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Abstract

Machine learning (ML) and deep learning (DL)
approaches have become parts of modern malware
detection systems because of their capabilities to evaluate
complex and large amounts of data. Unfortunately, while
many models have demonstrated strong detection
accuracies in laboratory settings, they have significant
limitations when placed in operational, security-critical
environments. Some examples of such limitations include
a lack of interpretability, exposure to adversarial evasion,
high false-positive rates, and degraded performance with
the passage of time. This paper proposes a Secure
Interpretable Deep Convolutional Network (SIDCN)
that incorporates interpretability into the learning process.
In contrast to conventional black-box models and post-
hoc methods for providing explanations for the behavior
of model predictions, SIDCN co-optimizes the accuracy
of malware detection and the stability of explanatory
outputs. The proposed approach employs a method for
enforcing explanation-consistency regularization that
allows for the generation of stable and robust explanatory
outputs under adversarial perturbations. Additionally, the
instability of explanatory outputs has been used as an
additional signal to identify behavior that may be
abnormal or evasive. Results from both an experimental
analysis and real-world attack case studies demonstrate
that the proposed SIDCN yields enhanced
trustworthiness, robustness and operational effectiveness
compared with conventional ML/DL-based malware
detection systems and is, therefore, applicable within real-
time security scenarios.

Keywords

Malware Detection, Interpretable Deep Learning,
Cybersecurity, Adversarial Attacks, Explainable Al

© 2026, IJSREM | https://ijsrem.com

1. Introduction

The rapid rise of new malware types and the
increasing complexity of cyberattacks are significant
drivers for the development of ML and DL techniques
used in today’s malware detection systems. Unlike
traditional signature-based methods that utilize pre-
defined definitions (i.e., Patterns) to detect threats they are
not well suited to handle, such as zero-day (new) or
evolving threats, ML and DL models can automatically
learn complex behavioral or structural characteristics
from large-scale datasets, which provides more effective
and adaptable detection for malware.

While ML/DL-based malware detection systems
have many obvious advantages, the process of deploying
them in real-world information security environments has
a number of significant issues. For example, security
analysts frequently encounter false-positive rates that are
very high, which leads to alert fatigue, increased
operational costs and potential consequences of missed
genuine threats. Another issue is that most deep learning
models are black boxes; they do not provide enough
insight into how detection decisions are made. Therefore,
the lack of interpretability makes it difficult to validate
these models and conduct post-failure analysis, while also
increasing uncertainty in respect to regulatory compliance
and accountability for their outputs.

Moreover, ML/DL-dependent detectors are
vulnerable to evasion and adversarial attack types that
allow attackers to modify the input so that it is no longer
detected as a threat, but the malicious behavior remains
the same. As examples of use cases that require reliable
predictions to be made include enterprise networks,
critical infrastructure and defense systems, opaque or
unreliable predictions will not be acceptable in these
security-critical areas. This indicates the requirement for
next-generation malware detection systems that will
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provide interpretability, robustness and trust in addition to
provide a higher predictability accuracy.

2. Limitations of Early ML and DL-Based Malware
Detection Models

Despite their success, early ML and DL malware
detection models exhibit several disadvantages:

2.1 Black-Box Nature

Deep Learning/DNNs do not provide any evidence as to
why something will be identified as a malicious or benign
item, leading to mistrust of analysts and thus complicates
the incident response process for the organization.

2.2 High False Positive Rates

Many legitimate applications can appear to exhibit
properties that are extremely similar to some types of
malware. Even minor changes to applications can lead to
multiple false positives (alerts), since the two may share
many characteristics, which therefore causes considerable
disruption to business operations due to high numbers of
alerts being generated, creating alarm fatigue in Security
Operations Centers (SOCs).

2.3 Vulnerability to Adversarial Evasion

Attackers can use standard methods of defeating ML/DL
detection such as changing the code or attributes of
malware but still keeping the functionality of it, by
making small changes to either the code or its attributes.

2.4 Zero-Day Generalization is Poor

Models built from previous data don’t perform as well to
identify new or altered families of malware.

2.5 Concept Drift & Model Degradation

Malware is constantly changing, which affects the ability
for ML/DL models to accurately detect malware; failure
to retrain the models will significantly decrease their
performance fairly quickly.

2.6 Substantial Computational Overhead

Deep ML/DL models require enormous amounts of
computation, therefore, cannot be run in real-time and/or
resource constrained environments.

3. Real-Time Attacks Against ML-Based Malware
Detection Systems

Findings from both real-world incidents and research-
backed case studies expose vulnerabilities of current

© 2026, IJSREM | https://ijsrem.com

ML/DL-based malware detection technologies as
outlined:

e Adversarial Evasion Attacks: Tests have
demonstrated that slight changes made to the
original malware file can easily get passed the
production quality ML detection systems.

e Android Malware Evasion: The Evade Droid
attacks demonstrate that a transformed benign file
may avoid any detection from academic or
commercial systems while still executing
malicious activity.

e Black-Box Attacks: Attackers may misuse both
their knowledge regarding how a classifier
function and how to manipulate/features without
the need of knowing the internal workings of that
classification model.

e Silent Attacks: Most evasion methods do not
trigger any alerts allowing extended use by
malware undetected during lengthy intervals.
The above examples provide evidence that the
single criterion of accuracy is not adequate for
real-world detection of malware.

These incidents confirm that accuracy alone is
insufficient for real-world malware detection.

4. Proposed System: Secure Interpretable Deep
Convolutional Network (SIDCN)

In order to overcome the shortcomings of existing
methods, we propose a deep learning architecture that is
both interpretable and security-aware, which we call
SIDCN.

4.1 System Architecture

The underlying framework of SIDCN is based on a deep
convolutional network specifically designed for the
representation of malware features. Within this
architecture, we incorporate interpretability through
mechanisms for attention and for feature attribution.

4.2 Explanation-Stability Regularization

During the training of SIDCN, we impose constraints on
stability of explanation maps, thereby ensuring that the
importance of a given feature will be relatively consistent
across small perturbations to the input and within
adversarial conditions.

4.3 Explanation-Based Security Signal

As well as being used for predicting the class of the input
sample, SIDCN also tracks variability of explanations.
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Any sudden changes (e.g., unstable states) in explanations
will be flagged as abnormal and/or potentially indicative

5. Comparative Analysis: Traditional ML vs Deep
Learning vs SIDCN

of adversarial activity.
Y Table 1 will clearly show the differences and benefits of

the SIDCN versus other methods (traditional machine
learning & deep learning) on creating highly interpretable
predictions with high accuracy and precision.

Table 1: Comparison of Malware Detection Approaches

Criteria Traditional ML Models Deep Learning Models Proposed SIDCN

Feature Manual, handcrafted Automatic feature learning Automatic + explanation-aware
Engineerin

g

Interpretabi | High (rule/feature-based) Very low (black-box) High (built-in interpretability)
lity

Detection | Moderate High High

Accuracy

False Limited Poor in real-time Improved via explanations
Positive

Control

Robustness | Low Moderate High (explanation stability)

to Evasion

Zero-Day Weak Moderate Improved via behavior insights
Detection

Adversarial | None Limited Explanation instability
Awareness detection

Computatio | Low High Moderate

nal Cost

Analyst High Low High

Trust

Suitability | Moderate Limited High

for Real-

Time

Deploymen

t

Whereas traditional machine learning relies on static
features and deep learning models are black boxes that are
difficult to interpret, the SIDCN balances accuracy,
interpretability, and robustness making it more
appropriate for real world malware detection.

6. System Architecture of SIDCN

Real-time malware detection is the target of the Secure
Interpretable Deep Convolutional Network (SIDCN),
which has been created as a modular, expandable
framework. This architecture unites three important
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components — detection, interpretation, and security —
into one streamlined system that consists of three major
components forming one continuous process of detection,
interpretation, and security-monitoring.

6.1 Input Layer and Feature Representation

SIDCN can accept malware samples in either static (byte
strings, opcode n-grams, permissions, etc.) or dynamic
(API call sequences, system events, etc.) formats. The
data representations will be processed in a structured
manner to make them appropriate for the use of
Convolutional processing.

6.2 Deep Convolutional Feature Extractor

An ML-based convolution network (CNN) learns
different types of malware signatures in a hierarchical
manner using multiple layers. The convolutional filters
used by the model learn both local and global patterns that
help in determining which activities are malicious and
which activities are safe. In contrast to standard CNNss,
there is a deliberate effort to maintain an understanding of
feature attribution during processing within the SIDCN.

6.3 Interpretability Module

An integrated interpretability layer produces explanation
maps via the assignment of an importance score to a
learned feature, and produces a map highlighting the most
significant  behavioral or structural component
contributing to a classification decision. This module also
replaces the need for post-hoc methods of establishing an
explanation.

6.4 Explanation-Stability Regularization

During the training phase, SIDCN applies constraints on
explanation stability by reducing variation in explanation
maps in accordance with small perturbations to input data.
Thus, it allows for consistent reasons for a given
prediction and decreases susceptibility to adversarial
manipulation.

6.5 Security Monitoring and Anomaly Detection

SIDCN reviews the patterns of explanation during the
inference phase for any significant changes or
irregularities in the stability of the explanation
corresponding to each prediction. Any significant change
or instability can be considered an indication of an attempt
to conduct adversarial behavior or distribute new
malware, therefore an alert will occur regardless of the
confidence level in the prediction.

6.6 Output Layer and Analyst Interface

The output consists of two parts: classification result and
explanation corresponding to the classification result.
These two outputs will assist analysts in validating the
prediction, responding to incidents, and conducting
forensic investigations quickly.

7. Advantages of SIDCN Over Early Models

The SIDCN method eliminates the most serious
shortcomings of prior malware detection methods, Like:

e Introduction of interpretability directly into the
machine-learning process.

e Lowering the false-positive rate from providing
an explanation of how a decision was made.

e Improving robustness against evasion and
adversarial attacks.

e Providing warning signs early using explanation
instability.

e Supporting human involvement in securing
operations.

8. Related Work and Citations

The proposed work builds upon and extends prior
research in malware detection, explainable AI, and
adversarial robustness.

Key references include:
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Attacks on Android Malware Detectors,” USENIX
Security, 2021.

[3] A. Kurakin et al., “Adversarial Examples in the
Physical World,” ICLR, 2017.

[4] M. Ribeiro et al, “Why Should I Trust You?
Explaining the Predictions of Any Classifier,” KDD,
2016.
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9. Discussion

SIDCN closes the gap between high-performing deep
learning models and real-world security needs by
elevating interpretability to a primary goal, rather than a
secondary consideration. Stability of explanations
increases both trust and improves resilience in the face of
changing attacks.

10. Conclusion

In this article, we have presented a Secure Interpretable
Deep Convolutional Network (SIDCN) for malware
detection. Our work includes a comparison analysis, the
design of the architecture, and a discussion on real-life
attacks against our findings. We have found clear
advantages of SIDCN over traditional machine learning
and deep learning methods through our analysis,
architecture, and real-world attack samples. By treating
interpretability as an essential security feature, SIDCN
provides trust, robustness, and operational effectiveness
and makes it an excellent tool to deploy in current
cybersecurity environment.

The SIDCN framework’s key advantages are:

e Increased Transparency: Gives meaningful
rationale for each detection decision.

e Reduced False Positives: explanation insights
allow analysts to have validation of alerts.

e Improved Stability: Stable explanations present
a larger barrier to evasion attempts.

e Early Detection of an Attack: When an
explanation is unstable it can provide an early
warning of potential attacks to the security
analyst or organization.

e Improved Human-Al Collaboration: Enables
analyst driven investigations and decision
making.

e Compliance and Auditability: Allows for
justification of automated security decisions
while they are made.
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