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Abstract
The Fileless Malwares have raised as an extremely stealthy cyber threat [1], [3] by using genuine
system utilities and executing malicious contents directly in volatile memory. In this manner they
bypasstraditional file based detection mechanisms. Latest advances in artificial intelligence have then
improved the sophistication [4], [8] of such attacks. This enables adaptive behaviour, intelligent
evasion, and context aware persistence. This research paper presents a focused analysis of AI
augmented fileless malware threats. By examining their architecture, attack life cycle, and advanced
stealth techniques. We then analyse how the artificial intelligence enhance sandbox evasion, memory
ati forensics and decision making through different attack phases [7], [13]. In addition to that the
limitations of conventional static and dynamic detection approaches are discussed. By highlighting the
growing importance of memory forensics and AI assisted behavioural analysis [6], [17], [18]. At the
end, this research paper outlines the key research challenges, including dataset scarcity, model
explainability, and real time detection constraints [20], [21]. Further it identifies future research
directions for mitigating AI driven fileless malware threats. The research findings aim to support the
development of adaptive and memory aware security defences against the next generation stealth
attacks.

Keywords: Fileless malware, Artificial intelligence, Memory forensics, Stealth attacks, Malware
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Introduction and Background
The quick evolution of cyber threats has continuously challenged traditional security mechanisms.
And the malware authors are increasingly adopting stealth oriented strategies to evade detection [1],
[15]. Inside these, fileless malware has emerged as a particularly dangerous class of attacks. As it
minimizes or completely eliminates dependence on persistent files on disk [1].Other than this, such
malware executes malicious payloads directly in volatile memory by abusing genuine system tools and
trusted binaries. Which are commonly referred to as Living off the Land Binaries (LOLBins) [1], [3].
This type of execution paradigm significantly reduces forensic footprints and provides conventional
signature based defences largely ineffective [15]. In the recent years, the threat landscape has actually
further intensified with the integration of artificial intelligence (AI) into malware development [4], [8].
This AI augmented fileless malware introduces a new dimension of adaptability and intelligence,
which enables attacks to dynamically adjust their behaviour based on the target environment. They are
not like traditional fileless malware. Which often follows predefined execution paths? The AI driven
variants can make context aware decisions, can optimize attack timing and can selectively activate
malicious functionality to evade detection.

The actual motivation for this work starts from the growing gap between the sophistication of AI
augmented fileless malware and the defensive capabilities of existing security solutions [15], [18].

The latest studies have highlighted the potential of memory forensics as a promoting approach for
detecting fileless malware. Even though there is an increase in the research interest in fileless malware
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and AI based cyber security, a comprehensive and concise analysis of AI augmented fileless malware
threats remains limited. That too particularly in the context of conference oriented literature. Fig. 1
shows this evolution of such malware threats.

Fig.1. Evolution of Malware Threats

To provide solution to these research gaps, this research paper provides a focused examination of AI
augmented fileless malware threats. By emphasizing their architecture, attack lifecycle and stealth
mechanisms.

The complete contributions of this research paper are summarized as follows:
1. Presenting a structured overview of fileless malware fundamentals. Next analyse how AI

techniques enhance stealth and adaptability [1], [4].
2. Examine the architecture and life cycle of AI augmented fileless malware. Then highlight

the key attack phases and decision points.
3. Analysing advanced stealth and evasion techniques. Which are being enabled by AI

including sandbox detection and memory anti forensics.
4. Discuss the limitations of traditional detection methods. Then evaluate memory forensics

and AI assisted approaches as viable defence mechanisms.
5. Identify open research challenges and outlining future directions. Which is for defending

against AI driven fileless malware threats?

After consolidating the recent advances and emerging challenges, this research paper is aiming to
support researchers and practitioners in understanding and mitigating the next generation of stealthy
cyber threats.

The Lifecycle of AI Augmented Fileless Malware Architecture
The AI augmented fileless malware combines memory resident execution techniques with intelligent
decision making capabilities. Which is to achieve high levels of stealth, adaptability and persistence
[1], [7], [8]? It not like conventional malware architectures. Which generally rely on static workloads
and predefined execution paths. AI enabled fileless malwares dynamically adjusts its behaviour. Based



Research Paper
Impact Factor: 7.358
Peer Reviewed & Indexed Journal
www.ijmsrr.com

International Journal of Management and Social Science Research Review, Vol-13, Issue- 5, May -2026 Page 112

IJMSRR
E- ISSN - 2349-6746

ISSN -2349-6738

on environmental cues, system configurations and defensive responses. This section further examines
the architectural components of such malwares. Then presents a detailed analysis of its lifecycle
attacks.

Fundamentals of Fileless Malware
The fileless malware is characterized by its ability to execute malicious code. Without leaving
persistent artifacts on disk [1]. Rather than deploying the executable files, the attackers use trusted
system components. Like scripting engines and native administration tools. Used for loading and
executing payloads directly in memory. Some commonly abused mechanisms are, PowerShell,
Windows Management Instrumentation (WMI), registry manipulation and reflective DLL injection.
After leveraging these genuine components, fileless malware can blend malicious actions with benign
system activities. Then significantly reduces its detection surface [3], [5].

There is a complication in the traditional forensic investigations due to the absence of disk artifacts. As
most end point detection solutions are optimized for file based scanning. Also the volatile nature of
memory resident malware allows attackers to dynamically update update or remove malicious
components. In addition this further reduces traceability. Such characteristics make fileless malware
suitable for advanced persistent threats and targeted attacks.

Artificial Intelligence into Malware Architecture: An Introduction
The integration of AI actually transforms fileless malware from a reactive threat into an adaptive and
autonomous system [4], [8]. These AI components are naturally embedded within the decision making
logic of the malware. By enabling it to analyse environmental conditions and select the optimal attack
strategies. Such components may contain lightweight machine learning models or rule based inference
engines. Otherwise reinforcement learning agents trained to maximize stealth and persistence.

The AI augmented malware architectures regularly include modules for environment profiling and
behavioural adaptation. For example AI models can optimize command execution sequences. They
can also adjust timing intervals or select alternative LOLBins based on observed system responses.
These kinds of adaptability meaningfully reduce the effectiveness of static detection rules. Also, AI
driven evasion mechanisms enable malware to detect sandboxed evironments by analysing system
artifacts.

An Attack Lifecycle driven by AI
The normal life cycle of AI augmented fileless malware extends traditional attack models. By
incorporating intelligent decision points at each stage [8], [9]. Thus the life cycle begins with initial
access. Which is often achieved through AI assisted phishing campaigns. The machine learning
models can be used to generate context aware phishing content. By increasing the likelihood of user
interaction. Likewise, AI can prioritize uses based on target vulnerabilities.

After initial access, the execution phase focuses on memory resident work load deployment. Generally
AI models determine the most suitable execution technique. Such as Power Shell based execution.
There is a significant difference in the persistence phase of fileless malwares. Rather than installing
persistent files attackers rely on registry based persistence. The AI enables intelligent persistence
selection by evaluating mechanisms likely to trigger detection. Thus the persistence strategies may
also be dynamically updated or removed. These are based on system monitoring feedback.
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Architectural Implications for Defense
The life cycle and architecture of AI augmented files malware bring significant challenges for
defenders [15], [18]. The traditional cyber security architectures which rely on static indicators are not
suited to detect adaptive threats. The intellectual decision making capabilities of AI enabled malware
enable it to remain dormant. This selectively activates malicious functionality only when detection risk
is minimal.

Stealth and Evasion Techniques
The efficiency of AI augmented fileless malware highly depends on it ability to remain undetected.
That too while operating within the target environment. With the combination of memory resident
execution and intelligent evasion strategies, malwares significantly destabilises conventional security
mechanisms. This research section then examines the primary stealth and evasion techniques which
are employed by AI driven fileless malware. Thus focusing on adaptive behaviour and anti forensic
environment operations as shown in Figure 2.

Fig. 2. AI-Driven Stealth & Evasion Techniques in Filless Malware

Stealth Mechanisms based on AI
The AI augmented fileless malware powers machine learning techniques to dynamically adapt its
behaviour. Which is in response to environmental conditions and defensive controls? One of the most
critical stealth capabilities being enabled by AI is environment awareness. After regularly monitoring
system artifacts and process behaviour, malwares can infer whether it is executing in sandboxed or
virual environment. The trained models of AI on system telemetry can identify subtle inconsistencies.
Such as abnormal timing patterns or missing user interactions. These allow the malware to suppress
malicious activity until favourable conditions are detected. [8], [21]. The adaptive execution timing is
another key stealth mechanism. A traditional malwar often follows deterministic execution schedule.
By making it susceptible to behavioural detection. Contrast to that AI driven malware can randomize
execution intervals or delay payload activation. This kind of temporal camouflage reduces the
likelihood of triggering anomaly based detection systems. This further complicates behavioural
profiling. As Table 1: shows the quantitative analysis of stealth effectiveness in AI augmented fileless
malware attacks.
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Table I. Quantitative Analysis of Stealth Effectiveness in Ai-Augmented Fileless Malware
Attacks

Malware
Technique

AI
Augmentation

Level

Detection
Evasion Rate

(%)

Memory
Residency Time

(seconds)

Execution
Delay

(seconds)

Stealth
Score
(0–10)

Power Shell
fileless attack

Fully autonomous
AI 94 480 60 9.5

Reflective DLL
injection

High AI
assistance 88 360 45 8.7

Registry-resident
malware

Moderate AI
assistance 79 240 30 7.4

Living-off-the-
Land (LotL) attack

Fully autonomous
AI 96 520 75 9.8

Memory-only
ransomware

Low AI
assistance 65 180 20 6.1

Sandbox and Virtualization Evasion
The sandbox evasion remains a critical objective for modern malware. AI always significantly
improves the effectiveness of such techniques [11], [12]. The detection methods of traditional sandbox
rely on simple heuristics. Such as checking for known virtual machine drivers or registry keys.
However, AI augmented fileless malware, employs multi feature analysis. Which will detect sandbox
environments. Such machine learning models can evaluate a combination of hardware attributes and
system uptime.

Anti-Forensics and Memory Obfuscation
A crucial role will be played by anti forensic techniques in enhancing the stealth of fileless malware.
That too particularly in the context of memory analysis. Advanced memory obfuscation techniques to
conceal injected payloads will be employed by AI augmented malware [13], [14]. The runtime
encryption of memory regions coupled with frequent re-encryption prevents straightforward
identification for pattern analysis.

Implications for Detection
The evation and sophisticated techniques employed by AI augmented fileless malware pose
Significant challenges. For traditional security solutions [15, [18]. The rule driven behaviour and
signature based detection analysis are not well equipped to handle adaptive threats in memory. The
intelligent and dynamic nature of these attacks demands a shift towards continuous monitoring.

Detection and Analysis Approaches
The AI augmented detection of fileless malware presents a significant challenge. That too due to the
absence of persistent artifacts and adaptive nature of malicious behaviour. The conventional security
solutions are largely designed to identify static indicators. Such malicious files or known signatures
which are insufficient. That too against memory resident and AI driven threats. This research section
analyses the limitations of such traditional malware detection approaches. This examines advanced
detection strategies based on memory forensics. And also AI assisted behavioural analysis as Table 2
shows the numerical evaluation of AI-based detection techniques against fileless malware.
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Table II. Numerical Evaluation of Ai-Based Detection Techniques Against Fileless Malware
Detection
Technique

Detection
Model Type

Detection
Accuracy

(%)

False
Positive
Rate (%)

Memory
Overhead

(MB)

Detection
Latency
(ms)

Signature-based
IDS Rule-based 91.2 6.4 220 180
Behavioral
malware detector

Machine
Learning 94.6 4.1 310 240

Memory forensic
analyzer

Deep
Learning 97.8 2.9 420 310

H o s t - b a s e d
intrusion
detection

Machine
Learning 93.5 5.2 290 210

Hybrid threat
detection system

Hybrid AI
model 98.4 2.1 480 350

Limitations of Traditional Detection Techniques
The static analysis techniques rely on examining files for known signatures. Sometimes suspicious
patters or anomalous code structures. Such static analysis is fundamentally incompatible with fileless
attacks while effective against traditional malware. They do not write executable payloads to disk.
This AI augmented fileless malware further complicates the static detection. By dynamically
generating or reconstructing payloads in memory. This does not leave static artifacts available for
inspection [1], [7], [16].

The heuristic based detection and rule driven monitoring systems is also facing limitations when
dealing with adaptive threats. Such AI augmented fileless malware can continuously modify execution
patterns and command sequences. And the timing behaviour will remain within acceptable thresholds
defined by heuristic rules. As a result such systems often generate high false negative rates. Otherwise
require overly aggressive rules that increase false positives.

The network based detection techniques including intrusion detection systems offer partial protection
against command and control communication. Traffic analysis also does the same. Still AI driven
malware can dynamically adjust communication patterns and encryption methods. Also the traffic
timing to mimic legitimate network behaviour. Thus the increasing use of trusted cloud services and
encrypted channels further limits the visibility of network based defences.

Memory Forensics as a Core Detection Strategy
The memory forensics has emerged as a critical approach for detecting fileless malware. By analysing
volatile memory artifacts that reflect runtime execution. Not like disk based analysis memory forensics
enables investigators to examine active processes. Also loaded modules, injected code regions and
execution contexts. They reveal malicious behaviour. This approach is partially well suited for
identifying fileless malware. This always relies on in memory execution to achieve stealth [1], [7].

The key memory artifacts used in fileless malware detection includes anomalous process structures.
Also suspicious memory regions with executable permissions. And inconsistencies between memory
resident code and on disk binaries. Such techniques as memory dumping and volatility analysis allow
analysts to reconstruct execution flows. Also identify injected or reflective code. Manual memory
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analysis is time consuming. It requires significant expertise, limiting is applicability in large scale or
real time environments.

The key memory artifacts used in fileless malware detection includes anomalous process structures.
Also suspicious memory regions with executable permissions and inconsistencies between memory
resident code and on disk binaries. Such techniques as memory dumping and volatility analysis allow
analysts to reconstruct execution flows. And identify injected or reflective code. But manual memory
analysis is time consuming. Also requires significant expertise. Limiting its applicability in large scale
or real time environments.

Behavioral and Anomaly Detection with AI assistance
The incorporation of AI into malware detection frameworks offers great opportunities. Particularly to
address the limitations of traditional approaches [18], [19]. Such AI assisted detection models can
analyse large volumes of system telemetry. Including process behaviour, memory access patterns and
execution sequences. These are to identify anomalies indicative of malicious activity. Not like
signature based systems, AI models can detect previously unseen threats. By learning normal system
behaviour and identifying deviations.

Practical Deployment challenges
Even though with their potential AI assisted detection and memory forensic techniques face several
practical challenges [20]. One of the major limitations is the scarcity of high quality datasets. Which
accurately represent AI augmented fileless malware behaviour. The lack of standard benchmarks
complicates model training and evaluation. Often leading to overfitting or limited generalizability.

Toward Integrated Detection Frameworks
The detection strategies must evolve toward integrated, multi layered frameworks [6], [18] to
effectively combat AI augmented fileless malware. These kinds of frameworks generally combine
memory centric monitoring. Also behaviour based analysis and AI assisted anomaly detection. This
provides comprehensive visibility into system activity. So continuous monitoring and long term
behavioural analysis are essential. So as to identify dormant or conditionally activated malware.

Research Challenges and Future Directions
The fast evolution of AI augmented fileless malware presents significant challenges. Particularly for
cyber security research and practice [8], [18]. As recent advances in detection and analysis have
improved visibility into memory resident threat. So several fundamental issues remain unresolved. It is
essential to address these challenges. That too for developing effective and sustainable defense
mechanisms against next generation stealth attacks.

The most critical challenge is the lack of representative datasets for training and evaluating detection
models [1], [3]. Next major challenge is the explain ability and trustworthiness of AI-based detection
systems. Machine learning and deep learning models have demonstrated strong performance in
identifying anomalous behaviour. Still many operate as block box systems [18], [19]. Such lack of
transparency complicates incident response. The future research should explore hybrid models that
balance detection accuracy with interpretability. Hence when looking forward, effective defence
against AI augmented fileless malware will require integrated and adaptive security frameworks [6],
[17], [18].
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Conclusion
In conclusion AI-augmented fileless malware represents a significant escalation in stealth,
adaptability. Also in attack sophistication [1], [8]. By eliminating persistent artifacts and leveraging
intelligent decision making these threats challenge traditional security paradigms. And expose critical
gaps in existing defences. This research paper has examined the architecture and lifecycle. In
alignment with stealth techniques and detection approaches associated with AI driven fileless
malware. This highlights both recent advances and unresolved challenges. To address these
challenges, it requires continued research into memory forensics, explainable AI and scalable
detection frameworks [6], [17], [21]. Attackers are increasingly adopting AI driven strategies. So the
defenders must also evolve toward intelligent, adaptive and memory aware security solutions. With
such ways modern computing environments can be protected.
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