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Abstract

The rapid adoption of mobile Al applications in areas such as healthcare, finance, and personalized services has raised
significant concerns about data privacy and security. Traditional centralized machine learning (ML) models require
mobile devices to transmit user data to cloud servers, posing risks of data breaches and regulatory non-compliance.
Federated learning (FL) addresses these concerns by allowing decentralized Al model training directly on user devices,
ensuring that raw data remains private and never leaves the device. However, FL faces security vulnerabilities and
performance limitations, including model inversion attacks, data poisoning risks, and high computational overhead.
This paper explores key privacy-preserving techniques such as differential privacy, secure aggregation, and
homomorphic encryption, which enhance FL security while maintaining model accuracy. Additionally, emerging trends
such as blockchain-integrated FL, post-quantum cryptography, and Al-driven optimization are analyzed to highlight the
future of privacy-preserving mobile Al ecosystems. By integrating advanced cryptographic techniques and
decentralized verification mechanisms, FL can enable scalable, secure, and regulation-compliant Al applications,
ensuring a balance between data privacy and Al innovation.

Keywords: Federated Learning; Privacy-Preserving Al; Mobile Data Security; Differential Privacy; Blockchain-Based
FL

1. Introduction

The rapid expansion of mobile applications in industries such as health care, finance, social media, and personalized Al
services has significantly increased concerns about user data privacy and security [39,92].Traditional centralized
machine learning (ML) models require mobile applications to upload user data to cloud servers for processing, posing
risks of data breaches, unauthorized access, and regulatory violations[28].Additionally, with stricter data protection
laws such as the General Data Protection Regulation (GDPR) and the California Consumer Privacy Act (CCPA),
organizations must adopt privacy-preserving Al techniques to ensure that mobile applications handle user data securely
and ethically. In response to these challenges, federated learning (FL) has emerged as a transformative approach,
allowing Al models to be trained directly on users’ mobile devices without sharing raw data with a central server [78].

Federated learning offers a decentralized approach to Al training, reducing the reliance on cloud computing while
minimizing privacy risks. Unlike traditional ML, which requires data to be collected, transmitted, and stored in
centralized data centers, FL enables mobile devices to collaboratively train models locally while only sharing encrypted
model updates with a central aggregator [26]. This approach ensures that sensitive user information remains on the
device, preventing exposure to potential cyber threats and data leaks. Additionally, FL is particularly beneficial in
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privacy-sensitive applications such as mobile health tracking, personalized recommendations, and financial fraud
detection, where preserving user confidentiality is critical [7].

Beyond privacy protection, federated learning also enhances real-time Al personalization without compromising data
security [45].By processing data directly on mobile devices, FL enables applications to adapt to user preferences more
efficiently, improving the performance of voice assistants, predictive keyboards, and recommendation systems[21].This
decentralized approach also reduces cloud dependency, leading to lower latency, improved bandwidth efficiency, and
cost savings for mobile service providers. As a result, major tech companies such as Google, Apple, and Meta have
already adopted FL in applications like Gboard, Siri, and Meta’s Al assistants to provide privacy-preserving user
experiences [9]. However, despite its advantages, federated learning comes with several technical and security
challenges. The distributed nature of FL introduces computational and energy constraints, as mobile devices have
limited processing power and battery life compared to cloud data centers [3]. Additionally, FL is vulnerable to
adversarial attacks, including model poisoning, data inversion, and inference attacks, where malicious entities attempt
to manipulate FL training processes or extract private user information from shared model updates [56]. Ensuring the
security and integrity of FL-based Al models requires the integration of advanced privacy-preserving techniques, such
as differential privacy, secure aggregation, and homomorphic encryption [30].

Another key challenge is ensuring regulatory compliance and cross-border data privacy in federated learning
implementations [52]. While FL reduces the risk of centralized data breaches, mobile applications must still comply
with regional privacy laws and industry-specific regulations governing data access, storage, and processing [24].
Moreover, federated learning model updates still carry metadata and statistical information that could be exploited if
not properly protected. Addressing these concerns requires continuous advancements in cryptographic techniques,
secure model update aggregation, and privacy-aware Al governance frameworks to ensure that FL remains a
trustworthy and scalable solution for mobile applications [65].

This paper explores federated learning as a privacy-preserving Al approach for mobile applications, discussing key
security techniques, including differential privacy, secure aggregation, and homomorphic encryption [49]. Additionally,
it examines the challenges of implementing FL in mobile environments, such as scalability issues, security risks, and
regulatory compliance hurdles [11,93]. The paper also highlights future trends in FL, including blockchain-based model
verification, post-quantum cryptography, and Al-driven compliance automation, which will shape the next generation
of secure and privacy-preserving mobile Al systems [73].

2. Material and Methods

This study adopts a conceptual research approach, focusing on a comprehensive review and comparative analysis of
existing literature on federated learning (FL) techniques and their application in privacy-preserving mobile Al systems.
The objective was to identify and evaluate key privacy-enhancing mechanisms, implementation challenges, and
emerging trends in FL deployments across mobile platforms.

2.1. Literature Review Strategy

Relevant academic and industry publications were sourced from reputable databases, including IEEE Xplore,
ScienceDirect, SpringerLink, ACM Digital Library, and Google Scholar. Search keywords included combinations of terms
such as “federated learning,” “mobile applications,” “privacy-preserving Al,” “differential privacy,” “secure aggregation,”
“homomorphic encryption,” and “blockchain-based federated learning.” The search was limited to articles published

between 2015 and 2024 to ensure that only current and relevant research was included.

2.2. Inclusion and Exclusion Criteria

Articles were selected based on their relevance to federated learning in mobile environments, with particular emphasis
on privacy, security, cryptographic techniques, and compliance with data protection regulations. Studies that focused
solely on cloud-based Al or non-mobile implementations were excluded unless they provided transferable insights
applicable to mobile FL contexts.

2.3. Analytical Framework

The selected studies were organized into thematic categories based on the primary privacy-preserving technique
discussed—namely, differential privacy, secure aggregation, and homomorphic encryption. These categories were then
analyzed for their technical mechanisms, real-world applicability, computational trade-offs, and regulatory compliance.
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The paper also presents a comparative analysis table to synthesize the strengths and weaknesses of these techniques
and identify their best use cases in mobile Al.

This structured, qualitative method allowed the study to identify critical gaps, emerging solutions, and practical
recommendations for advancing secure, decentralized Al through federated learning in mobile ecosystems.

3. Results and Discussion

3.1. Differential Privacy for Secure FL Model Training

Differential privacy (DP) is a privacy-preserving technique that enhances federated learning (FL) security by adding
mathematical noise to local model updates before they are shared with the central aggregator [27]. In traditional FL,
mobile devices train Al models on decentralized data and send their updates to a central server for aggregation.
However, even without direct access to raw data, adversaries can still infer sensitive user information from model
updates through techniques such as model inversion or membership inference attacks [17]. Differential privacy
mitigates this risk by introducing randomized noise to each model update, ensuring that no single data point can be
distinguished or reconstructed, thereby protecting individual user identities [89].

One of the key strengths of differential privacy is that it provides provable privacy guarantees by making it
mathematically impossible to trace Al model updates back to specific users [91]. This is particularly valuable in mobile
applications where users generate highly sensitive data, such as health metrics, location history, and financial
transactions. By integrating DP into FL, mobile applications can train Al models on personalized user data while
ensuring compliance with privacy regulations such as GDPR, HIPAA, and CCPA [55]. Additionally, DP prevents insider
threats, as even service providers hosting the FL framework cannot extract identifiable information from aggregated
models. This makes DP-enhanced FL particularly effective for secure Al-driven applications like personalized healthcare
monitoring, voice assistants, and mobile recommendation systems [14].

Despite its privacy benefits, differential privacy introduces challenges related to model accuracy. The noise added to
model updates can reduce the precision of Al predictions, particularly if the privacy budget (e-value) is set too low,
prioritizing stronger privacy guarantees over model performance [27]. In mobile health analytics, for example, an
excessively noisy Al model may struggle to provide accurate disease risk assessments or personalized health
recommendations [61]. To address this trade-off, researchers are developing adaptive DP mechanisms, where the level
of noise dynamically adjusts based on data sensitivity and Al task complexity, ensuring a balance between privacy
protection and Al model reliability [85].

A major use case for differential privacy in FL is privacy-preserving mobile health analytics and personalized Al
assistants [69]. Mobile health applications, such as wearable fitness trackers and remote patient monitoring systems,
collect highly sensitive medical data that must remain confidential. By leveraging DP-enhanced FL, these applications
can train Al models to detect health anomalies, recommend personalized workouts, or predict disease risks, all while
ensuring that individual user data is never directly exposed [83]. Similarly, DP can enhance personalized Al assistants
(e.g., Siri, Google Assistant), allowing them to learn from user interactions without storing identifiable voice patterns or
behavioral data on central servers. As privacy regulations tighten, differential privacy will play a crucial role in securing
federated learning models, ensuring that mobile Al applications remain both intelligent and privacy-compliant [70,94].

3.2. Secure Aggregation for FL Model Updates

Secure aggregation is a cryptographic technique designed to encrypt model updates in federated learning (FL) before
they are sent to the central server, ensuring that no single party—including the aggregator—can access individual
device updates [29]. In standard FL, mobile devices train Al models locally and transmit their updates for aggregation,
but these updates can still leak sensitive information if intercepted by attackers or compromised by malicious entities
[12]. Secure aggregation addresses this risk by enabling privacy-preserving model training, where only the final
aggregated model is accessible, while individual contributions remain encrypted and confidential. This ensures that
even if an attacker gains access to the central server, they cannot extract user-specific insights from model updates,
significantly enhancing FL security [3].

One of the main strengths of secure aggregation is that it prevents data leakage during FL training by ensuring that
model updates remain private, even in the presence of an untrusted server [66]. This is particularly important for
privacy-sensitive mobile applications, where users generate highly confidential data, such as financial transactions,
biometric authentication patterns, and personal spending behaviours [1]. Secure aggregation also aligns with global
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data protection regulations, such as GDPR, HIPAA, and PSD2, by ensuring that mobile applications can train Al models
on decentralized user data without violating privacy policies. Furthermore, secure aggregation strengthens resilience
against adversarial attacks, reducing the risk of membership inference or model inversion attacks, where attackers
attempt to reconstruct original training data [38].However, secure aggregation introduces computational and efficiency
challenges, particularly for resource-constrained mobile devices [46].Encrypting each model update before
transmission increases computational overhead, leading to higher energy consumption, increased latency, and slower
Al model training[2]. Additionally, implementing multi-party cryptographic techniques, such as homomorphic
encryption or secure multiparty computation (SMPC), adds complexity to key management and decryption processes.
These limitations make it difficult to apply secure aggregation in real-time mobile Al applications, where low latency
and minimal power consumption are critical. To mitigate these challenges, researchers are exploring lightweight
encryption techniques and optimized cryptographic protocols, ensuring that secure aggregation can be efficiently
deployed in large-scale mobile FL networks [79].

A major use case for secure aggregation in federated learning is financial mobile applications that process sensitive
transaction data. Banking apps, mobile payment platforms, and fraud detection systems require strong privacy
guarantees to protect customer financial records, transaction histories, and behavioral spending patterns[50].By
integrating secure aggregation into FL-based financial Al models, banks and FinTech companies can collaboratively
train fraud detection systems across multiple institutions without exposing individual customer data[60].This allows
financial organizations to detect emerging fraud patterns while maintaining compliance with banking regulations,
ensuring that users’ financial data remains private, secure, and decentralized [64].

3.3. Homomorphic Encryption for Fully Secure FL Processing

Homomorphic encryption (HE) is a cryptographic technique that enables computation on encrypted data without
requiring decryption, ensuring end-to-end privacy in federated learning (FL) [86]. In traditional FL, model updates from
mobile devices are aggregated centrally, but even encrypted updates can sometimes leak sensitive information through
statistical inference attacks. HE eliminates this risk by allowing mobile devices to encrypt their model updates before
transmission and enabling the central aggregator to perform computations directly on the encrypted data [17]. This
ensures that even if the server is compromised, attackers cannot extract any meaningful information from intercepted
model updates, making HE one of the most secure privacy-preserving techniques for FL [87].

A key strength of homomorphic encryption in FL is its ability to provide uncompromised data privacy, ensuring that no
raw data or model updates are exposed at any stage of processing [43]. This makes HE particularly valuable for highly
sensitive mobile applications, such as healthcare analytics, financial fraud detection, and biometric authentication
systems, where user data confidentiality is non-negotiable [18]. By incorporating HE, FL-based Al models can be trained
across multiple mobile devices and institutions without violating privacy regulations like GDPR, HIPAA, and PCI DSS.
Additionally, since encrypted model updates remain inaccessible even to the FL aggregator, HE significantly reduces the
risk of insider threats, ensuring complete trust in Al model training workflows [90].

Despite its security benefits, homomorphic encryption presents significant computational challenges, particularly in
real-time mobile Al applications [77]. Fully Homomorphic Encryption (FHE), which allows unrestricted encrypted
computations, is extremely resource-intensive, requiring high processing power and memory bandwidth that mobile
devices often lack. Even optimized variants, such as Partially Homomorphic Encryption (PHE) and Somewhat
Homomorphic Encryption (SHE), introduce latency and power consumption issues, making HE impractical for low-
latency Al services like real-time fraud detection or instant voice recognition [75].To address these limitations,
researchers are developing hardware-accelerated HE solutions and hybrid cryptographic techniques that combine HE
with lightweight encryption mechanisms to balance security and efficiency in mobile federated learning [6,95].

A major use case of homomorphic encryption in FL is encrypted Al-driven fraud detection in mobile banking [36].
Banking and financial institutions require privacy-preserving fraud detection models that can analyze transaction
patterns across multiple users without exposing sensitive financial data [61]. By integrating HE into FL-based fraud
detection systems, mobile banking applications can collaboratively train Al models to detect suspicious transactions,
ensuring that individual financial records remain fully encrypted throughout the process. This approach enhances anti-
money laundering (AML) initiatives, cross-bank fraud prevention, and secure credit scoring, making HE a critical
enabler of privacy-focused financial Al ecosystems [41].
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3.4. Comparative Analysis of FL Security Techniques

Table 1 Comparative Analysis of FL Security Techniques

Security Data Computational Regulatory Best Use Cases

Technique Privacy Efficiency Compliance

Differential Privacy | High High Strong (GDPR, | Mobile health Al, Al assistants
CCPA)

Secure Aggregation | Very High | Moderate Strong (HIPAA, | Financial  transactions, IoT
PSD2) mobile apps

Homomorphic Very High | Low Strong (FIPS, ISO) | Encrypted mobile banking A,

Encryption cybersecurity models

4. Challenges in Implementing Federated Learning in Mobile Applications

4.1. Computational & Energy Constraints

One of the most significant challenges in deploying federated learning (FL) in mobile applications is the computational
and energy constraints of mobile devices [47]. Unlike centralized machine learning, where Al models are trained on
high-performance cloud servers, FL requires each mobile device to train Al models using its own processing power
before sending encrypted updates to the central server [1]. Since smartphones and IoT devices have limited CPU,
memory, and battery capacity, running complex deep learning models can lead to high energy consumption, increased
latency, and device overheating. This is particularly problematic for applications that require continuous learning, such
as personalized voice assistants, predictive keyboards, and real-time fraud detection, where excessive computation can
drain the battery and degrade device performance [68].

To overcome these constraints, researchers and mobile Al developers are exploring lightweight Al models optimized
for federated learning [77]. Techniques such as model quantization, knowledge distillation, and pruning allow Al models
to be compressed and optimized for mobile hardware, reducing memory and computation demands without sacrificing
accuracy. Additionally, hardware-accelerated Al chips, such as Google’s Edge TPU and Apple’s Neural Engine, are being
integrated into mobile devices to enable efficient on-device learning [57]. However, implementing these optimizations
across diverse mobile ecosystems remains a challenge, as FL. must be compatible with various device architectures,
operating systems, and network conditions, making large-scale deployment difficult [88].

Another key consideration is balancing energy efficiency with model performance in mobile FL applications [76]. Since
federated learning requires frequent local model updates and communication with central aggregators, minimizing the
frequency of updates, optimizing training schedules, and leveraging idle processing power can help reduce energy
consumption [1,96]. Additionally, asynchronous FL techniques, where model updates are performed at different time
intervals based on device availability and power levels, can further enhance efficiency. By developing energy-aware FL
frameworks that adapt to real-time mobile constraints, researchers can make federated learning more practical for
privacy-preserving Al applications, ensuring that mobile devices can support secure, decentralized model training
without excessive resource depletion [34].

4.2. Security Threats in Federated Learning

Despite its privacy advantages, federated learning (FL) is vulnerable to security threats, particularly model inversion
attacks, where adversaries attempt to reconstruct private user data from shared model updates [2]. Since FL does not
transmit raw data, attackers exploit statistical patterns in model gradients to infer sensitive information, such as
keystroke behavior, facial recognition data, or health metrics. This poses a significant risk in mobile applications like
personalized healthcare, financial services, and Al-driven authentication, where privacy is critical [20]. Advanced model
inversion techniques can allow attackers to recover partial or even near-complete versions of the original training data,
compromising user privacy even though raw data was never explicitly shared [82].

Another major security risk in FL is poisoning attacks, where adversaries inject malicious data into the FL training
process to manipulate Al model behavior [51]. This can be done in two ways: data poisoning, where attackers introduce
biased or incorrect data to corrupt the training dataset, and model poisoning, where compromised devices submit
altered model updates to degrade model performance or introduce hidden vulnerabilities [84]. For example, in mobile
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fraud detection systems, an attacker could deliberately train their local model to misclassify fraudulent transactions,
leading to weakened fraud detection algorithms across the entire FL network. Since FL aggregates model updates
without accessing raw data, detecting and mitigating malicious contributions remains a significant challenge [44,97].To
address these threats, researchers are developing defensive techniques, such as differential privacy, secure aggregation,
and anomaly detection to prevent data leakage and filter out malicious updates before model
aggregation|[37].Byzantine-robust federated learning frameworks can help detect and isolate compromised devices,
ensuring that adversarial attacks do not significantly impact global model performance. Additionally, blockchain-based
FL verification is emerging as a potential solution to enhance trust and security by ensuring tamper-proof audit trails
for model updates [60]. By integrating these advanced security mechanisms, federated learning can continue to provide
privacy-preserving Al solutions for mobile applications without compromising data integrity and trustworthiness [62].

4.3. Regulatory & Compliance Challenges

One of the biggest challenges in deploying federated learning (FL) in mobile applications is ensuring compliance with
global data protection regulations such as the General Data Protection Regulation (GDPR) in Europe and the California
Consumer Privacy Act (CCPA) in the United States [25].These regulations impose strict requirements on how personal
data is collected, processed, and shared, particularly in Al-driven applications that handle sensitive user information
like health records, financial transactions, and biometric data[53].While FL is designed to enhance privacy by keeping
data on users’ devices, model updates can still carry metadata or statistical patterns that could be exploited to re-identify
individuals if not properly secured. To ensure regulatory compliance, organizations implementing FL. must integrate
privacy-preserving techniques such as differential privacy, secure aggregation, and encrypted model updates to prevent
the risk of indirect data leakage [67].

Another key regulatory challenge in FL is data residency compliance, particularly in cross-border mobile Al
collaborations [72]. Different countries have varying data sovereignty laws, requiring user data to remain within
national or regional boundaries. In traditional Al models, organizations can enforce compliance by storing and
processing data within geographically controlled cloud infrastructure, but FL’s decentralized nature makes data
residency enforcement more complex [17]. For instance, a global Al system deployed across European and American
mobile users must ensure that model updates adhere to GDPR regulations in Europe while complying with U.S. privacy
laws. This fragmentation creates legal uncertainties, making it difficult for multinational mobile applications to
standardize FL implementations across different jurisdictions [15].

To address these compliance challenges, organizations must adopt privacy-aware FL frameworks that include region-
specific model aggregation, ensuring that mobile devices only contribute to Al training within legally compliant data
zones[23].Additionally, regulatory bodies are exploring federated governance models that enforce policy-based Al
training, allowing compliance rules to be embedded directly into FL workflows [74].Emerging solutions, such as
blockchain-based compliance tracking and Al-driven regulatory monitoring, can further enhance transparency and
accountability in federated learning applications. By integrating these mechanisms, FL can align with global privacy
laws, enabling mobile Al applications to offer privacy-preserving, legally compliant, and scalable Al solutions worldwide
[61].

5. Future Trends in Federated Learning for Mobile Privacy

5.1. Al-Driven Adaptive FL for Mobile Al

One of the most promising advancements in federated learning (FL) for mobile applications is the development of Al-
driven adaptive FL models, which can self-optimize based on device constraints such as processing power, memory
availability, and battery life [10]. Traditional FL implementations require each mobile device to train Al models locally,
but this process can be resource-intensive, particularly for devices with limited computational. Adaptive FL. models use
lightweight Al architecture, model pruning, and selective update mechanisms to dynamically adjust training complexity
based on device performance capacity [31]. This approach ensures that even low-power mobile devices can participate
in FL training without excessive battery drain, making decentralized Al more scalable and efficient for a wide range of
smartphones and IoT devices [56].

Beyond efficiency, adaptive FL also enables personalized Al experiences while maintaining strong privacy guarantees
[21]. In standard FL, Al models are trained collectively across multiple users, but personalization is often limited, as
models must generalize across diverse datasets. With self-optimizing FL. models, mobile devices can train Al models
that learn from individual user behaviors, preferences, and usage patterns without compromising privacy [1]. This
allows applications like voice assistants, predictive keyboards, and health monitoring apps to deliver highly customized
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user experiences while ensuring that sensitive data never leaves the device. By integrating adaptive FL with privacy-
preserving techniques like differential privacy and secure aggregation, organizations can build Al systems that
continuously improve based on user feedback without sacrificing data security [21].

As federated learning continues to evolve, the combination of Al-driven adaptive FL and privacy-enhancing technologies
will drive the next generation of secure, efficient, and personalized mobile Al applications [36]. Future advancements
will focus on on-device model compression, energy-efficient Al training, and decentralized Al governance to further
optimize FL for large-scale mobile deployments. As Al personalization becomes a key differentiator in mobile
applications, adaptive FL will play a crucial role in enabling smarter, privacy-first user experiences, paving the way for
more intelligent, responsive, and secure mobile Al ecosystems [5].

5.2. Blockchain-Integrated FL for Mobile Security

As federated learning (FL) adoption in mobile applications grows, integrating blockchain technology is emerging as a
powerful approach to enhance security, transparency, and trust in decentralized Al training[48].0ne of the key
challenges in FL is ensuring the integrity and authenticity of model updates, as malicious participants can manipulate
model contributions, inject poisoned updates, or attempt adversarial attacks[26].By leveraging blockchain-based
decentralized model verification, FL updates can be securely recorded on an immutable ledger, allowing organizations
to audit model contributions in real time. This prevents fraudulent modifications and ensures that only legitimate, high-
quality model updates are included in the final Al model. Additionally, blockchain enhances trust in FL networks,
particularly in cross-organizational AI collaborations where multiple entities contribute to a shared Al
model[32].Beyond model verification, smart contracts on blockchain networks can be used to enforce secure FL
participation and automate compliance mechanisms[40].In traditional FL setups, organizations rely on centralized
aggregators to manage model updates and participant authentication, creating a potential single point of failure. With
blockchain-powered smart contracts, FL. processes—such as model aggregation, reward distribution, and malicious
node detection—can be automated and decentralized, reducing reliance on third-party intermediaries [19]. This is
particularly valuable in mobile applications that involve financial transactions, healthcare data, or biometric
authentication, where trust and regulatory compliance are critical. Smart contracts can also incentivize honest
participation in FL networks by rewarding genuine model contributions and penalizing malicious activity, creating a
self-regulating Al ecosystem [1].

As federated learning and blockchain integration continue to evolve, decentralized Al governance frameworks will
emerge, allowing mobile applications to operate in highly secure, transparent, and tamper-resistant environments [35].
Future advancements will focus on scalable blockchain consensus mechanisms, lightweight distributed ledgers, and
hybrid blockchain-FL architectures to further enhance efficiency and reduce computational costs [4,98]. By combining
blockchain’s security and transparency with FL’s privacy-preserving Al training, organizations can build next-
generation mobile Al applications that are resilient against cyber threats, fraud, and unauthorized data access, ensuring
both privacy and security in the decentralized Al landscape [10].

5.3. Post-Quantum Cryptography for FL-Based Mobile Al

As quantum computing advances, traditional cryptographic methods used in federated learning (FL) for mobile Al face
the risk of becoming obsolete. Current encryption techniques, such as RSA and Elliptic Curve Cryptography (ECC), rely
on mathematical problems that quantum algorithms could solve exponentially faster, potentially compromising the
security of FL. model updates and decentralized training processes [42]. To counter this threat, quantum-safe encryption
techniques are being developed to ensure that FL remains secure in a post-quantum world [71].

One promising approach is the use of quantum-resistant encryption for FL model updates, where advanced
cryptographic schemes protect mobile Al training data, model contributions, and aggregation processes against
potential quantum-enabled attacks. By integrating post-quantum cryptographic standards into FL frameworks, mobile
applications can maintain long-term data security and compliance even as quantum computing power increases [63].

A particularly effective post-quantum cryptographic technique for securing FL-based mobile Al is lattice-based
cryptography [2]. Unlike traditional encryption methods that rely on factorization or discrete logarithm problems,
lattice-based cryptographic algorithms leverage complex geometric structures that remain computationally hard even
for quantum computers. This makes them ideal for securing mobile Al ecosystems, where federated learning updates
need to be transmitted securely between millions of mobile devices without risking data leaks or adversarial inference
attacks [81]. Lattice-based encryption can also be integrated into homomorphic encryption (HE) frameworks, allowing
fully encrypted Al model training without exposing raw data, ensuring privacy-first Al processing for sensitive mobile
applications such as biometric authentication, financial Al analytics, and mobile healthcare diagnostics [54].
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As post-quantum cryptography continues to evolve, its integration into federated learning frameworks will become
essential for future-proofing mobile Al security [22]. Researchers are developing lightweight quantum-resistant
cryptographic algorithms that can function efficiently on low-power mobile devices, balancing computational efficiency
with high levels of security. Additionally, the emergence of hybrid cryptographic models, combining classical encryption
with post-quantum techniques, will enable a gradual transition toward quantum-safe FL implementations [60]. By
adopting lattice-based cryptography and quantum-resistant encryption, federated learning will remain a trusted and
secure Al framework, ensuring that mobile Al applications are safeguarded against both current and future cyber
threats in the quantum era [59].

6. Conclusion and recommendations

Federated learning (FL) has emerged as a transformative approach to privacy-preserving Al in mobile applications,
ensuring that user data remains on the device while enabling Al models to improve through decentralized training . By
eliminating the need to share raw data with central servers, FL mitigates privacy risks, reduces reliance on cloud
storage, and enhances compliance with data protection regulations. However, privacy and performance must be
carefully balanced, which is why hybrid security models—combining FL with differential privacy, secure aggregation,
and encryption techniques—have proven to be the most effective. Looking forward, blockchain-integrated FL, Al-driven
optimization, and post-quantum cryptography will shape the future of secure, scalable, and resilient mobile Al
ecosystems.

For researchers, the next phase of FL development should focus on hybrid security frameworks that integrate
homomorphic encryption, secure aggregation, and FL to ensure end-to-end privacy and data protection. Another key
area of study is Al-driven compliance automation, which can monitor FL-based models in real time to ensure they meet
global regulatory standards. Additionally, optimizing lightweight cryptographic techniques tailored for resource-
constrained mobile devices will be essential for making FL more efficient and scalable in large-scale deployments. For
practitioners, adopting FL for mobile Al assistants, personalized recommendations, and privacy-preserving analytics is
a crucial step in enhancing user trust and regulatory compliance. Implementing differential privacy in FL training will
further protect user identities, ensuring that Al models learn from decentralized data without risking exposure.
Moreover, leveraging blockchain-based security models for FL model verification and decentralized Al governance will
help prevent data tampering, poisoning attacks, and unauthorized access, ensuring a secure, transparent, and
trustworthy mobile Al ecosystem.
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