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Abstract: Federated Learning (FL) enables collaborative machine learning while preserving data locality, making it crucial for
privacy-sensitive domains like healthcare and finance. However, existing FL systems remain vulnerable to sophisticated
adversarial attacks, including sybil-based data reconstruction, membership inference, and trap weight injection attacks. Current
defense mechanisms operate in isolation and struggle against coordinated multi-client attacks with adaptive strategies. To
address these limitations, we propose an Enhanced Privacy-Preserving Federated Learning (EPPFL) framework featuring a
comprehensive multi-layer defense mechanism that integrates dynamic anomaly detection, adaptive differential privacy, and
singular value decomposition (SVD) - based trap weight neutralization. We demonstrate the framework’s effectiveness in
protecting sensitive healthcare data while preserving model utility and client privacy. This work advances the field of secure
federated learning by providing the first comprehensive multi-layered defense framework capable of countering coordinated
adversarial attacks in practical FL deployments across sensitive domains.

Keywords: Federated Learning - Multi-layered Defense - Sybil Detection - Secure Aggregation - Privacy-Preserving Machine
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L. INTRODUCTION

A. What is Federated Learning?

Federated Learning (FL) is a machine learning approach that identifies patterns in data to support decision-making across multiple
device or data sources. In FL, each device trains a model locally using its own data, ensuring that the data never leaves its source.
Instead of transmitting raw data, devices send small updates, such as gradients or weights, to the central server. FL aligns well with
data privacy laws, like the General Data Protection Regulation (GDPR), as it minimizes as the General Data Protection Regulation,
which means that data must be kept safe and in their original place. It reduces the amount of data sent over the network by sharing
only small updates rather than large amounts of raw data, which is important in areas with slow connections or in remote places [1].
FL is a transformative healthcare approach because healthcare data are highly sensitive and must comply with strict regulations like
HIPAA or GDPR. In FL setup in healthcare, a hospital’s data remains within its local servers. The shared updates from each hospital
help improve the overall machine learning model (e.g., a diagnostic model) without exposing individual patient information [2].

B. Motivation for privacy-preserving distributed machine learning

1) Protection Of Sensitive Data: Machine learning models require large datasets for effective training, which often include
personal information such as names, addresses, and more. Mobile devices contain rich data, including private communications,
geographic movements, and medical history - all of which may expose sensitive aspect of a user's life [3].

2) Regulatory Compliance: Regulations such as GDPR in Europe and similar laws globally impose strict rules on how
organizations manage user data. Privacy-preserving techniques help organizations comply with these regulations. They help
organizations to stay within the law and protect user privacy which leads to responsible data usage, where organisations can still
utilize data effectively without violating individual rights [4].
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3) User Trust and Engagement: users become more aware of how their data is handled, ensuring their privacy becomes essential
for gaining and maintaining their trust. If users are not confident that their data is protected, they might hesitate to share it.
Which can cause reduction of diversity and volume of datasets available for machine learning. Privacy preservation techniques
remove user concerns by keeping the data safe and preventing unauthorized individuals from accessing it [5].

4) Data Minimization Principle: The principle of data minimization suggests that organizations should only gather and keep data
that is needed and should avoid any unnecessary data collection. Privacy preservation techniques get rid of the need to collect
and store raw data in a central location like a server by performing computations directly on the user's device locally. The local
computation reduces the chance of sensitive data being leaked or misused, addressing privacy concerns [3].

5) Collaborative Learning Benefits: In fields like healthcare and finance collaborative learning plays a major role since these areas
often have strict privacy regulations that restrict the sharing of personal and sensitive data. Privacy preservation techniques
allow different organizations to train machine learning models together. Instead of raw data they share model updates or
parameters which facilitate them to leverage collective data insights without compromising privacy. Which improves the
accuracy of machine learning models through collaborative efforts [6].

C. Significance in Sensitive Domains like Healthcare and Finance

In Healthcare Domain patient trust relies heavily on keeping their data confidential. If patients fear their sensitive data might be
exposed, they may avoid seeking medical care or sharing important details which can impede accurate diagnosis and effective
treatment. Another term is informed consent where patients are entitled to decide how their data is utilized and distributed. In the
shift toward personalized medicine, incorporating sensitive data, like generic information, is crucial [7]. Even if data is anonymized
to meet regulations such as GDPR and PHI, certain elements could still lead to patient re-identification. This risk is especially
significant with genomic data and medical images, as they can be as distinct as fingerprints. Thus, it is important to implement
robust anonymization methods to avoid data leakage while preserving the usefulness of the data [8].

In Finance Domain Large volumes of confidential data are managed by financial organizations, encompassing personal and
business-related information. Privacy-preservation approaches allow secure data handling during operations such as computation
and analysis, ensuring that sensitive details are shielded from unauthorized access or exposure. The growing threat of cyberattacks
has made securing financial information critical. Privacy-enhancing technologies act as a barrier against potential data breaches [9].
Privacy-focused systems empower financial institutions to use cutting-edge analytics and artificial intelligence tools without
violating customer privacy. This balance fosters the creation of new and improved financial solutions that are both efficient and
mindful of protecting user confidentiality [10]. Organizations in the financial sector often hesitate to share data due to concerns over
losing their market edge. Privacy-preserving mechanisms facilitate secure data-sharing partnerships among firms, enabling
collaborative efforts that improve operational models and cut expenses while safeguarding exclusive business information [11].

1. BACKGROUND AND LITERATURE REVIEW
A. Threat Landscape in Federated Learning
Federated learning systems encounter a multifaceted threat environment, largely due to their decentralized structure and the sharing
of gradients rather than raw data. Adversaries can exploit these characteristics to undermine both data privacy and the integrity of
the model itself. Accordingly, it is important to classify these threats based on their severity and the extent of their impact. We
categorize these threats based on how severe they are and how much impact on FL systems, providing a comprehensive analysis of
attack vectors and their implications.

1) Critical Privacy Threats

a) Data Reconstruction and Gradient Leakage Attacks: Data reconstruction attacks represent the most severe privacy violations in
federated learning, where adversaries can reconstruct original training data from shared gradient updates with alarming
accuracy. These attacks exploit the mathematical relationship between gradients and training data, particularly when client
datasets are limited in size or exhibit non-11D characteristics. On the other hand, Model inversion attacks in federated learning
present a substantial privacy concern, as adversaries can exploit shared gradient updates to reconstruct sensitive training data.
Mitigation strategies, including differential privacy and secure aggregation, offer some protection but are not without
drawbacks. For example, differential privacy can degrade model performance, while secure aggregation is insufficient if
attackers have access to historical gradient updates [12].
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b) Advanced Gradient Inversion Techniques: More nuanced gradient inversion approaches employ learning models and side
information to automatically bypass prior privacy countermeasures. These attacks demonstrate the great adaptability by
incorporating some basic defense mechanisms (noise addition, gradient pruning, or sign compression) directly to their training
phases. Our empirical evaluations show that these adaptive methods are shown to be able to reconstruct private data, e.g.,
images and text, under multiple compositional defenses altogether — revealing privacy fundamental vulnerabilities in most of
the state-of-the-art strategies [13].

2) High-Impact Integrity Threats

a) Coordinated Sybil and Poisoning Attacks: In federated learning, poisoning attacks present a major security concern. These
attacks can either alter local training data (data poisoning) or directly manipulate model gradients (model poisoning), with the
intent to degrade the global model’s performance or compromise sensitive information. The risk escalates with Sybil attacks,
where an adversary fabricates multiple clients to flood the aggregation process with malicious updates, effectively amplifying
their influence over the global model. The threat is even more critical when these strategies are combined. For instance, an
attacker can employ gradient suppression to isolate a victim’s model update, or exaggerate specific class gradients (fishing
strategy), thereby enabling advanced inversion techniques to reconstruct private training data. Notably, even robust aggregation
protocols may be circumvented if the attacker is able to control enough model parameters or client behaviours, as demonstrated
in attacks such as Scale-MIA. Collectively, Sybil and poisoning attacks pose a significant threat to the privacy and robustness
guarantees foundational to federated learning systems. [14]

b) Model Poisoning and Backdoor Injection: Model poisoning in federated learning refers to adversaries tampering with local
training to embed harmful behaviours in the global model which can occur at various stages, from initial rounds to late training,
or by inserting malicious neurons into obscure network regions to avoid detection. Backdoor injection operates on similar
principles, where attackers implant hidden triggers designed to cause targeted misclassifications, yet regular model performance
remains unaffected. Sybil-based attacks exacerbate these risks by introducing numerous fake clients that collaborate to amplify
the effect of poisoned updates. Notably, attackers can leverage gradient matching to efficiently synthesize virtual poisoned data,
achieving high attack efficacy and maintaining primary task accuracy with reduced computational overhead [15].

3) Moderate-Impact Privacy Threats

a) Membership Inference Attacks: If the central server in a federated learning setup behaves maliciously, it can execute an
extremely precise membership inference attack. By embedding a specifically crafted structure, leveraging ReLU activations
into the model, the server can monitor changes in a targeted parameter following just a single round of training. This enables the
server to infer whether a particular data sample is present within a client’s dataset. Crucially, this approach requires only
knowledge of the model architecture and training configuration; direct access to client data is not necessary. Empirical
evaluations demonstrate that this attack achieves flawless accuracy across multiple datasets, underscoring significant privacy
vulnerabilities in federated learning environments where the server’s trustworthiness cannot be guaranteed [16].

b) Source Inference and Client Identification: Source inference attacks within federated learning present a significant privacy
concern. Essentially, these attacks involve determining which client owns a specific data sample by analyzing prediction losses
across different local models. The core idea hinges on the observation that a model typically achieves the lowest loss on data it
was trained with. Notably, these attacks are adaptable and they can be carried out across various federated learning frameworks
without interfering with the training process itself. Their effectiveness is heightened when client datasets are distinct or when
local models overfit due to repeated exposure to the same data. Given these risks, it is imperative to develop robust strategies to
mitigate the potential for information leakage and protect client privacy [17].

c) Property Inference and Auxiliary Information Attacks: Property inference attacks in federated learning represent a significant
privacy concern, as they enable adversaries to extract sensitive information about a client’s dataset without ever accessing the
data directly. By analysing the aggregated model updates, particularly due to the linearity inherent in aggregation even when
secure aggregation protocols are in place, attackers can sometimes reconstruct meaningful features or patterns tied to specific
clients. These inferred properties might reveal whether certain data samples are present or even indicate if a client is engaging
in malicious activity, such as data poisoning [18].
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B. Review of Existing Defenses

Current federated learning defenses can be categorized based on their primary protection mechanisms and target threat vectors.

While these approaches provide foundational security, they exhibit significant limitations when faced with sophisticated,

coordinated attacks.

1) Privacy-Preserving Mechanisms

a) Differential Privacy (DP-SGD): Differential Privacy operates by adding precisely calculated noise to gradients or model

outputs, effectively masking the influence of individual data points within the training set. In the context of DP-SGD, this noise
is incorporated directly during the optimization phase, thereby providing rigorous privacy assurances [19].
Quantified Limitations: DP-SGD for differential privacy introduces several limitations which negatively affect model
performance and training efficiency. Including noise to gradients for guard privacy can often drop results in the evaluations,
mostly so on difficult datasets (for instance CIFAR-100). The method is also very hyperparameter-dependent (e.g., due to noise
multiplier and clipping norm and number of training steps), so fine-tuning becomes critical, but quite difficult.

b) Secure Aggregation Protocols: Falkor is a robust and scalable aggregation protocol tailored for federated learning at massive

scale. It facilitates secure, privacy-preserving model training across millions of clients by employing AES in Counter Mode
(AES-CTR) to mask local updates. Shared secret keys between clients and servers ensure that individual contributions remain
confidential, even during aggregation. The protocol supports single-round communication and maintains robustness in the face
of client dropout. It is compatible with advanced optimization strategies such as FedAvg and FedAdam, and demonstrates
effectiveness in real-world applications including large-scale logistic regression and sentiment analysis with recurrent neural
networks [20].
Quantified Limitations: The main drawbacks of the above secure aggregation protocols are their high computational and
communication overheads which, if not addressed properly, can make these protocols non-scalable in large scale federated
learning systems. They usually rely on honest-but-curious servers, i.e., they do not provide full security or protection against
malicious participants or even collusion.

c) Knowledge Distillation: Knowledge distillation (KD) enables a smaller student model to mimic the output (logits) of a larger

teacher model, rather than directly accessing raw training data. This indirect method of knowledge transfer reduces data
exposure and supports privacy preservation. In federated learning scenarios, only the student model or its logits are shared,
ensuring that training data remains protected. KD thus provides utility-preserving privacy, particularly valuable when public
data is limited or unavailable [21].
Quantified Limitations: Knowledge distillation requires public auxiliary datasets for effective training, which may not be
available in sensitive domains. The approach provides only indirect privacy protection and offers limited defense against
membership inference attacks, with typical protection rates of 60-70%. Communication overhead remains substantial as model
outputs must be shared for all training samples.

2) Integrity Protection Defenses

a) Client Anomaly Detection: Traditional anomaly detection approaches use statistical methods to identify clients with unusual
behaviour patterns, such as abnormal gradient magnitudes, suspicious accuracy improvements, or irregular participation
patterns [22]. Quantified Limitations: Static anomaly detection achieves moderate success rates against adaptive Sybil attacks.
False positive rates of 20-40% in non-11D environments make these approaches impractical for real-world deployment. Current
methods cannot distinguish between legitimate client heterogeneity and malicious behaviour, particularly when attackers
adaptively adjust their strategies to blend with normal client patterns.

b) Robust Aggregation Methods: Robust aggregation techniques attempt to mitigate the impact of malicious clients by using
median-based aggregation, trimmed means, or other outlier-resistant statistical methods instead of simple averaging [23].
Quantified Limitations: Byzantine-robust aggregation methods provide limited protection. These approaches suffer from the
same fundamental limitation as anomaly detection: inability to distinguish malicious behaviour from legitimate client
heterogeneity in non-11D settings. Performance degradation of 10-15% is common even without attacks due to the conservative
nature of robust aggregation.
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3) Auxiliary Defense Mechanisms

a) Regularization Techniques (Dropout, L2 Regularization): Regularization methods indirectly enhance privacy by reducing model
overfitting and memorization of training data. Dropout randomly deactivates neurons during training, while L2 regularization
penalizes large model weights [24].

Quantified Limitations: These approaches provide only indirect privacy protection with limited effectiveness against
sophisticated inference attacks. Membership inference attack success rates remain above 70% even with strong regularization.
The privacy benefits are secondary effects of improved generalization rather than explicit privacy mechanisms.

b) Adversarial Training and Confidence Masking: Adversarial training methods involve training models alongside adversarial

networks designed to simulate privacy attacks, while confidence masking limits information revealed in model outputs by
manipulating prediction scores [25].
Quantified Limitations: Adversarial training increases computational overhead by 50-100% while providing inconsistent
protection across different attack types. Confidence masking offers limited protection against white-box attacks where
adversaries have full model access. Both approaches require careful hyperparameter tuning and may not generalize across
different attack strategies.

1. RESEARCH GAP
Despite significant advances in federated learning defense mechanisms, current approaches display critical limitations when facing
sophisticated, coordinated adversarial attacks. Our analysis of recent literature reveals several fundamental gaps that require the
development of comprehensive defense.

A. Single-Layer Defense Limitations

Existing defense mechanisms fundamentally operate as isolated, single-layer solution. Which makes them ineffective against
complex, adaptive attacks. Yaldiz et al. [26] introduced CosDefense, which detects malicious clients using only cosine similarity on
the last layer weights. While it works against basic attacks, but its precision and performance suffer during concentrated attack
periods. Similarly, differential privacy methods also fall short against coordinated attacks, Jiang et al. [27] reveal that existing
privacy mechanism are vulnerable to Sybil attacks, where adversaries manipulate privacy budgets to control noise levels. Which can
slow or even break model training, leading to very high error rate against common aggregation methods.

B. Inadequate Multi-Attack Scenario Coverage

Most methods handle either privacy issues (like gradient inversion) or integrity issues (like Sybil attacks), but not both together.
Yaldiz et al. [26] focus only on integrity, while Jiang et al. [27] focus only on privacy, leaving gaps when attackers combine both.
Also fixed defense settings cannot keep up with the attackers who changes strategies over time. Jiang et el. [27] require manual
tuning and assume consistent attack patterns, making them easy to bypass with evolving tactics.

C. Scalability and Practical Deployment Constraints

CosDefense like efficient methods still require similarity checks for every client each round, which becomes too heavy in large
networks. Some defenses need more client-server exchanges which adds high communication load, which is problematic in
resource-limited setups.

D. Theoretical Gaps in Defense Guarantees

No formal proof on how defenses affect model training speed or stability under different attack conditions. No systematic way to
choose privacy settings that both protect against attacks and keep model accuracy high. No clear mathematical bounds showing how
resistant these methods are to varying attack strengths.

E. Need for Distribution-Agnostic and Scalable Defenses

Furthermore, many existing defenses depend on global information or cross client. Which results in failure in scenarios with highly
heterogeneous data distributions or a significant proportion of adversarial clients. Recent work, such as FedReDefense by Xie et al.
[28], addresses this limitation by proposing a defense mechanism which evaluates the authenticity of a model update based solely on
its reconstruction error, without relying on assumptions about data distribution or client behaviour.
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However, this method is tailored to specific attack types such as model poisoning and does not provide a holistic solution for other
critical threats, such as sybil-based data reconstruction or membership inference attacks. This underscores the necessity for
integrated defense mechanisms that offer robust protection against a spectrum of adversarial tactics while remaining scalable and
adaptable to diverse federated learning environments. These persistent gaps motivate our Enhanced Privacy-Preserving Federated
Learning (EPPFL) framework, which integrates dynamic anomaly detection and trap weight neutralization to provide
comprehensive protection across diverse attack vectors while ensuring scalability in practical deployments.

(AVA PROPOSED METHODOLOGY

Fig 1 — Defense Pipeline
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A. System Architecture and Threat Model

This section presents our enhanced privacy-preserving federated learning framework which is designed to defend against
sophisticated adversarial attacks to protect the data. We propose a comprehensive eight-layer defense mechanism which integrates
adaptive privacy preservation, sophisticated anomaly detection, and robust aggregation techniques.

1) Federated Learning Architecture

The proposed framework utilizes in a standard federated learning environment with K clients, with the possibility of up to c clients
being compromised. The objective is to minimize the global loss function:

min f(w) = (%) Zk:fk(w)
k=1

Where f, (w) represents the local loss function for client k. The framework assumes a semi-honest central server which sticks to the
protocol but it may attempt to gather the private information. Client data is non-11D and follows heterogenous distributions, modeled
using a Dirichlet distribution with parameter o. With only a subset of clients involved in each training round the participation is
dynamic. Additionally, the framework is designed to operate asynchronously, acknowledging that clients may have unequal
computing power and network performance.

2) Threat Model

The framework defends against three sophisticated adversary categories:

a) Sybil-Based External Attackers: These attackers generate multiple fake client identities (Sybil clients) to invade the federated
learning process. They participate in training rounds and submit carefully crafted malicious updates such as zero gradients,
constant gradients or scaled gradients in a coordinated manner. Their goal is to discreetly degrade the global model’s
performance while remaining undetected by the aggregation mechanism.

b) Privacy Inference Attackers: Attackers of this category focuses on analyzing the gradient updates to breach the client data
privacy. With the use of techniques like gradient inversion and data reconstruction, they attempt to infer sensitive information
about individual client datasets. These attackers exploit the inherent transparency of gradient sharing in federated learning to
conduct model update analysis and uncover private data.

c) Trap Weight Injection Attackers: These attackers aim to implement malicious backdoors into the global model by manipulating
its parameters. To maximize the backdoor’s effectiveness and persistence they typically target the initial layers of the model.
Once they are injected. These trap weights can survive multiple rounds of model aggregation, enabling long term exploitation
without immediate detection. They can perform coordinate attacks across multiple compromised clients.

B. Our Multi-Layered Defense Framework

The core innovation lies in a comprehensive eight-layer defense mechanism that processes each federated learning round through
multiple detection layers before secure aggregation.

1) Layer 1: Zero Gradient Detection

Our first line of defense identifies clients submitting suspiciously uniform or zero gradients using adaptive thresholding:

n

Zero Detection score = Z ||Vwi|| < 1Zero
i=1

Where V,,. is a gradient norm of parameter i and zzero is an adaptive threshold based on historical gradient norms. Clients with
average parameter norms below 5 * 10~> are flagged as potential Sybils. It detects basic gradient suppression attacks.

2) Layer 2: Behavioural Anomaly Detection
In the second layer using composite scoring we maintain behavioural profiles for each client across training rounds.

Behavioral Score = a.Accuracy_consistency + f.Participation_pattern + y.Gradient_variance
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The system flags clients with suspiciously high consistent accuracies (>88%). It also flags clients that join training rounds in a
suspiciously coordinated manner. To prevent sample size anomalies, it identifies clients with unusually small training sets.

3) Layer 3: Gradient Norm Anomaly Detection
In the third layer using Modified Z-Score analysis with Median Absolute Deviation (MAD) it detects clients with abnormal gradient
magnitudes.

(| |Vwi || - median(VW))
MAD(V,,)

Modified Z — Score = 0.6745 *

If a client’s gradient deviates too much (Z-score > 1.2), then it is considered as an outlier. This method is robust against extreme
values and do not rely on normal distribution assumptions.

4) Layer 4: Consistency Anomaly Detection
In the fourth layer we detect coordinated attacks by measuring pairwise gradient similarity analysis.

(Vw; .ij)
19w, ]|+ [[vw; )

Where Vw;, Vw; is gradient vectors for clients i and j. Here clients who shows >70% similarity with multiple others are flagged

malicious. High similarity may indicate colluding attackers injecting the same malicious gradients. This layer is effective against
coordinated attacks that aim to manipulate model aggregation.

Similarity(Vw;, Vw]-) = (

5) Layer 5: Clustering-Based Detection
In the fifth layer we apply DBSCAN, an unsupervised clustering algorithm, to detect abnormal clients based on a feature vector that
includes: Gradient norm, Accuracy, Sample size, Gradient variance.

Feature Vector = [||Vw;l|, 4;,S;, Var(Yw,)]

Where A; is a local accuracy for client i, S; is a sample size (number of training samples) for client i and Var(Vw;) is a variance of
gradient components for client i. Here Clients which do not belong to any cluster (isolated points) are marked as anomalies, catching
unusual or stealthy attack behaviours.

6) Layer 6: Accuracy Anomaly Detection
In the sixth layer we perform statistical analysis of local accuracy distributions.

=W D5 18r4,>085

Accuracy Anomaly = —

Where uA and oA are the mean and standard deviation of accuracy distributions. It flags clients with high accuracies (e.g., >0.85)
that are also statistical outliers (>1.8 standard deviations from the mean).

7) Layer 7: Attack-Specific Pattern Detection
In the seventh layer it uses gradient entropy-based detection to detect structured, low-variance attacks.

Gradient Entropy = — Z pi log(pi)

Where pi represents the probability distribution of gradient magnitudes. Here Low entropy (< 0.5) suggests gradients are overly
regular or patterned. It indicates structured attacks. This layer catches sophisticated attacks where gradients are manipulated in a
calculated way.
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8) Layer 8: Honeypot Misclassification Detection
In the eighth layer we inject synthetic honeypot data points with known ground truth.

Honeypot Score = |Prediction — Ground_Truth| + Confidence_Penalty

Here clients that consistently misclassify these samples, especially with high confidence, are flagged malicious. This validates
whether a client’s model is behaving honestly or has been compromised.

C. Weighted Voting Detection System
1) Composite Decision Making
After all the eight anomaly detection layers generate their individual detection scores, the system merges them into one final score

for each client by applying a weighted voting method.
8

Final Score = Z w; * Detection_Score;
i=1
Where our optimized weights vector is w = [4.0, 3.0, 2.5, 3.5, 2.0, 3.0, 3.5, 4.0]. Which assigns higher importance to certain layers
(e.g., zero gradient and honeypot detection). This composite score makes sure that no single detection layer dominates the decision,
making it robust against attackers evading individual detectors.

2) Adaptive Threshold Mechanism
To handle changing attack behaviours, the framework dynamically adjusts the detection threshold using system variance:
Threshold = Yw; * (0.15 + 0.05 * min(1.0, Variance_Factor))

This adaptive threshold responds to fluctuations in client updates, balances false positive/negatives and maintains detection
reliability as adversarial strategies evolve.

3) Dynamic Trust Score Management

After each round client trust scores are continuously updated.

If marked as Sybil — trust score decays by multiplying by 0.85.
If marked legitimate — trust score increases by 0.05, up to 1.0.
Mathematically:

Trust S _ {0.85 * Trust_Score;, if detected as Sybil

TUSL_oCOT €ty = min(1.0, TTrust_Score, + 0.05),  otherwise
This dynamic adjustment helps identify persistently malicious clients while allowing legitimate clients to recover from occasional
false alarms.

D. Privacy-Preserving Aggregation
1) Adaptive Differential Privacy
Our adaptive noise mechanism scales based on gradient characteristics.
Oadaptive = Obase * (1 +0.1+ |Og(1 + ||vw||))
Here noise is clipped between [0.001, 0.05] to balance privacy and utility. Larger gradients get slightly more noise, ensuring privacy
adapts naturally to model updates.

2) Three-Stage Gradient Sanitization

Before aggregation, gradients go through,

Gradient Clipping: Which limits gradients to maximum norm (zclip = 1.0), avoiding extreme update.
[IV,, || = min(|1%, 1|, zclip) where tclip = 1.0
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Noise Addition: Adds gaussian noise to each gradient component.

V=V, + N(6,0°])
Precision Control: Rounds gradients to fixed decimal precision to stop precision-based attacks.

3) Robust Weighted Aggregation
After detection only legitimate client updates are included in the global model update.

1
Wiy = W + rl*mzwivwi
ieS

Where, S represents the set of legitimate clients and w; are sample-based weights.

E. Trap Weight Neutralization
1) SVD-Based Weight Analysis
We apply Singular Value Decomposition (SVD) to the first layer weight matrix:

W, = UsyT

Where U is left singular vectors (orthogonal matrix), ¥ is a diagonal matrix of singular values and V7 is a transpose of right singular
vectors (orthogonal matrix). By analyzing the singular values (X), anomalies like structured backdoor injections are detected through
unusually large or small singular values.

2) Weight Sanitization Protocol
Detected suspicious singular values are clipped within an acceptable threshold.

Wl_clean = U = clip(Z, T5yq) * vr
This neutralizes potential backdoors in the model’s initial layers, preserving performance and gradient flow integrity.

V. EXPERIMENTS & RESULTS

A. Experimental Setup

To comprehensively evaluate our Enhanced Privacy-Preserving Federated Learning (EPPFL) framework was evaluated on two

distinct domains which are computer vision (CIFAR-10) and healthcare analytics (Pima Indians Diabetes Dataset). This dual-

domain evaluation validates the framework’s adaptability to different data characteristics and privacy requirements.

Experimental Scenarios:

o CIFAR-10 (Image Classification): The experiment involves 100 clients (20% Sybil attackers) over 50 training rounds, with 10
clients per round and coordinated attacks every 10 rounds. A CNN with trap weight initialization is used, alongside a privacy
setup with base noise ¢ = 0.01 and adaptive scaling.

e Pima Indians Diabetes Dataset (Healthcare Data): The setup includes 10 clients (30% Sybil attackers) trained over 50 rounds
with 5 clients per round and coordinated attacks every 8 rounds. A multi-layer neural network with enhanced regularization is
used, along with a privacy mechanism using base noise ¢ = 0.005 and trust-based adaptation.

B. Results on CIFAR-10

1) Global Model Accuracy

The global model concluded with a final accuracy of 67.77%, while the average accuracy across all rounds was 56.94%. Notably,
there were substantial accuracy fluctuations, particularly during periods of coordinated adversarial attacks, which caused marked
performance drops. The framework demonstrated the ability to recover model accuracy in subsequent rounds, although attack-
driven disruptions remained a consistent challenge throughout training.
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Global Model Accuracy Over Time
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2) Reconstruction Signal-to-Noise Ratio (SNR)
Privacy mechanisms were highly effective: the average reconstruction SNR was approximately 0.01 dB, indicating that the data
extracted from model updates was dominated by noise. This level of SNR essentially blocked model inversion attacks, maintaining

privacy and data security across all training rounds.

Data Reconstruction Signal-to-Noise Ratio
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3) Sybil Detection Performance
The detection system achieved high specificity, with zero false positives, ensuring that no legitimate users were incorrectly flagged.
Overall detection accuracy averaged 87.4%, reaching up to 100% in some rounds. However, performance varied, with a precision of

60.0% and significant detection gaps during intense attack phases. Across the experiment, 58 Sybil users were accurately identified.
Detection Performance Metrics
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4) Defense Effectiveness
The framework reduced the average attack success rate to 44.22%, achieving a defense success rate of 55.78%. Effectiveness was

scenario-dependent: near-complete mitigation occurred when adversarial presence was limited, but defense capability diminished
during concentrated attack periods. Attackers were most successful when undetected, compromising 21 out of 50 rounds. The

defense was particularly vulnerable during high-density Sybil infiltration scenarios.

Summary Statistics

Value

(CIFAR10 Dataset: Krizhevsky, A., & Hinton, G. (2009). Learning multiple layers of features from tiny images. University of
Toronto Technical Report)

C. Results on Pima Indians Diabetes Dataset

1) Global Model Accuracy and Convergence
The final model in the healthcare implementation achieved an accuracy of 63.64%. Compared to CIFAR-10, accuracy fluctuations

were notably reduced (£5% versus +15%), and convergence occurred more rapidly, reflecting the relative simplicity of tabular data.

Applying domain-specific privacy measures contributed to further model stability.
Global Model Accuracy Over Time
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2) Defense Precision and Recall
In the healthcare scenario, precision reached 70%, with recall at 50.33%—noticeably outperforming the CIFAR-10 setup.
Honeypot-based detection delivered strong results for medical data, hitting an 85% success rate in trap scenarios. Trust scoring
allowed for adaptive client reliability assessment, while behavioural analysis improved detection accuracy by 25%. Entropy-based
gradient analysis also managed to flag 78% of advanced attacks, reinforcing defences against more sophisticated threats.

Detection Recall Over Time
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3) Defence Effectiveness
The healthcare system achieved a defence success rate of 74.33%, outperforming the CIFAR-10 setup due to improved detection
strategies and domain-specific optimizations. Attack success was restricted to 25.67%. The framework also exhibited 83% resistance
to coordinated multi-client attacks. Specificity remained at 100%, with a 0.00% false positive rate recorded. Additionally, the
system’s Sybil detection rate reached 67.11%, accurately identifying 51 out of 76 malicious instances.
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Defense Success Rate Over Time
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(Healthcare Dataset: Pima Indians Diabetes Database)

(https://github.com/Shruti912/federated-learning-research-paper)

The following table presents the primary parameters and performance metrics obtained from experiments conducted on the CIFAR-
10 and Healthcare datasets.
Table 1: Result Analytics

Parameters Cifar-10 Healthcare Dataset
Dataset
Num Users 100 10
Users Per Round 10 5
Final Global 0.67770 0.6364
Accuracy
Average 0.6000 (60.0%) 0.7000 (70.0%)
Detection
Precision
Average 0.3978 (39.8%) | 0.5033 (50.33%)
Detection Recall
Total Sybils 58 51 out of 76
Detected
Average Attack 0.4422 0.2567 (25.67%)
Success Rate (44.22%)
VL. LIMITATIONS AND FUTURE WORK

Our improved defense framework demonstrates solid performance against advanced sybil attacks, clocking in at 87.4% average
detection accuracy on CIFAR-10 and 90% on healthcare data. yet, there are some notable limitations that require future
investigation. The 8-layer detection framework introduces computational complexity of O(K2xd) with 20% overhead above baseline
federated learning, while the quadratic bottleneck in consistency detection (Layer 4) limits scalability beyond 1000 clients without
hierarchical optimization.
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Performance varies significantly between domains, with CIFAR-10 showing detection precision of 60% and notable drops during
coordinated attack rounds (rounds 1, 11, 21, 31, 41), compared to healthcare data achieving 70% precision with greater stability. The
framework lacks formal privacy budget allocation across detection layers, operating without theoretical guarantees for optimal
¢ _total distribution among ¢_detection + ¢ aggregation + & noise components, potentially leading to suboptimal privacy-utility
trade-offs in extended training scenarios. When attackers catch on to our defense strategies, they start coordinating and refining their
methods, especially around multi-user attacks that can undermine the statistical backbone of our algorithms. Future research should
focus on implementing hierarchical detection architectures that reduce complexity to O(K + VKxd), establishing formal (&,8)-
differential privacy composition analysis with convergence guarantees, developing meta-learning defense adaptation using game-
theoretic approaches, and extending validation to additional sensitive domains with domain-specific privacy requirements to ensure
broad applicability across privacy-critical applications.

VII. CONCLUSION
This work presents a comprehensive multi-layered defense framework for federated learning that addresses critical security
vulnerabilities in distributed machine learning systems. Our Enhanced Privacy-Preserving Federated Learning (EPPFL) framework
demonstrates significant improvements in defending against coordinated adversarial attacks while maintaining model utility. The
framework successfully reduces attack success rates to below 45% while maintaining zero false positives, making it suitable for
deployment in privacy-sensitive domains. The convergence analysis provides a foundation for adaptive defense mechanisms that
evolve with attack strategies. This work establishes both theoretical foundations and practical guidelines for secure federated
learning deployment, contributing to sustainable adoption of privacy-preserving machine learning in sensitive applications and
providing a foundation for future research in adaptive security mechanisms, cross-domain federated learning protection, and
trustworthy distributed machine learning systems. The framework bridges the gap between theoretical security guarantees and
practical federated learning deployment, contributing to the sustainable adoption of privacy-preserving machine learning in sensitive
applications.
(The authors declare that they have no competing financial or non-financial interests that could influence the work reported in this

paper.)
(The datasets analysed in this study are publicly available and cited in the paper. No new data were generated.)
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