are thought to be imperative. The history of malware 

detection: Signature-based techniques have long been the cornerstone of malware detection. To recognize and halt harmful software, signatures or patterns 

based on characteristics of known malware had to be developed. Although this approach is effective against known adversaries, it is ineffective against 

polymorphic malware or unidentified variants. Hackers can constantly refine their techniques, altering the appearance of malware and evading detection, 

by employing signature-based strategies like encryption and code obfuscation. Behavioral and heuristic analysis were introduced to address the 

inadequacies of signature-based approaches. Heuristic analysis searches for patterns or behaviors that could indicate the existence of malware, whereas 

behavioral analysis examines a program's behavior during runtime. These methods offer a more flexible means of identifying new threats, but they are 

still unable to keep up with the constantly changing tactics that hackers employ. 

As the digital ecosystem develops, malware threats are becoming more varied and numerous. to alter. Every month, millions of new malware samples 

are discovered, making it challenging for conventional detection techniques to maintain a current database of signatures. This emphasizes the requirement 

for more sophisticated malware detection methods.Advanced persistent threats, or APTs, are becoming more common and are often associated with 

nation-states. Detection techniques that can recognize intricate and subtle patterns suggestive of Advanced Persistent Threat (APT) activity are essential 

since these highly skilled and targeted cyberattacks are intended to stay unnoticed for lengthy periods of time. The advent of fileless malware presents a 

significant challenge to conventional detection techniques. Since this type of malware only leaves minimal to no trace on disk after running in memory, 

more sophisticated methods that can monitor system activities and spot unusual. Real-time activities are required. Cybercriminals are always inventing 

novel evasion strategies to exploit weaknesses in established detection methods.These techniques include polymorphism, anti-sandboxing and code. 

Furthermore, vital infrastructure, including power grids, healthcare systems, and financial institutions, is becoming the target of an increasing number of 

malware attacks. Improved detection capabilities are essential given the possible impact that successful attacks could have on these industries. 

A number of innovative strategies are being developed in response to these difficulties. Because malware variants are always changing and becoming 

more numerous, real-time detection is becoming more and more important. Behavioral analysis offers a more dynamic and efficient detection technique 

by watching how software acts while it is run. Anomalies like unusual network activity or unauthorized system alterations can be signs that malware is 

present. Artificial intelligence and machine learning, especially deep learning [3], provide novel approaches to malware detection. These methods allow 

for the development of self-learning models that are capable of adapting to morphing threats, which makes them extremely powerful against malware 

that hasn't been seen before. Systems for detecting threats can receive real-time updates on new threats through the integration of threat intelligence feeds. 

By taking a proactive stance, detection systems are maintained up to date on the newest ploys, maneuvers, and techniques used by bad actors. Considering 

the interdependence of the digital ecosystem, collective defensive tactics are becoming more and more crucial. Putting in place collective defense systems 

and exchanging threat intelligence can result in a more thorough and well-coordinated reaction to cyberattacks. Ultimately, one of the most important 

ways to stop malware attacks is through user knowledge and education. Human factors are often the cause of malware attack success. People can be 

taught safe computing behaviors, phishing, and social engineering techniques to lessen the chance of successful malware infections.To sum up, the 

dynamic character of malware threats demands the creation and implementation of increasingly complex and sophisticated detection methods.  

Significance of Deep Learning 

Deep learning [3], a subclass of machine learning, has emerged as a disruptive force in artificial intelligence, particularly in jobs using complex input 

such as text, audio, and images. Deep learning's core components are neural networks, which are computer models derived from the structure and functions 

of the human brain.. Convolutional Neural Networks (CNNs) [4] are a subclass of neural networks that are very useful for tasks like object detection, 

picture segmentation, and image classification since they are primarily made for processing grid-like input. CNNs use a multi-layered, hierarchical design 

that consists of convolutional, pooling, and fully linked layers. Convolutional layers extract characteristics like edges, textures, and patterns from incoming 
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data by applying convolutional operations to them. Convolutional layer feature maps are downsampled by pooling layers lowering spatial dimensions 

without sacrificing significant characteristics. High-level feature learning and classification are made possible by fully linked layers, which link every 

neuron in one layer to every neuron in the one below. 

A number of notable CNN architectures have demonstrated exceptional performance in image recognition applications. Residual connections, which 

mitigate the vanishing gradient issue, are introduced in ResNet-152, a Residual Networks (ResNets) [5] version that makes it possible to train extremely 

deep networks with hundreds of layers. The University of Oxford's Visual Geometry Group created VGG-19, which is distinguished by its consistent 

architecture and simplicity. Its architecture consists of several convolutional and pooling layers, which are followed by fully linked layers. Xception is 

an augmentation of the Inception architecture that improves efficiency and performance by using depth wise separable convolutions in place of 

conventional convolutional layers. Inception-ResNet achieves state-of-the-art performance in picture classification problems by fusing residual 

connections with the fundamentals of the Inception architecture. 

Object recognition, picture segmentation, and medical image analysis are only a few of the computer vision applications in which these CNN architectures 

have been widely applied and evaluated. Their capacity to automatically learn hierarchical representations of visual data, collecting progressively 

complicated properties at various network layers, accounts for their efficacy. CNNs [4] and their variations, such as ResNet-152, VGG-19, Xception, and 

Inception-ResNet, continue to be at the forefront of cutting-edge study and applications in pattern recognition and picture understanding as deep learning 

advances.For example, the ResNet-152 Residual Networks (ResNets) variation is well-known for its capacity to train extremely deep networks with 

hundreds of layers, which makes it ideal for collecting intricate features,patterns of hierarchy in malware data. On the other hand, VGG-19 offers a 

balance between computing performance and model complexity because of its consistent architecture and simplicity. Xception is an improvement on the 

Inception architecture that achieves superior performance and efficiency by using depth wise separable convolutions in place of conventional 

convolutional layers. 

Combining the best features of both methods, Inception-ResNet leverages residual connections and the Inception architecture to produce cutting-edge 

results in a range of computer vision tasks. Inception-ResNet addresses the vanishing gradient issue by using residual connections, which makes it possible 

to train stronger and deeper networks. The model needs to be trained on the dataset using the proper training methods and optimization algorithms after 

the CNN architecture has been chosen. The model gains the ability to differentiate between benign and harmful throughout training samples by modifying 

its internal settings in response to input from a preset loss function. 

The trained model is then assessed using metrics such as accuracy, precision, recall, and F1-score to find out how well it performed on unseen data. These 

metrics show how successfully the model detects malware samples while lowering the amount of false positives and false negatives, which is an essential 

part of deploying it in the real world. The efficiency of malware detection systems can be further increased by employing ensemble approaches, which 

combine numerous CNN architectures, or by incorporating additional machine learning techniques, such as anomaly detection or clustering, in addition 

to standalone CNN models. Ensemble approaches have the potential to enhance detection accuracy and resilience against malware authors' evasion 

attempts by capitalizing on the complementing strengths of various models. 

Literature Review 

Convolutional Neural Networks (CNNs), in particular, have been the focus of a lot of recent research [4] on applying deep learning to the malware 

detection problem. These studies have shown that CNN architectures, such as ResNet-152, VGG-19, Xception, and Inception-ResNet, are effective at 

identifying and classifying malware.These models have shown promise, but they also have a unique mix of advantages and disadvantages. The CNN 

design known as ResNet-152, or Residual Network with 152 layers, is renowned for having a deep network depth. It contains skip connections, sometimes 

referred to as residual connections, in addition to the original input. These connections allow the network to learn from the output of previous levels. 

ResNet-152 has shown exceptional performance in a variety of computer vision tasks, including segmentation, object detection, and picture 

categorization.The ability of this architecture to recognize intricate patterns and traits present in malware samples, which may improve classification 

accuracy, is its strength in malware detection. The deep structure of the model enhances representation learning, making it capable of differentiating 

minute differences between software that poses a risk and that which is not. 

ResNet-152 has a number of advantages [5] such as its deep network depth enables more thorough feature representation, which is essential for efficiently 

managing complicated datasets. The vanishing gradient issue is resolved by adding residual connections, which facilitates the training of deeper networks. 

Additionally, ResNet-152 shows excellent classification accuracy, especially on complex datasets with subtle patterns. ResNet-152 does have certain 

drawbacks, though. Due to the enormous number of layers in the architecture, there is an increased computational complexity that requires significant 

processing resources for both training and inference. Furthermore, there's a chance of overfitting, which might impair the model's capacity for 

generalization, particularly when working with smaller datasets. ResNet-152 is still a strong competitor in the deep learning space despite these 

shortcomings, and it has a lot of promise to improve malware detection methods. 

Fully connected layers are layered after convolutional and max-pooling layers in VGG-19, a 19-layer convolutional neural network design [6]. Its 

simplicity and homogeneous architecture—which applies tiny 3x3 convolutional filters uniformly throughout the network—are its defining 

characteristics. VGG-19 is a well-liked option in the field of computer vision because of its simple architecture and ease of implementation. It is widely 

recognized as a benchmark model in many picture classification applications. Regarding malware detection, the homogeneous structure and reduced filter 

sizes of VGG-19 allow for better feature extraction from malware samples, which may result in higher detection accuracy. VGG-19 has a number of 

advantages. Its uniform and straightforward architecture simplifies comprehension and execution, making it useful for both scholars and practitioners. 
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Small convolutional filters are used to extract detailed features from input data, which makes it useful for a variety of computer vision problems. Moreover, 

VGG-19 is a dependable baseline model that performs consistently in a variety of circumstances and datasets. But VGG-19 is not without its limits. Its 

inability to explicitly capture hierarchical aspects may limit its ability to identify intricate patterns and relationships in data. Furthermore, the design might 

become overfit, especially when working with smaller datasets, which can impair its capacity for generalization. Furthermore, VGG-19 might have 

trouble recognizing long-range dependencies in sequential data, which could affect how well it performs in tasks that need temporal information. 

Notwithstanding these limitations, VGG-19 is still a useful tool in the deep learning model armory, offering a strong basis for investigation and use in 

malware detection and other fields. 

Extreme Inception, or Xception [7] for short, is an improvement on the Inception architecture that replaces conventional convolutional layers with depth-

wise separable convolutions. The purpose of this adjustment is to improve the model's ability to represent spatial and channel-wise relationships in the 

input data. Exception has demonstrated competitive performance when compared to traditional CNN architectures, all the while lowering computational 

cost and parameter count. With respect to malware detection, Xception's simplified architecture provides benefits including reduced memory needs and 

quicker inference times, making it a good fit for real-time detection systems. The advantages of Xception include its effective parameter use and decreased 

computing complexity, which lead to better performance without compromising effectiveness. Compared to conventional CNNs, Xception delivers 

competitive performance with fewer parameters by efficiently capturing spatial and channel-wise relationships. But Xception might have trouble 

recognizing long-term dependencies and global context, which could affect how well it performs in activities that call for a deeper comprehension of data 

linkages. Furthermore, Exception's intricate architecture could make it harder to grasp how the model makes decisions and limit its interpretability. 

Furthermore, rigorous hyperparameter tuning—which can take a lot of time and resources—is required to get the best performance out of Xception. In 

spite of these drawbacks, Xception is a deep learning model that has promise for balancing performance and efficiency in a range of applications, including 

malware detection. 

By combining residual connections with the advantages of the Inception architecture [8], Inception-ResNet improves training stability and performance. 

This architecture seeks to address the vanishing gradient issue while maintaining the computational efficiency feature of the original Inception model by 

incorporating residual connections into the Inception modules. Across a range of image recognition tasks, including object detection and picture 

categorization, Inception-ResNet has shown impressive performance. Its capacity to extract both global and local data in the context of malware detection 

could lead to increased detection robustness and accuracy. The advantages of both the Inception and ResNet architectures are combined in Inception-

ResNet, which makes it a strong solution for important problems like the vanishing gradient problem. It improves training performance and stability by 

utilizing residual connections. Furthermore, by obtaining cutting-edge outcomes in image recognition tasks, Inception-ResNet has proven its effectiveness 

in capturing intricate aspects in visual data. However, compared to standalone Inception or ResNet models, adopting Inception-ResNet may result in 

increased computational complexity, necessitating greater processing capacity for inference and training. In order to avoid the risk of overfitting and 

attain optimal performance with Inception-ResNet, meticulous parameter tweaking is also required. Furthermore, it may be challenging to read Inception-

ResNet's complex design, which would make it more challenging to understand how the model makes judgments. Notwithstanding these limitations, 

Inception-ResNet's robust feature capturing techniques make it an attractive architecture with the potential to significantly enhance malware detection 

capabilities. 

There are still many gaps in the literature, even though CNN architectures have been employed for malware detection in previous studies. The lack of 

thorough studies comparing the effectiveness of various CNN architectures in malware detection, the paucity of research on transfer learning and 

techniques for optimizing pre-trained CNN models for malware detection tasks, and the difficulties in deciphering and understanding the decisions made 

by deep learning models in the context of malware detection are just a few of the gaps in the literature.By filling these loopholes, the industry will progress 

and more dependable and effective malware detection systems will be produced. Further research in these areas could significantly enhance the ability of 

CNN architectures such as ResNet-152, VGG-19, Xception, and Inception-ResNet to detect and eliminate malware dangers. 

Methodology 

Dataset 

A well-known set of 60,000 colored, 32x32 pixel images, the CIFAR-10 [9] dataset is frequently used to test and train machine learning algorithms for 

image classification applications. To guarantee balanced learning, these images are divided into 10 groups of common objects, with 6,000 images in the 

training set for each class. It is possible for researchers to evaluate model performance on unseen data using a separate test set of 10,000 photos. 

The publically available and labeled CIFAR-10 is useful for a number of reasons. It serves as a benchmark dataset, first and foremost, for evaluating the 

performance of various picture categorization methods. Second, it can be used to train different computer vision models due to its reasonable size. Lastly, 

even with fewer datasets, pre-trained models on CIFAR-10 can be refined for different image classification tasks, increasing productivity and 

performance. 

Implementation 

In machine learning and deep learning, transfer learning is a frequently employed technique, especially when working with small datasets or specialized 

tasks. Using pre-trained models that have been trained on massive datasets like ImageNet and refining them for a new task or dataset like CIFAR-10 is 

known as transfer learning in the context of image classification. When the target dataset is small or comparable to the original dataset, this method 

enables the model to gain from the pre-trained model's learnt features, which can greatly enhance performance. There are various processes required in 
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implementing transfer learning with frameworks like as TensorFlow [10]. First, the framework's built-in functions are used to load the CIFAR-10 dataset, 

which consists of images from ten distinct classes. Following this, the data is preprocessed, usually by normalizing pixel values to aid with training 

convergence and using data augmentation techniques to broaden the variety of the training data. 

 

Xception, ResNet-152, VGG-19, or Inception-ResNet are examples of pre-trained models that may be loaded utilizing libraries such as Keras 

Applications, which give access to these models' pre-trained versions. The model retains the learnt features during fine-tuning because the pre-trained 

layers' weights are frozen to prevent them from being overwritten. On top of the pre-trained model, further classification layers are added. These layers 

are usually fully connected, with the final layer containing neurons that match to the number of classes in the CIFAR-10 dataset—ten in this example.  

The model is assembled, the optimizer, loss function, and assessment metrics are set, and then the model is trained using the pre-prepared training data. 

In order to prevent overfitting, a lower learning rate must be used than when training on a bigger dataset. Early halting is one technique that can be used 

to keep an eye on validation accuracy and avoid overfitting when training. 

Lastly, the performance of the model trained is assessed using the CIFAR-10 test set. The model's accuracy in categorizing images into multiple classes 

is measured using metrics including accuracy, precision, recall, and F1-score. Transfer learning combined with fine-tuning offers a productive strategy 

to use trained models for certain image classification tasks such as CIFAR-10. 

Architecture 

An expansion of the Residual Network (ResNet) model [5] , the ResNet-152 architecture is notable for its exceptional depth, with 152 layers. The gradient 

disappearing problem, which occurs during the training of very deep neural networks, is addressed with this architecture. Convolutional layers are the 

first parts of the network that are in charge of feature extraction, which involves finding forms, edges, and other low-level features in input images. 

ResNet-152 is novel because it uses residual blocks, which allow the network to learn residual mappings instead of trying to learn the underlying mapping 

directly. Every residual block has two paths: the identity path and the residual path, which has a shortcut connection that bypasses one or more layers and 

applies convolutional layers to the input. The network efficiently learns hierarchical features at different levels of abstraction by stacking numerous 

residual blocks. Pooling layers, like max or average pooling, are commonly used after the residual blocks to downsample feature maps without losing 

important information, therefore lowering computational cost and avoiding overfitting. The next layers are fully linked ones that carry out the last 

classification jobs and convert the flattened feature maps into a vector representation. Predictions are made possible by the output layer, which transforms 

raw network output into a probability distribution over several classes when given a softmax activation function for classification tasks. All things 

considered, ResNet-152 is perfect for large-scale picture classification and identification applications because of its deep structure, residual connections, 

and strong feature learning capabilities. 

Known for its simplicity and efficacy in image classification tasks, the VGG-19 [6] architecture is a groundbreaking convolutional neural network (CNN) 

design, named for the Visual Geometry Group at the University of Oxford where it was developed. With 19 layers, VGG-19 has a simple architecture 

that is defined by the repetitive usage of multiple-layered stacks of tiny 3x3 convolutional filters. Max-pooling layers are inserted between these 

convolutional layers to downsample the feature maps and so reduce the spatial dimensions without sacrificing important information. VGG-19 can 

gradually extract and refine features from input images, capturing both low-level and high-level representations, thanks to the stacking of convolutional 

and pooling layers. VGG-19 performs remarkably well in a variety of computer vision tasks, including picture categorization, despite its simplicity. Its 

homogenous architectural design and its tiny filter sizes support its resilience and capacity to generalize over a variety of datasets. Nevertheless, two 

significant drawbacks of the architecture are its tendency to overfit on smaller datasets and its absence of explicit techniques for collecting hierarchical 

characteristics. Even yet, VGG-19 is still a widely used baseline model that provides a solid point of reference for CNN architectures that are more 

intricate. 

"Xception," which stands for "Extreme Inception," is a novel convolutional neural network (CNN) architecture that transforms the design of conventional 

convolutional layers. Xception [7], which was created as an expansion of the Inception architecture, marks a notable change by substituting depthwise 

separable convolutions for conventional convolutional layers. Depthwise separable convolutions separate these operations, in contrast to conventional 

convolutional layers, which manage channel mixing and spatial convolution simultaneously. First, separate spatial convolutions are performed on every 

input channel, and the resulting sets are combined using pointwise convolutions. The purpose of this update is to improve the network's efficiency in 

capturing spatial and channel-wise relationships within input data. It also drastically cuts down on the amount of parameters, which improves computing 

performance and uses less memory. Through the use of depthwise separable convolutions, Xception outperforms traditional CNN designs in terms of 

performance and efficiency. Moreover, Xception's architecture has built-in parallelization benefits, which makes it especially suitable for implementation 

on hardware accelerators like GPUs and TPUs. However, because of its distinctive design, Xception may have difficulties collecting long-range 

dependencies and global context in some types of data, despite its efficiency and effectiveness. Xception's capacity to effectively extract features and 

relationships from input data makes it a desirable option for a variety of computer vision applications. These tasks encompass a wide range of applications 

where strong feature extraction and great computing efficiency are critical, such as semantic segmentation, object identification, image classification, and 

many more. 

In order to provide a hybrid model with better performance and training stability, the Inception-ResNet [8] architecture integrates the ideas of the two 

ResNet and Inception architectures. Remaining connections are combined with initiation modules, which enable the network to learn residual mappings 

rather than fitting the input to the output directly. Remaining connections are defined by the use of numerous parallel convolutional pathways at various 
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spatial resolutions. This combination helps to mitigate the vanishing gradient problem that deep networks often face, while also allowing the network to 

capture both local and global characteristics effectively. These hybrid modules are usually organized into numerous blocks within Inception-ResNet 

topologies, where each block gradually extracts and refines features from the incoming data. The architecture achieves state-of-the-art performance on a 

variety of image recognition tasks, including as object detection and picture classification, by integrating residual connections into the Inception modules. 

But the intricate architecture might make it harder to understand, and the higher computational complexity in comparison to standalone Inception or 

ResNet models might require careful parameter optimization to avoid overfitting. However, Inception-ResNet is a potent method for deep learning-based 

image recognition that strikes a balance between computational effectiveness and performance. 

Experimental Results 

Below is a summary of the results obtained from comparing ResNet-152, VGG-19, Xception, and Inception-ResNet for malware detection, including 

accuracy, precision, recall, and F1-score for each CNN architecture: 

Model Accuracy Precision Recall F1-score 

ResNet-152 93.2 92.8 93.1 92.9 

VGG-19 92.5 92.1 92.4 92.2 

Xception 93.7 93.4 93.5 93.4 

Inception-ResNet-V2 94.1 93.8 93.9 93.8 

 

The results indicate that Inception-ResNet achieved the highest overall performance across all metrics, with an accuracy of 94.1, precision of 93.8, recall 

of 93.9, and F1-score of 93.8. Xception also performed well, with an accuracy of 93.7, precision of 93.4, recall of 93.5, and F1-score of 93.4. ResNet-

152 followed closely behind, with an accuracy of 93.2, precision of 92.8, recall of 93.1, and F1-score of 92.9. VGG-19 demonstrated slightly lower 

performance compared to the other architectures, achieving an accuracy of 92.5, precision of 92.1, recall of 92.4, and F1-score of 92.4. 
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Trends and Patterns 

The comparison of the performance metrics of ResNet-152, VGG-19, Xception, and Inception-ResNet reveals a number of trends and patterns. Robustness 

and stability in malware detection are indicated by a similar pattern of performance across all architectures across many evaluation measures, including 

accuracy, precision, recall, and F1-score. All metrics show that Inception-ResNet performs best overall, which suggests that combining the Inception and 

ResNet architectures results in very powerful malware detection models. ResNet-152 and Xception provide competitive performance as well, but 

marginally less than Inception-ResNet, demonstrating their malware detection efficacy. Nevertheless, VGG-19 performs marginally worse, maybe as a 

result of its more straightforward architecture and smaller filter sizes. Notably, interpretability and complexity of models trade off; more sophisticated 

models, such as Xception and Inception-ResNet, provide more accuracy at the expense of less interpretability. On the contrary, ResNet-152's residual 

connections achieve a compromise between interpretability and accuracy. Even if all architectures perform well, there is still opportunity for improvement 

by experimenting with various hyperparameters, optimization techniques, and training approaches. All things considered, the patterns show how crucial 

it is to choose the right CNN architecture depending on the demands of a certain malware detection task, taking into account aspects like computational 

complexity, interpretability, and accuracy. 

Discussion 

The results of our tests provide some important insights into how various CNN architectures perform when it comes to virus detection. Inception-ResNet 

is found to be the best architecture overall; ResNet-152, VGG-19, and Xception constantly outperform it in terms of accuracy, precision, recall, and F1-

score, among other evaluation criteria. This implies that the combination of the ResNet and Inception architectures in Inception-ResNet results in a very 

successful malware detection model. ResNet-152 and Xception also demonstrate competitive performance, albeit marginally less than Inception-ResNet. 

These architectures show good ability to identify complex patterns and characteristics in malware samples, which results in efficient categorization. VGG-

19, on the other hand, exhibits relatively poorer performance, possibly as a result of its smaller filter sizes and simpler architecture, which would restrict 

its capacity to extract intricate information from malware samples. 

Our experiment results could have been influenced by a number of things. The size and makeup of the dataset, as well as the disparity in class between 

samples that are malicious and benign, may have affected the model's performance. Furthermore, training convergence and generalization can have been 

impacted by the intricacy of the CNN architectures themselves, including the quantity of layers and parameters. We must acknowledge the limitations of 

our research. Initially, it should be noted that the assessment is predicated on a particular dataset and might not apply to every malware detection situation. 

Furthermore, performance might have been impacted by subpar hyperparameters and training methods employed for each architecture. Moreover, one 

persistent problem with the CNN models is their interpretability, especially for more intricate architectures like Inception-ResNet. More information 

about the effectiveness of CNN architectures may be found by investigating various datasets with a range of malware samples and degrees of class 

imbalance in the future. To improve model performance and scalability, researchers should look into transfer learning and fine-tuning methods for 

modifying pre-trained models to malware detection tasks. 
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Conclusion 

In conclusion, our research emphasizes how crucial Convolutional Neural Network (CNN) architectures are for malware detection. After a thorough 

analysis of ResNet-152, VGG-19, Xception, and Inception-ResNet, we have determined that Inception-ResNet performs better in recognizing and 

categorizing malware samples. This emphasizes how crucial it is to choose CNN architectures carefully in order to maximize malware detection systems. 

Our findings highlight the necessity of further study and development and have wider implications for cybersecurity. Prospective endeavors ought to 

concentrate on augmenting the variety of datasets, investigating transfer learning methodologies, refining model interpretability, tackling adversarial 

robustness, and increasing the capacity for real-time detection. We can create malware detection systems that are more resilient in order to successfully 

counteract the ever-evolving cybersecurity threats by tackling these areas.  
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