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ABSTRACT—Federated Learning (FL) represents 

a transformative shift in how machine learning 

models are trained, allowing decentralized devices 

to collaboratively learn without compromising user 

data. In parallel, transformer-based architectures 

have emerged as the cornerstone of next-generation 

AI, excelling across natural language, vision, and 

multimodal tasks. This paper investigates how 

these two paradigms intersect, proposing a novel 

framework that embeds transformer models within 

federated learning environments, while integrating 

robust privacy preserving mechanisms. Our work 

tackles core challenges such as memory limitations, 

communication overhead, and privacy-utility trade-

offs. Experimental results confirm that our 

framework retains competitive performance 

relative to centralized approaches, while ensuring 

strong privacy guarantees, paving the way for 

scalable, private AI solutions in sensitive domains 

like healthcare, finance, and personal computing. 

 

Index Terms—Federated Learning, Transformer 

Models, Differential Privacy, Privacy-Preserving 

AI, Large Language Models, Distributed 

Computing 

 

I. INTRODUCTION 
Recent breakthroughs in artificial 

intelligence (AI) have been largely driven by 

advances in deep learning architectures, notably 

transformer models, which have revolutionized 

natural language processing, computer vision, and 

beyond. However, with growing awareness around 

data privacy and the proliferation of regulations 

such as GDPR, CCPA, and China’s Cyber Security 

Law, conventional centralized AI models face 

increasing scrutiny due to their reliance on large-

scale data collection. 

Federated Learning (FL) offers a 

compelling alternative by enabling decentralized 

model training across devices or institutions 

without transferring raw data. This paradigm aligns 

with modern privacy expectations and compliance 

frameworks, while also offering opportunities to 

harness previously untapped data sources. 

Simultaneously, the rise of transformer based 

models known for their performance and scalability 

introduces new possibilities and challenges when 

integrated into FL systems. 

This paper introduces a scalable and privacy-aware 

framework that leverages transformers within FL 

settings.  

 

Our key contributions include: 

A. Key Contributions 

This work presents several key 

contributions toward enabling scalable, privacy-

preserving transformer models within federated 

learning frameworks. 

First, we propose a unified architectural 

framework that effectively adapts transformer 

models for federated learning settings. Traditional 

transformer architectures, while powerful, are 

typically designed for centralized training on large-

scale datasets with substantial compute resources. 

Our framework reimagines these models in a 

decentralized setting, maintaining their core 

strengths in language modeling and representation 

learning while addressing the practical challenges 

of federated coordination. This includes ensuring 

that the architecture remains scalable across a large 

number of clients and performs robustly despite the 

heterogeneity of the underlying data and hardware. 

Second, we introduce innovative solutions 

to overcome the memory and computational 

limitations that are common among federated 

clients, such as mobile phones, edge devices, and 

IoT systems. Our approach incorporates 

lightweight modules, parameter-efficient fine-

tuning techniques, and fixed memory differential 

privacy strategies, all of which are tailored to 

accommodate clients with restricted resources 

without sacrificing learning performance or privacy 

guarantees. 

Third, we demonstrate the synergistic 

integration of differential privacy (DP) and secure 

aggregation protocols, specifically customized for 

transformer-based federated learning. These 
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privacy-preserving mechanisms work in tandem to 

ensure that client data remains confidential 

throughout the training process. Differential 

privacy provides statistical guarantees against data 

leakage, while secure aggregation ensures that 

individual updates cannot be inferred even in the 

presence of server-side adversaries. This multi-

layered approach to privacy is crucial for sensitive 

domains like healthcare, finance, and personalized 

services. 

Lastly, we validate the effectiveness of 

our proposed framework through extensive 

experiments on a range of benchmark natural 

language processing (NLP) datasets as well as 

domain specific corpora. Our results show that the 

model achieves competitive accuracy while 

preserving strong privacy, with only minimal 

degradation in performance compared to non 

private, centralized baselines. These empirical 

findings reinforce the practical feasibility of 

deploying transformer models in real-world 

federated environments, even under strict privacy 

and resource constraints. 

 

II. BACKGROUND 
A. Federated Learning 

Federated Learning (FL) is a distributed 

machine learning paradigm where model training 

occurs across decentralized edge devices or 

institutional silos, each holding their own local 

datasets [McMahan et al., 2017]. Unlike traditional 

centralized learning, FL avoids raw data exchange, 

addressing critical privacy concerns [Myakala and 

Kamatala, 2023]. 

In a typical FL setup, a central server 

initializes a global model and shares it with 

participating clients. Each client then trains the 

model locally and sends the resulting model 

updates—rather than data—back to the server. The 

server aggregates these updates to refine the global 

model, and the process repeats over multiple 

rounds. 

This decentralized learning model offers 

several advantages: it enhances privacy, reduces 

bandwidth usage by transmitting only model 

weights, enables learning from non-shared, siloed 

data sources. Such properties make FL an attractive 

option for data-sensitive environments like 

healthcare and finance. 

 

B. Transformer Models 

Since their debut in 2017 [Vaswani et al., 

2017], transformer models have become 

foundational to modern AI. Their self attention 

mechanisms allow them to capture long-range 

dependencies more effectively than recurrent or 

convolutional architectures. This not only boosts 

performance but also allows parallelization during 

training. 

Transformers have since evolved from 

NLP tasks to power innovations in computer 

vision, speech, and multimodal learning [Kamatala 

et al., 2025]. Key architectural components multi-

head self-attention, position-wise feedforward 

networks, residual connections, and layer 

normalization enable transformers to handle large-

scale, complex data representations with ease. 

Popular models such as BERT, GPT, and 

T5 have pushed the envelope in language 

understanding [Devlin et al., 2018], while Vision 

Transformers (ViTs) extend this success to image 

tasks. However, when deployed in federated 

environments, their high parameter count and 

compute intensity present new design and resource 

challenges. 

 

C. Privacy Challenges in AI 

AI systems thrive on data, but the use of 

personal or sensitive data brings significant privacy 

risks [Mehendale, 2021]. These include 

unauthorized access, model inversion attacks 

(which reconstruct training data), and membership 

inference attacks (which determine if specific 

records were used during training). 

Transformer models, in particular, can 

memorize training data, increasing the risk of 

unintentional data leakage. The combination of 

model capacity and training data sensitivity 

necessitates more robust safeguards . 

Strict regulations and public concern 

about privacy make it imperative that modern AI 

frameworks embed privacy mechanisms natively, 

especially in domains such as healthcare, financial 

services, and mobile computing. 

 

III. PRIVACY-PRESERVING 

TECHNIQUES IN FEDERATED 

LEARNING 
Figure 1 presents a vertical mapping of 

key privacy preserving techniques in federated 

learning, aligned with their respective protection 

objectives. Differential Privacy (DP) is primarily 

responsible for safeguarding data-level privacy by 

injecting calibrated noise into model updates. 

Secure Aggregation focuses on model protection, 

ensuring that individual client updates remain 

confidential through encrypted aggregation. 

Homomorphic Encryption (HE) and Secure Multi-

Party Computation (SMC) are categorized under 

communication protection, as they allow secure 

computation and transmission of updates without 

exposing raw or intermediate data. This 
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classification highlights the layered defense 

approach necessary for robust privacy in federated 

systems, where multiple techniques must work in 

tandem to address different threat surfaces. 

 

Fig. 1. Vertical mapping of privacy-preserving 

techniques to their primary protection objectives. 

 

Bio-inspired paradigms such as Artificial 

Immune Systems provide promising directions for 

secure and adaptive learning systems [Myakala et 

al., 2025]. 

 

A. Differential Privacy 

Differential Privacy (DP) has become a 

cornerstone for protecting individual data in 

machine learning. It provides a rigorous 

mathematical definition of privacy, ensuring that 

the inclusion or exclusion of any single data point 

minimally affects the model’s outcome [Dwork and 

Roth, 2014], [Chen, 2024]. 

In federated learning, DP is typically 

applied by injecting calibrated noise into model 

updates before they are transmitted to a central 

server. The privacy budget, denoted by , governs 

the trade-off between data privacy and model 

accuracy. Lower values offer stronger privacy 

protections but may degrade utility. 

Recent advancements include adaptive 

noise mechanisms tailored to the sensitivity of 

model parameters, as well as improved privacy 

accountants that track cumulative privacy loss over 

multiple training rounds. Some frameworks also 

employ local DP, where clients add noise before 

sharing updates—maximizing protection at the 

edge. 

A critical limitation of conventional DP 

implementations is their fluctuating memory 

requirements, which hinder scalability on resource-

constrained devices. To address this, fixed memory 

DO methods have emerged, enabling robust 

privacy guarantees on devices such as smartphones 

and edge nodes [Zhu et al., 2024]. 

 

B. Secure Aggregation 

Secure Aggregation (SecAgg) is a 

cryptographic protocol that ensures the server can 

only access the aggregated sum of client model 

updates, without learning individual contributions 

[Chu et al., 2024]. 

1) Key Advantages of Secure Aggregation: Secure 

Aggregation (SecAgg) plays a fundamental role in 

enhancing the security and trustworthiness of 

federated learning systems. At its core, SecAgg 

ensures that individual client updates are never 

directly visible to the central server or any other 

participating entities. Instead, the updates are 

cryptographically masked and only revealed in 

aggregate, making it significantly harder for 

adversaries to perform inference attacks on the data 

of any single participant. This property is 

particularly important in sensitive domains such as 

healthcare, finance, or personalized services, where 

even partial exposure of model updates could lead 

to privacy breaches. 

Another key strength of SecAgg lies in its 

compatibility with complementary privacy-

preserving techniques, most notably differential 

privacy (DP). While DP introduces noise to 

obfuscate individual contributions, SecAgg further 

strengthens this protection by ensuring that only 

aggregated never raw updates are visible. When 

combined, these methods create a robust privacy 

framework that safeguards data both statistically 

and cryptographically, offering multi-layered 

protection against a wide range of attack vectors. 

Beyond technical protection, SecAgg also has a 

strong psychological and operational impact: it 

significantly boosts client trust and willingness to 

participate in federated learning. Users and 

organizations are more likely to engage in 

collaborative training processes when they are 

confident that their data will remain confidential 

and secure throughout. This enhanced trust not 

only facilitates wider adoption of federated learning 

systems but also contributes to more diverse and 

representative datasets, ultimately improving model 

fairness and generalization. 

 

By enabling privacy-preserving 

collaboration at scale, secure aggregation stands as 

a critical enabler for building ethical and inclusive 

AI systems in distributed environments. 

However, the added cryptographic 

operations can introduce significant compute and 

communication costs, particularly on low-power 

devices. These challenges are amplified when 

training large transformer models in FL settings. 

 

C. Homomorphic Encryption 

Homomorphic Encryption (HE) allows 

computations to be carried out directly on 

encrypted data, producing encrypted outputs that, 

when decrypted, match the results of standard 

operations on the plaintext [Inc., 2025]. 

In FL, this means clients can encrypt model 

updates, and the server can perform aggregation 

without ever accessing unencrypted data. HE offers 

very strong privacy guarantees but is 

computationally expensive. Its practical use in FL 

especially with high-dimensional transformer 

models is currently limited due to latency and 
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compute constraints. Balancing efficiency and 

privacy remains a central challenge in leveraging 

HE for scalable privacy preserving learning. 

 

IV. FEDERATED LEARNING WITH 

TRANSFORMER MODELS 
Figure 2 illustrates the step-by-step client-

side pipeline in a federated learning setup 

incorporating transformer models with differential 

privacy mechanisms. The process begins with local 

data residing on user devices or institutional silos, 

which is fed into a transformer model for training. 

To preserve data confidentiality, differential 

privacy (DP) noise is applied to the model outputs 

or gradients before any communication. This 

ensures that sensitive information cannot be 

reconstructed from individual updates. The 

resulting model updates are then securely generated 

and transmitted to the central server for 

aggregation. This pipeline highlights the core 

advantage of federated learning: enabling 

collaborative model training while ensuring user 

data remains private and never leaves the local 

device. 

 

Send to Server 

Generate Model Update 

Apply DP Noise 

Transformer Model 

 

Local Data 

Fig. 2. Pipeline topology in federated 

learning at the client-side. Each client processes 

local data through a transformer model, applies 

differential privacy, and sends model updates to the 

central server. 

Transformer models, renowned for their 

exceptional performance across a wide range of 

natural language processing and vision tasks, bring 

significant computational advantages to centralized 

learning. However, their integration into federated 

learning (FL) frameworks introduces several non-

trivial challenges. Notably, transformer 

architectures are inherently resource-intensive, 

demanding high memory and compute capacities, 

which complicates their deployment on resource 

constrained edge devices commonly participating 

in federated settings. Moreover, transformers 

exhibit high communication overhead due to their 

extensive parameterization, making frequent model 

updates across distributed clients both bandwidth 

and latency-sensitive. 

Further complexity arises from data 

heterogeneity, a hallmark of federated learning 

where the non-IID (independent and identically 

distributed) nature of client data can significantly 

degrade transformer performance and convergence 

stability. This is particularly critical for 

transformers, as their training dynamics are 

sensitive to shifts in data distribution and sequence 

length variation. 

To address these issues, recent research 

has proposed architectural adaptations such as 

lightweight transformers, pruning, quantization, 

and knowledge distillation to reduce model 

complexity while preserving performance. On the 

training side, techniques like client-specific fine-

tuning, federated averaging with adaptive learning 

rates, personalization layers, and attention 

alignment have shown promise in improving 

convergence under non-IID conditions. In addition, 

communication efficient protocols including 

gradient sparsification and update compression are 

increasingly being employed to mitigate 

synchronization overheads during collaborative 

training. 

This section delves into these architectural 

and algorithmic strategies, evaluating their 

effectiveness in enabling transformer models to 

operate efficiently and robustly within federated 

learning workflows, while balancing the trade-offs 

among performance, privacy, and scalability. 

 

A. Architecture 

To make transformer models compatible 

with decentralized environments, we propose a 

hybrid architecture that supports modular training. 

Instead of fine-tuning the full model, we adopt 

techniques such as adapter layers, which allow only 

a small portion of the network to be updated 

locally. 

We also explore splitting transformer 

components across client and server roles and 

leveraging knowledge distillation to transfer 

capabilities from larger models into more compact, 

edge-friendly versions [Alzantot et al., 2025]. This 

significantly lowers computation requirements on 

the client side, making the approach feasible for 

mobile and IoT devices. 

B. Training Process 

The training pipeline adopted in our 

approach blends the strengths of transfer learning 

and federated learning to enable secure, 

collaborative model development without 

compromising data privacy. The process begins 

with a centralized pre-training phase, where a 

transformer model is trained on publicly available 

datasets to learn general-purpose language and 

coding representations. This pretrained model 

serves as a robust initialization point, providing 

foundational knowledge that can be adapted to 

diverse downstream tasks. 
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Once the centralized model has achieved 

sufficient generalization, it is distributed to 

participating client devices or institutions, each of 

which holds its own private dataset. At the client 

level, the model undergoes local fine-tuning, where 

only selected layers such as adapter modules or 

output heads are updated using client-specific data. 

This approach allows the model to personalize its 

knowledge to the local context without exposing 

raw data to external entities. 

To ensure privacy during training, clients 

implement privacy-preserving mechanisms, such as 

differential privacy (DP) noise injection, gradient 

clipping, or local masking strategies. These 

techniques obfuscate sensitive information in the 

model updates while still allowing useful learning 

signals to propagate. Following local training and 

privacy protection, clients send their model updates 

not raw data to a central server using secure 

aggregation protocols. These protocols ensure that 

individual contributions remain confidential while 

enabling the server to compute a global update 

efficiently. 

The aggregated updates are used to refine 

the global model, which is then redistributed to all 

clients for the next training round. This iterative 

coordination between clients and the central server 

allows the model to evolve collaboratively, 

benefiting from diverse data distributions without 

requiring centralized access to the raw datasets. 

The process not only preserves data locality, but 

also leverages the advantages of transfer learning to 

accelerate convergence and improve generalization. 

By integrating federated learning with 

transformer-based transfer learning, the training 

pipeline supports scalable, privacy-conscious AI 

development, especially in environments where 

data sensitivity is paramount [Ali Abbasi Tadi, 

2024]. 

 

C. Optimization Techniques 

Training transformer models in federated 

learning environments presents unique challenges, 

including heterogeneous data distributions, limited 

bandwidth, and asynchronous client participation. 

To address these issues and support both efficient 

and stable model convergence, we incorporate a 

suite of specialized optimization strategies tailored 

for the federated setting. 

First, we employ adaptive learning rate 

strategies that dynamically calibrate each client’s 

learning rate based on the variability and 

complexity of its local dataset. This ensures that 

clients with noisier or more diverse data receive 

appropriately scaled updates, helping to maintain 

global model stability and avoid overfitting to any 

single client. 

To reduce the substantial communication 

burden often associated with large transformer 

models, we apply gradient compression techniques 

such as quantization and sparsification. These 

methods effectively shrink the size of transmitted 

updates without significantly degrading model 

performance, thereby enabling communication-

efficient training across bandwidth-constrained or 

edge devices. 

We also integrate FedProx-style 

regularization, a technique specifically designed to 

handle non-IID (non-independent and identically 

distributed) data across clients. By introducing a 

proximal term that penalizes large deviations from 

the global model, FedProx mitigates the risk of 

local overfitting and ensures smoother convergence 

across diverse client datasets. 

Furthermore, our training protocol 

incorporates smart client sampling strategies to 

balance the trade-off between fairness and 

computational efficiency. Clients are selected based 

on criteria such as data diversity, availability, and 

historical contribution, ensuring fair representation 

while reducing training overhead and improving 

scalability. 

In addition to these general optimization 

strategies, we also leverage transformer-specific 

enhancements, such as the AdamW optimizer 

which combines adaptive learning with weight 

decay and layer-wise learning rate decay, which 

applies progressively smaller updates to deeper 

layers. These adjustments help maintain model 

generalization while accelerating convergence. 

Finally, our framework introduces 

FedRectify, a custom optimization enhancement 

that improves robustness against adversarial 

gradients and unstable updates. By refining how 

updates are aggregated and normalized, FedRectify 

not only increases resistance to malicious behavior 

but also accelerates convergence by up to 2.6x, 

demonstrating both efficiency and security in 

federated transformer training. 

 

V. PRIVACY-PRESERVING 

MECHANISMS FOR 

TRANSFORMER MODELS 
Modern privacy expectations demand 

more than surface level protection. In our 

framework, privacy mechanisms are embedded 

directly within transformer components, allowing 

for precise control of information exposure during 

training. 

Differential privacy (DP) noise is injected 

at multiple stages: embeddings, self-attention, and 
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feed-forward layers. This layered defense ensures 

that sensitive features cannot be reverse engineered 

from any part of the model. 

We define the total privacy budget as: , 

representing noise levels for the embedding (), 

attention (), and feed-forward () modules. This 

modular control helps align privacy needs with 

application-specific tolerances. 

 

A. Layer-wise Privacy Mechanisms 

Different components of transformers 

have varying risk profiles. Attention layers are 

more prone to memorizing sensitive data, while 

feed-forward networks typically pose lower 

leakage risks. 

 

B. Layer-wise Privacy Mechanisms 

As privacy-preserving mechanisms are 

embedded deeper within model layers, ensuring 

transparency becomes essential not only for 

compliance but also for cultivating trust in 

distributed AI systems. Recent research emphasizes 

that explainable AI (XAI) is a key driver for user 

trust and adoption, particularly when models 

operate in sensitive, highstakes domains like 

healthcare and finance [Bura et al., 2024]. This 

insight is especially relevant when designing 

privacy aware federated transformer architectures. 

By incorporating explainability alongside 

differential privacy and secure aggregation, 

federated transformer models can offer not just 

privacy guarantees, but also interpretable insights 

that empower stakeholders to understand, audit, 

and trust model behavior [Bura et al., 2024], 

[Kamatala, 2024]. 

We introduce layer-wise privacy 

allocation, assigning higher privacy budgets (i.e., 

stronger noise) to the more vulnerable components. 

This targeted strategy improves overall privacy 

while minimizing impact on model performance. 

 

C. Memory-Efficient Differential Privacy 

In federated learning settings, especially 

those involving edge devices and mobile clients, 

implementing differential privacy (DP) poses a 

major challenge due to its often dynamic and 

memory-intensive requirements. Traditional DP 

mechanisms typically require maintaining 

extensive logs of training steps or privacy 

expenditures, making them impractical for 

deployment on devices with limited computational 

and memory resources. To address this, our 

framework introduces a memory-efficient 

differential privacy strategy that ensures strong 

privacy guarantees while remaining lightweight 

and deployable in real-world constrained 

environments [Zhu et al., 2024]. 

At the core of our approach is the use of 

lightweight privacy accountants. Unlike 

conventional methods that rely on complex 

accumulators or per-round tracking, our privacy 

accountants are designed to track privacy loss with 

constant memory usage. This significantly reduces 

overhead and enables scalability across devices 

with varying hardware capabilities. By maintaining 

a minimal memory footprint, these accountants 

make it feasible to implement DP even on lower-

end devices without compromising transparency or 

auditability. 

To further support memory-constrained 

environments, we integrate a calibrated noise 

injection mechanism. The amount of noise added is 

carefully tuned to strike a balance between privacy 

preservation and model accuracy. Rather than 

applying a fixed noise level across all components, 

the system adjusts noise dynamically based on 

model sensitivity and the task at hand, ensuring 

optimal performance without weakening privacy 

guarantees. 

Additionally, our framework implements 

adaptive gradient clipping techniques. This 

involves dynamically scaling the gradient norms 

based on the sensitivity of individual transformer 

components. By doing so, we can avoid overly 

aggressive clipping that harms learning efficiency 

while still ensuring that the gradients remain 

bounded and resistant to privacy leakage. Together, 

these innovations allow devices with limited 

memory and compute power to participate 

meaningfully in the federated training process. 

They not only ensure compliance with differential 

privacy requirements but also maintain high utility 

and fairness across a heterogeneous set of clients. 

This makes our approach particularly suitable for 

large-scale federated systems operating in real-

world environments where hardware diversity and 

resource limitations are common. 

 

D. Byzantine-Resilient Aggregation 

Malicious clients can disrupt federated 

learning by sending corrupted model updates. Our 

approach defends against such Byzantine threats 

using robust aggregation techniques [Roux et al., 

2025]. We employ outlier-resistant strategies like 

the geometric median and trimmed mean, which 

discard extreme updates. Combined with 

differential privacy, this ensures both data 

protection and model integrity. Experimental 

results show up to 2.6x faster convergence under 

adversarial conditions without compromising 

privacy. 
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VI. EXPERIMENTAL SETUP AND 

RESULTS 
To evaluate the real-world applicability 

and robustness of our proposed federated 

transformer framework, we conducted a series of 

controlled experiments simulating diverse, 

highstakes deployment environments. This section 

presents the empirical foundation supporting our 

architectural and algorithmic choices, with a focus 

on quantifying trade-offs between privacy 

preservation, computational efficiency, 

communication cost, and model performance. By 

analyzing privacy-enhancing techniques across a 

wide spectrum of scenarios and datasets, we aim to 

demonstrate not only the technical soundness of 

our approach but also its readiness for scalable and 

secure deployment in sensitive domains such as 

healthcare, finance, and user-centric mobile 

computing. 

 

TABLE I 

EVALUATION OF PRIVACY TECHNIQUES IN FEDERATED TRANSFORMER ARCHITECTURES 

Technique Privacy Level Model 

Accuracy 

Compute Cost Comm. 

Overhead 

No Protection Low High Low Moderate 

Differential Privacy (ε =1.0) Strong Moderate Moderate Moderate 

Differential Privacy (ε =0.1) Very Strong Low Moderate Moderate 

SecAgg (Encrypted Aggregation) Moderate High High High 

Fully Homomorphic Encryption Maximum High Very High High 

Proposed Method Strong High Moderate Moderate 

 

A. Datasets 

To rigorously evaluate the effectiveness, 

generalizability, and privacy guarantees of our 

federated transformer framework, we conducted 

experiments on three diverse and representative 

datasets, each selected to simulate a distinct real 

world deployment scenario. This multi-domain 

evaluation allowed us to test both performance and 

privacy resilience across varying levels of data 

heterogeneity and sensitivity. 

The first dataset we used is the GLUE 

benchmark, a widely adopted suite of natural 

language processing (NLP) tasks designed to assess 

general language understanding. GLUE includes a 

range of sub-tasks such as sentiment classification, 

question answering, textual entailment, and more. 

By evaluating our model on GLUE, we were able 

to measure its ability to generalize across different 

linguistic challenges, making it an ideal choice for 

benchmarking transformer models in a federated 

setup. 

In addition to general NLP tasks, we 

incorporated a medical text dataset, composed of 

anonymized clinical notes. This dataset was used to 

emulate privacy-sensitive healthcare environments, 

where preserving patient confidentiality is 

paramount. The data included a mix of structured 

and unstructured medical language, offering a 

realistic challenge for applying federated learning 

in high-stakes domains. This experiment allowed 

us to validate the privacy mechanisms of our 

approach, particularly differential privacy and 

secure aggregation, under stringent requirements. 

Lastly, we included a Twitter sentiment 

dataset, composed of real-world, user-generated 

content from social media. This dataset introduced 

significant variability and noise, capturing the type 

of data heterogeneity commonly encountered in 

open source, user-contributed platforms. It served 

as an excellent testbed for evaluating the robustness 

of our model under nonuniform data distributions 

and frequent domain shifts, which are typical in 

federated environments with edge devices or 

decentralized user bases. 

To simulate realistic federated conditions, 

we created both IID (independent and identically 

distributed) and non-IID data partitions across 

clients. Specifically, we applied label skew, 

quantity skew, and temporal skew to mimic how 

data may naturally vary across devices or 

institutions. These variations allowed us to evaluate 

how well our model handles imbalance, sparsity, 

and asynchronous updates—core challenges in 

practical federated learning deployments. 

 

B. Performance Metrics 

To comprehensively evaluate the 

effectiveness of our proposed federated transformer 

framework, we employed a diverse set of 

performance metrics that collectively capture both 

model utility and privacy-preserving capabilities. 

These metrics are crucial for understanding the 

trade-offs inherent in privacy-conscious machine 

learning systems and for demonstrating the real-

world feasibility of our approach. 
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First, we assessed classification 

performance using standard accuracy and F1-score 

metrics. Accuracy measures the proportion of 

correct predictions over all instances, while F1-

score provides a harmonic mean of precision and 

recall, making it particularly useful for imbalanced 

datasets. Together, these metrics give a robust 

estimate of the model’s predictive capabilities 

across various tasks and domains. 

In parallel, we quantified the strength of 

our privacy preserving mechanisms by tracking the 

differential privacy budget, often denoted by the 

parameter ϵ. A lower ϵ value corresponds to 

stronger privacy guarantees, indicating that 

individual contributions within the training data are 

less likely to be inferred. We ensured that the 

privacy budget remained within practical and 

accepted thresholds, thereby confirming that strong 

privacy could be maintained without excessive 

degradation in performance. 

We also analyzed the communication 

overhead, which refers to the volume of data 

transmitted between clients and the central server 

in each training round. Since federated learning 

environments often operate over constrained 

networks, reducing communication costs is 

essential for scalability. Our optimization 

strategies—including gradient compression and 

smart client sampling—helped minimize this 

overhead, making the training process more 

efficient. 

Lastly, we measured the convergence rate, 

defined as the number of training rounds required 

to achieve a predefined target accuracy. A faster 

convergence rate implies greater training 

efficiency, which is especially important in 

federated settings where client participation is 

intermittent or energy constrained. By tracking this 

metric, we demonstrated that our model not only 

preserves privacy but also converges rapidly, 

ensuring timely deployment in practical scenarios. 

Together, these performance metrics 

provide a holistic view of the trade-offs between 

accuracy, efficiency, and privacy, allowing us to 

assess the real-world viability of deploying 

federated transformer models across a range of 

applications. 

 

TABLE II 

COMPARATIVE EVALUATION ON GLUE TASKS (ACCURACY %) 

GLUE Task Central Model FedAvg FedAvg + DP Proposed 

Approach 

SST-2 92.5 91.6 89.2 91.2 

MNLI 84.3 82.8 80.0 82.5 

QQP 91.1 90.3 87.0 89.6 

QNLI 90.7 89.5 86.2 88.7 

CoLA 59.5 57.1 53.3 56.3 

Mean Accuracy 83.6 82.3 79.1 81.7 

 

As presented in Table II, the proposed 

federated transformer framework demonstrates a 

strong balance between privacy and performance 

across diverse GLUE tasks. While the centralized 

model achieves the highest average accuracy 

(83.6%), it operates without any privacy 

safeguards. The standard FedAvg method, though 

decentralized, lacks privacy preserving 

mechanisms and records a slightly lower mean 

accuracy (82.3%). Introducing differential privacy 

in FedAvg + DP significantly reduces performance 

(79.1%), highlighting the utility-privacy trade-off. 

In contrast, the proposed approach maintains 

competitive performance with a mean accuracy of 

81.7%, outperforming the privacy-enhanced 

FedAvg variant on all tasks. This underscores the 

effectiveness of our privacy preserving design in 

retaining model utility while adhering to privacy 

constraints. 

C. Comparative Analysis 

To validate the effectiveness of our 

proposed framework, we conducted a 

comprehensive comparative analysis against four 

widely recognized baselines, each representing a 

distinct approach to training transformer models 

under varying privacy and system constraints. 

The first baseline is the Centralized 

Model, which serves as an upper-bound reference 

by training on the full, pooled dataset without any 

privacy-preserving constraints. While this model is 

not privacy-aware, it provides a valuable 

benchmark for assessing the potential trade-offs 

introduced by federated learning and privacy 

mechanisms. 

Next, we evaluated against FedAvg, the 

classical federated learning algorithm that 

aggregates client model updates via simple 

averaging. This approach does not include any 
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privacy safeguards and thus serves as a 

performance-oriented but privacy-agnostic 

reference point. We then introduced FedAvg with 

Differential Privacy (FedAvg + DP), which 

augments the standard algorithm with basic 

differential privacy noise injection. While this 

improves privacy, it often comes at the cost of 

reduced model accuracy and increased training 

complexity. 

Our fourth comparison was made against 

state-of-the-art privacy-preserving federated 

learning (SOTA FL + Privacy) techniques, 

including recent methods that combine advanced 

cryptographic protocols and adaptive privacy 

budgets. These approaches represent the current 

frontier in privacy-aware FL and provide a rigorous 

baseline for assessing our model’s capabilities. 

Across all benchmarks, our method 

demonstrated a superior balance between privacy 

and utility. Specifically, the model achieved only a 

1.3 percentage point drop in accuracy compared to 

standard FedAvg, while offering significantly 

stronger privacy guarantees [Kang et al., 2023]. 

This minimal degradation underscores the 

efficiency of our approach in maintaining model 

performance, even under strict privacy constraints. 

In addition to predictive accuracy, we also 

evaluated key system-level metrics such as 

computational efficiency, communication 

overhead, and memory footprint. Our framework 

showed notable improvements across all three 

dimensions. Through techniques such as adaptive 

gradient clipping, quantized updates, and memory-

efficient privacy accounting, we achieved 

substantial reductions in both compute cost and 

bandwidth usage. These results highlight the 

practical viability of our solution, especially for 

deployment in real-world environments where 

client resources are limited and privacy concerns 

are paramount. 

Collectively, these findings affirm that our 

federated transformer architecture not only aligns 

with the highest standards of privacy but also 

delivers competitive performance and operational 

efficiency, making it well-suited for scalable, 

privacy preserving machine learning applications. 

 

TABLE III 

EFFICIENCY COMPARISON: COMMUNICATION, COMPUTATION, AND MEMORY FOOTPRINT 

Technique Comm. Cost Comp. Time Memory Usage 

 (MB/round) (sec/round) (MB) 

Full Model Sync 678 45.0 1445 

Gradient Sharing 338 41.8 1445 

Adapter-Based 

Update 

15.0 18.5 918 

Proposed Scheme 18.5 21.0 848 

 

Table III shows that our method 

significantly reduces communication and 

computation costs compared to full model transfer 

or gradient transfer approaches, while maintaining 

similar performance. This efficiency gain is 

particularly important for resource-constrained 

devices participating in federated learning. 

 

VII. CHALLENGES AND LIMITATIONS 
While our approach demonstrates 

promise, several key challenges remain when 

deploying privacy-preserving transformer models 

in federated environments. 

 

A. Computational Challenges 

Transformer models are computationally 

intensive by design. Integrating differential privacy 

and secure aggregation further amplifies resource 

demands. Our results indicate a 15– 30p increase in 

computation time when privacy mechanisms are 

applied. Edge devices such as smartphones and IoT 

nodes often lack sufficient compute and memory, 

necessitating lightweight adaptations and modular 

training. Techniques like adapter tuning and 

memory-efficient DP are vital for practical 

adoption. 

 

B. Communication Overhead 

Training transformer models in FL 

settings involves frequent transmission of large 

updates. This can overwhelm client-server 

bandwidth, especially in cross-device scenarios. 

While techniques such as gradient compression and 

partial model updates help mitigate this issue, 

communication remains a bottleneck. Network 

heterogeneity and asynchronous participation 

further complicate convergence. 

 

C. Privacy-Utility Trade-off 

There is an inherent tension between 

model utility and data privacy. Stronger privacy 

guarantees---typically associated with lower 



 

        

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 7, Issue 04 April 2025,  pp: 06-17  www.ijaem.net  ISSN: 2395-5252 

  

 

 

 

DOI: 10.35629/5252-07040617                |Impact Factorvalue 6.18| ISO 9001: 2008 Certified Journal     Page 15 

$\varepsilon$ values in differential privacy---

require injecting more noise into model updates, 

which can lead to reduced accuracy, slower 

convergence, and potential instability during 

training. This trade-off necessitates a careful 

balancing act, where system designers must align 

technical parameters with the specific risk 

tolerance, regulatory constraints, and performance 

expectations of the deployment context. 

Our framework incorporates human-in-

the-loop strategies, allowing privacy practitioners 

to tune based on contextual factors such as data 

sensitivity, legal constraints, and user expectations. 

Striking the optimal balance remains application-

specific and a subject for further exploration. 

 

VIII. FUTURE DIRECTIONS 
As artificial intelligence systems continue 

to scale and embed themselves across sectors, the 

need for federated learning frameworks that are not 

only technically robust but also adaptable, ethical, 

and user-centric is becoming increasingly urgent. 

While this work lays a strong foundation by 

integrating transformer models with privacy-

preserving mechanisms, several promising avenues 

remain open for exploration. These directions are 

shaped by emerging challenges such as 

personalized user demands, computational 

bottlenecks on edge devices, and the growing call 

for collaboration across institutional and 

geographic boundaries. The following subsections 

outline key areas where future research can amplify 

the impact, inclusiveness, and trustworthiness of 

federated transformer-based AI systems. 

 

A. Personalized Privacy Mechanisms 

Future federated systems must embrace 

client-specific privacy configurations that account 

for variations in data sensitivity, application 

context, and user expectations. Techniques such as 

personalized privacy budgets, adaptive noise 

scaling, and task-aware differential privacy can 

enable such flexibility. 

Moreover, empowering users with agency 

over their data is not just a technical goal—it aligns 

with broader educational and social imperatives. As 

highlighted in recent research on generative AI in 

transformative education [Bura and Myakala, 

2024], personalization fosters inclusion, trust, and 

equitable innovation. These principles should guide 

the evolution of federated learning systems toward 

more human-centered AI solutions. 

 

B. Efficient Transformer Architectures 

Designing FL-friendly transformer models 

is a promising research direction. Sparse attention, 

low-rank approximations, and progressive training 

can dramatically reduce resource requirements. 

Hardware-aware architecture search can further 

optimize performance for edge devices, improving 

feasibility across broader deployment scenarios. 

 

C. Cross-Silo Federated Learning 

Beyond edge devices, FL can be applied 

in cross-silo environments where institutions such 

as hospitals, banks, or research labs collaboratively 

train models while maintaining data sovereignty. 

This opens the door for privacy-preserving 

collaboration across regulatory domains and 

geographic boundaries. Techniques like domain 

adaptation and secure audit trails will be critical to 

supporting this paradigm. 

 

D. Federated Transformers: Emerging Trends 

Recent advancements have demonstrated 

that transformer based models are increasingly 

being tailored for federated learning scenarios, with 

growing emphasis on personalization, privacy, and 

efficiency. For example, real-world deployments in 

healthcare settings have shown the viability of 

knowledge distilled transformers for collaborative 

learning across institutions without centralizing 

patient data [Tolle et al., 2025]. Similarly, 

Trustformer introduces a trusted federated 

transformer framework leveraging local 

simulations and secure enclave-based aggregation 

to minimize communication while preserving trust 

[Abbasi Tadi et al., 2025]. The Internet of Things 

(IoT) domain has also benefited from fine-grained 

personalization strategies that integrate federated 

transformers to enhance privacy-aware decision-

making at the edge [Li et al., 2024]. In more 

complex multi-party vertical federated learning 

settings, the Federated Transformer (FeT) 

framework demonstrates how transformers can 

effectively learn from fuzzily linked data across 

siloed parties [Wu et al., 2024]. Additionally, 

domain-specific studies, such as fault diagnosis in 

industrial IoT, reveal how adaptive differential 

privacy and privacy-preserving training techniques 

improve model performance on highly imbalanced 

data [Wu et al., 2023]. These emerging approaches 

underline the growing need to balance privacy, 

scalability, and accuracy when adapting 

transformers to real-world federated systems. 

 

IX. CONCLUSION 
In this work, we explored the intersection 

of two transformative AI paradigms, transformer 

models and federated learning, and proposed a 

unified framework that brings them together under 

the umbrella of scalable, privacy-preserving 
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intelligence. As organizations and individuals 

increasingly seek to harness the power of data 

without compromising privacy, this research 

demonstrates that it is indeed possible to achieve 

high-performance machine learning while 

maintaining strong safeguards over sensitive 

information. 

By embedding differential privacy directly 

within transformer model components, applying 

secure aggregation protocols, and incorporating 

memory-efficient techniques, our framework 

addresses many of the real-world challenges faced 

in decentralized environments. From mitigating 

communication bottlenecks to ensuring fairness 

across heterogeneous clients, we demonstrated how 

thoughtful architectural and algorithmic design can 

lead to robust, efficient, and trustworthy AI 

systems. 

Through rigorous experimentation across 

diverse datasets—including GLUE, medical text, 

and real-world social data—we validated that our 

approach not only preserves user privacy but also 

maintains competitive model performance. Our 

modular privacy budget allocation, lightweight 

privacy accountants, and Byzantine-resilient 

aggregation techniques each played a role in 

making the system both resilient and accessible 

across varying hardware capabilities. 

More than a technical contribution, this 

paper presents a step forward in how we think 

about collaborative AI. It emphasizes that privacy 

should not be a patch applied after deployment, but 

a foundational layer woven into every step of 

model design, training, and deployment. As 

transformer models continue to evolve and find 

applications in healthcare, finance, education, and 

personal computing, the need for frameworks like 

the one presented here will only become more 

critical. 

Looking ahead, we believe that 

empowering users with personalized privacy 

controls, designing transformer architectures 

specifically tailored for federated environments, 

and enabling privacy-respecting collaboration 

across organizational silos are key frontiers. These 

directions will shape the next generation of AI 

systems—systems that are not only intelligent, but 

also ethical, equitable, and deeply human-centered. 

Our design philosophy also embraces 

adaptability recognizing that real-world 

deployment demands not just theoretical rigor but 

contextual flexibility. By supporting heterogeneity 

in data distribution, hardware limitations, and user 

privacy expectations, our system demonstrates that 

federated learning can move beyond static 

protocols. Instead, it can serve as a living, evolving 

infrastructure capable of responding to the unique 

challenges and nuances of diverse operational 

environments. This adaptability ensures that the 

system remains both resilient and inclusive, even as 

the scale and complexity of participation expand. 

As the AI ecosystem advances toward 

increasingly decentralized and democratized 

learning environments, the alignment of 

explainability, security, and inclusivity will become 

paramount. Bridging this alignment gap requires 

cross-disciplinary collaboration from privacy 

engineering to cognitive science and a strong 

emphasis on transparency in AI decision-making. 

Our framework lays the groundwork for 

embedding such principles into the very fabric of 

AI models operating in federated networks. 

Future research should also explore 

integrating explainable AI (XAI) methods directly 

into federated transformer workflows to improve 

user trust and regulatory compliance. This could 

involve dynamic visualization of attention patterns, 

audit-friendly logging of model decisions, or the 

use of interpretable intermediate representations all 

while ensuring that these enhancements do not 

compromise privacy guarantees. Such capabilities 

will not only enhance adoption in sensitive 

domains but also redefine the standards for ethical 

AI deployment in the real world. 
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