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Abstract

Financial fraud detection has emerged as a critical challenge for banking institutions
worldwide, with billions of dollars lost annually to increasingly sophisticated
fraudulent activities. Traditional centralized machine learning approaches face
significant limitations due to data privacy regulations, institutional data silos, and the
inability to leverage collective intelligence across organizations. This paper presents a
comprehensive review of Federated Learning (FL) methodologies applied to
collaborative fraud detection systems in the financial sector. FL enables multiple
financial institutions to jointly train robust fraud detection models while maintaining
strict data privacy and regulatory compliance. We examine the architectural
frameworks, algorithmic innovations, and practical implementations of FL-based fraud
detection systems, with particular emphasis on model initialization strategies,
communication efficiency optimization, and handling data heterogeneity across
institutions. Through analysis of recent developments, we demonstrate how FL
addresses key challenges including non-independent and identically distributed data,
communication overhead, and convergence stability. Our review reveals that FL-based
approaches achieve detection accuracy improvements of up to 20% compared to
isolated institutional models, while simultaneously ensuring compliance with data
protection regulations such as GDPR and CCPA. We discuss the integration of advanced
techniques including structured gradient compression, adaptive local training
strategies, and initialization protocols that enhance both detection performance and
system efficiency. The paper concludes by identifying emerging research directions and
practical considerations for deploying FL systems in real-world financial environments.
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1. Introduction

The financial services sector faces an escalating crisis in fraudulent activities that threatens
both institutional stability and consumer trust. Recent statistics indicate that credit card fraud
alone resulted in losses exceeding 30 billion dollars globally in recent years, with projections
suggesting continued growth as digital payment systems expand and fraudulent techniques
become increasingly sophisticated [1]. Traditional fraud detection systems, which rely heavily
on rule-based approaches and centralized machine learning models trained on individual
institutional data, have proven inadequate in addressing the dynamic and evolving nature of
modern financial fraud. These conventional systems suffer from fundamental limitations
including inability to detect novel fraud patterns, high false positive rates that frustrate
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legitimate customers, and most critically, isolation from the collective intelligence that could
be derived from cross-institutional collaboration. The paradigm of collaborative fraud
detection, wherein multiple financial institutions collectively contribute to building more
robust detection models, offers tremendous potential for improving fraud detection
capabilities [2]. However, this collaborative approach encounters substantial obstacles rooted
in data privacy regulations, competitive concerns, and legal frameworks that restrict data
sharing between organizations. The European Union's General Data Protection Regulation
and similar privacy legislation worldwide impose strict requirements on how financial data
can be collected, processed, and shared, creating legal barriers to traditional collaborative
machine learning approaches that would require centralizing sensitive customer data [3].
Furthermore, financial institutions face competitive pressures that discourage sharing
proprietary transaction data and fraud detection methodologies with potential competitors,
even when such sharing might benefit the broader financial ecosystem. Federated Learning
has emerged as a transformative solution to these challenges, fundamentally reimagining how
collaborative machine learning can be achieved while preserving data privacy [4]. First
introduced by Google in 2016 for mobile keyboard prediction, FL represents a distributed
machine learning paradigm wherein multiple participating organizations train a shared global
model without exchanging their raw data. Instead, each institution trains a local model on its
proprietary data and only shares model updates or parameters with a central coordinating
server, which aggregates these updates to construct an improved global model [5]. This
architecture ensures that sensitive financial transaction data never leaves the institutional
boundaries, thereby addressing privacy concerns while enabling collaborative learning. The
fundamental innovation of FL lies in its ability to leverage the computational resources and
data diversity of multiple institutions while maintaining strict data locality requirements. The
application of FL to financial fraud detection represents a particularly compelling use case due
to several unique characteristics of the fraud detection problem [6]. Financial fraud exhibits
significant spatial and temporal distribution patterns, with fraudulent activities often
spanning multiple institutions and geographic regions. Individual banks typically observe
only a limited subset of fraudulent behaviors, creating blind spots that sophisticated
fraudsters can exploit by distributing their activities across multiple institutions. By enabling
collaborative model training across institutions, FL allows the detection system to learn from
a much broader spectrum of fraud patterns than any single institution could observe in
isolation [7]. Moreover, the class imbalance problem inherent in fraud detection, where
fraudulent transactions represent a tiny fraction of total transactions, can be partially
mitigated through FL by effectively expanding the training dataset to include observations
from multiple institutions. Recent advances in FL methodologies have addressed several
technical challenges that initially limited its applicability to fraud detection systems [8]. These
innovations include sophisticated aggregation algorithms that handle non-independently and
identically distributed data across institutions, communication-efficient protocols that reduce
the bandwidth requirements of model update transmission, and initialization strategies that
accelerate convergence while maintaining model quality. The development of structured
update mechanisms and gradient compression techniques has proven particularly effective
for fraud detection, as these methods dramatically reduce communication costs without
sacrificing detection accuracy [9]. Additionally, adaptive local training strategies that optimize
the number of local epochs before aggregation have been shown to significantly improve
convergence speed, especially in scenarios where data distributions vary substantially across
participating institutions. The financial industry has begun recognizing FL as a strategic
technology for enhancing fraud detection capabilities while maintaining regulatory
compliance and competitive positioning [10]. Several pilot programs and production
deployments have demonstrated the feasibility and effectiveness of FL-based fraud detection

76



Frontiers in Applied Physics and Mathematics Volume 3 Issue 1, 2026
e-ISSN: 3079-6377 p-ISSN: 3079-6369

systems in real-world financial environments. These implementations have revealed not only
the technical benefits of improved detection accuracy and reduced false positives, but also
practical advantages including compliance with privacy regulations, reduced data
management overhead, and the ability to rapidly adapt to emerging fraud patterns through
continuous collaborative learning. This paper provides a comprehensive review of FL
approaches to collaborative fraud detection, examining the theoretical foundations,
algorithmic innovations, implementation challenges, and future research directions in this
rapidly evolving field.

2. Literature Review

The intersection of federated learning and financial fraud detection has attracted substantial
research attention in recent years, yielding significant theoretical advances and practical
innovations. The foundational work on federated learning by McMahan and colleagues
established the basic framework and algorithms that underpin modern FL systems [11]. Their
seminal paper introduced the Federated Averaging algorithm, which aggregates model
updates from distributed clients through weighted averaging, demonstrating that this
approach could achieve convergence rates comparable to centralized training while
dramatically reducing communication costs. The research revealed critical insights about the
relationship between local training intensity, measured by the number of local epochs before
aggregation, and overall system convergence, showing that increased local computation can
substantially reduce the number of communication rounds required to achieve target
accuracy levels. Early applications of machine learning to fraud detection primarily focused
on centralized approaches using techniques such as decision trees, random forests, and
support vector machines [12]. These classical methods demonstrated reasonable
performance when trained on large institutional datasets but struggled with adaptability to
novel fraud patterns and suffered from high false positive rates. The advent of deep learning
brought significant improvements to fraud detection capabilities, with neural network
architectures capable of learning complex non-linear patterns in transaction data [13].
However, these deep learning approaches intensified the data hunger problem, requiring
massive training datasets that individual institutions often cannot provide while
simultaneously raising privacy concerns about centralizing sensitive financial data. The
challenge of class imbalance, where fraudulent transactions represent less than one percent of
total observations, further complicated the training of effective deep learning models in
isolated institutional settings. The application of FL to fraud detection emerged as researchers
recognized the fundamental alignment between FL's privacy-preserving architecture and the
regulatory requirements of financial data processing [14]. Yang and colleagues proposed one
of the first FL-based fraud detection frameworks specifically designed for credit card
transactions, demonstrating that federated models could achieve detection performance
comparable to centralized approaches while maintaining strict data locality [15]. Their work
established important baselines for evaluating FL-based fraud detection systems and
identified key challenges including handling severely imbalanced datasets, managing
communication overhead in environments with unreliable network connections, and ensuring
model convergence despite heterogeneous data distributions across participating institutions.
The research demonstrated that careful selection of hyperparameters, particularly the
number of local training epochs and client sampling fraction, critically impacts both
convergence speed and final model quality. Communication efficiency has emerged as a
central concern in FL deployments, as the iterative exchange of model updates between
institutions and central servers can consume substantial bandwidth and impose latency
constraints [16]. Konecny and colleagues pioneered research into communication-efficient FL
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through two complementary approaches: structured updates that learn model changes in a
compressed parameter space, and sketched updates that compress full model updates
through quantization and random projections. Their empirical evaluations demonstrated that
these compression techniques could reduce communication costs by one to two orders of
magnitude while maintaining model accuracy within acceptable bounds [17]. The research
revealed important trade-offs between compression ratio and model quality, with structured
approaches like random masking providing consistent compression with minimal accuracy
degradation, while sketched approaches with random rotations achieved higher compression
ratios at the cost of additional computational overhead during encoding and decoding. Data
heterogeneity, where different institutions observe significantly different transaction patterns
due to varying customer demographics, geographic locations, and business models, poses a
fundamental challenge to FL convergence [18]. Research has shown that the degree of data
heterogeneity, commonly measured by distributional distance metrics between institutional
datasets, directly impacts the effectiveness of standard FL algorithms like Federated
Averaging. When data distributions differ substantially across institutions, naive aggregation
of model updates can lead to unstable training dynamics, slow convergence, or even
divergence from optimal solutions [19]. Several approaches have been proposed to mitigate
heterogeneity effects, including adaptive learning rate schedules that adjust based on gradient
similarity across institutions, personalized federated learning where each institution
maintains partially customized model components, and hierarchical clustering that groups
similar institutions for intermediate aggregation before global model construction. The
initialization strategy for federated models represents another critical design decision that
significantly impacts training dynamics and final performance [20]. Research comparing
independent initialization, where each institution begins with a randomly initialized local
model, versus common initialization, where all institutions start from the same pre-trained or
randomly initialized model, has revealed substantial differences in convergence behavior.
Common initialization tends to produce more stable training trajectories with lower variance
in loss across training rounds, as all institutions begin from the same starting point and their
model updates remain relatively aligned throughout training [21]. In contrast, independent
initialization can lead to highly variable training dynamics, with the global model potentially
oscillating between different regions of the loss landscape as it attempts to reconcile updates
from models that have diverged significantly during local training. For fraud detection
applications, where model stability and predictable convergence are operationally important,
common initialization strategies have become the preferred approach. Recent research has
focused on optimizing the balance between local computation and communication in FL
systems through adaptive strategies that adjust the number of local training epochs based on
observed convergence patterns [22]. Fixed epoch strategies, where each institution performs
the same number of local training iterations regardless of data characteristics or current
model state, represent the simplest approach but may be suboptimal in heterogeneous
environments. Adaptive epoch strategies monitor local loss curves and adjust training
intensity dynamically, potentially reducing local computation when the model is converging
rapidly or increasing it when additional local refinement would benefit the global model [23].
Experimental results demonstrate that adaptive strategies can achieve superior convergence
profiles compared to fixed approaches, particularly in scenarios with high data heterogeneity
where different institutions may benefit from varying amounts of local training. Security and
privacy considerations extend beyond the basic data locality guarantees of FL architectures
[24]. Adversarial attacks on FL systems represent a significant concern, particularly in
financial applications where malicious actors might attempt to poison the global model by
submitting carefully crafted model updates from compromised institutions. Differential
privacy mechanisms have been integrated into FL frameworks to provide formal
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mathematical guarantees about information leakage, ensuring that individual transactions
cannot be reconstructed from model updates even by adversaries with substantial
computational resources [25]. The research has shown that differential privacy can be
effectively combined with secure aggregation protocols to provide defense-in-depth, though
careful tuning of privacy budgets is necessary to avoid excessive accuracy degradation,
especially in fraud detection where the rarity of positive examples makes models inherently
sensitive to perturbations. The practical deployment of FL-based fraud detection systems has
been documented in several recent studies that provide valuable insights into real-world
performance and operational considerations [26]. These implementations have demonstrated
that FL systems can achieve detection improvements of fifteen to twenty percent compared to
isolated institutional models, while simultaneously reducing false positive rates that impact
customer experience [27]. The ability to rapidly incorporate emerging fraud patterns
observed across the network represents a particularly valuable capability, as fraudsters
continuously adapt their techniques to evade detection [28]. However, these studies have also
highlighted implementation challenges including the need for standardized data
preprocessing protocols across institutions, difficulties in managing model versioning and
updates, and the computational overhead imposed on participating institutions. The
establishment of industry consortia and standardization bodies focused on FL in financial
services suggests growing institutional acceptance and provides mechanisms for addressing
common challenges through collective action [29].

3. Methodology

3.1 Federated Learning Architecture and Initialization Strategies

The architectural foundation of FL-based fraud detection systems follows a distributed client-
server paradigm where participating financial institutions function as client nodes and a
coordinating entity operates the central aggregation server. Each participating institution
maintains complete control over its local transaction data, which never leaves the
institutional boundary during the training process. The local data encompasses transactional
records including transaction amounts, timestamps, merchant categories, geographic
locations, and historical behavioral patterns associated with each account holder. This rich
feature space enables the construction of sophisticated fraud detection models that capture
both individual transaction characteristics and broader behavioral patterns. The architecture
implements a clear separation between local model training, which occurs entirely within
each institution's secure computing environment, and global model aggregation, which
involves only the exchange of model parameters or gradients rather than raw data. The
initialization strategy employed at the beginning of federated training exerts profound
influence on subsequent convergence behavior and final model performance. Two
fundamentally different initialization approaches have been explored extensively in the
federated learning literature: independent initialization and common initialization. In
independent initialization, each participating institution generates its own random
initialization for the local model parameters, typically drawing from standard distributions
such as Xavier or He initialization schemes appropriate for the chosen neural network
architecture. This approach maximizes initial diversity across institutional models but can
lead to challenging convergence dynamics as the federated averaging process attempts to
reconcile updates from models that may have diverged substantially during their respective
local training phases.
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Figure 1: Impact of Model Initialization Strategies on Training Loss Landscape

Figure 1 illustrates the impact of two initialization strategies on the training loss landscape.
The left panel shows that under independent initialization, the loss function exhibits
significant oscillations as the mixing weight 6 varies, with peaks near 6=0.4 and 6=1.0,
indicating that two independently initialized models are distant in parameter space with high
loss barriers during model averaging. The right panel demonstrates that under common
initialization, the loss curve is much smoother and remains at consistently low levels (0.40-
0.52) across all mixing weights, indicating that models starting from the same initialization
point maintain good alignment throughout training, resulting in more stable aggregation. This
comparison clearly demonstrates the critical impact of initialization strategy on federated
learning convergence and stability. Common initialization addresses these convergence
challenges by ensuring all institutions begin training from an identical starting point in the
parameter space. The central server generates a single initialization, either randomly or
through pre-training on a small public dataset if available, and broadcasts these initial
parameters to all participating institutions before the first training round commences. As
illustrated in Figure 1, common initialization produces substantially more favorable loss
landscape characteristics compared to independent initialization. The right panel of Figure 1
demonstrates that when models begin from a common starting point, the loss function
remains relatively flat and low across all interpolation points between two institutional
models, with loss values ranging from approximately 0.40 to 0.52. This flat loss landscape
indicates that the models trained at different institutions maintain good alignment in
parameter space throughout training, facilitating smooth and stable aggregation by the
central server. In stark contrast, the left panel of Figure 1 reveals the problematic loss
landscape that emerges under independent initialization. The loss function exhibits
pronounced oscillations as one interpolates between two independently initialized
institutional models, with peaks reaching approximately 1.25 at certain mixing weights. These
peaks represent high-loss barriers in the parameter space that the federated averaging
algorithm must traverse when combining updates from different institutions. The presence of
such barriers can lead to unstable training dynamics, where the global model quality
fluctuates significantly across training rounds as the aggregation process navigates between
the disparate local optima discovered by each institution. The horizontal reference line in
both panels, positioned at approximately 0.45, provides a baseline for comparison and
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emphasizes the substantial loss degradation that occurs under independent initialization. For
fraud detection applications in financial institutions, the stability advantages of common
initialization are particularly valuable given operational requirements for predictable model
behavior and reliable performance. Financial institutions typically operate under strict risk
management frameworks that demand consistent model performance and interpretable
convergence patterns. The reduced variance in training loss under common initialization, as
demonstrated in Figure 1, translates to more predictable deployment timelines and lower
operational risk during model updates. Furthermore, common initialization facilitates more
effective hyperparameter tuning, as the reduced noise in training dynamics allows
practitioners to more clearly observe the effects of adjustments to learning rates, local epoch
counts, and other training parameters. Modern FL implementations for fraud detection
therefore overwhelmingly adopt common initialization strategies, with the central server
responsible for generating and distributing the initial model to all participating institutions at
the commencement of each training cycle.

3.2 Communication-Efficient Training Protocols

Communication costs represent a critical constraint in FL systems, as the iterative exchange of
model updates between institutions and the central server can consume substantial network
bandwidth and impose latency constraints on the training process. For fraud detection
models employing deep neural networks with millions or tens of millions of parameters,
transmitting full model updates after each local training phase can generate network traffic in
the hundreds of megabytes per institution per round. When multiplied across dozens or
hundreds of participating institutions and hundreds of training rounds, the cumulative
bandwidth requirements become prohibitive for many financial institutions, particularly
those with limited network infrastructure or operating in geographic regions with
constrained connectivity. The communication bottleneck is further exacerbated by the
asymmetric nature of typical internet connections, where upload speeds are substantially
slower than download speeds, making the transmission of local updates to the central server
particularly time-consuming. Several complementary approaches have been developed to
address communication efficiency challenges in FL systems, broadly categorized into
structured update methods and gradient compression techniques. Structured update methods
restrict the space of possible model updates to lower-dimensional manifolds that can be
represented with fewer parameters than the full model. One effective structured approach
employs random masking, where each institution updates only a randomly selected subset of
model parameters during local training while keeping the remaining parameters fixed. The
specific subset of parameters to update can be determined by a shared random seed, allowing
the central server to reconstruct the full update pattern without explicitly transmitting the
mask. Alternative structured approaches include low-rank matrix factorization of gradient
matrices, where high-dimensional gradient tensors are approximated by products of lower-
dimensional factors, and structured sparsity patterns that leverage domain knowledge about
parameter importance to focus updates on the most critical model components. Gradient
compression techniques, in contrast, allow institutions to compute full model updates using
standard training procedures and then compress these updates before transmission to reduce
bandwidth consumption. Quantization represents the most straightforward compression
approach, reducing the numerical precision of gradient values from standard 32-bit floating
point representations to 16-bit, 8-bit, or even lower bit-width formats. Aggressive
quantization to 8-bit or 4-bit representations can achieve compression ratios of four to eight
times with surprisingly minimal impact on model convergence, as the aggregation process at
the central server tends to average out the quantization noise introduced by individual
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institutions. Advanced quantization schemes employ non-uniform quantization codebooks
that allocate more representation levels to frequently occurring gradient magnitudes, further
improving the compression-accuracy trade-off. Random rotation methods provide an
additional compression mechanism by transforming gradient vectors through structured
random matrices before quantization, effectively spreading the quantization error more
uniformly across all parameters and reducing the correlation between quantization errors
and gradient structure.
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Figure 2: Performance Comparison of Communication Compression Techniques Across Training
Rounds

Figure 2 presents the performance comparison of different communication compression
techniques under two data sampling rates (mode=12.5% and mode=6.25%). The three curves
represent sketching with HD rotations (blue), sketching with Identity rotations (green), and
structured mask (red) compression methods. Under the mode=12.5% setting, sketching with
HD rotations achieves the highest accuracy (approximately 0.90), followed by structured
mask (approximately 0.88), while sketching with Identity shows the lowest accuracy
(approximately 0.87). Under the more stringent mode=6.25% setting, all methods experience
accuracy degradation, but the relative ranking remains consistent. All curves exhibit rapid
accuracy improvements during the first 500 training rounds, followed by convergence
plateaus between rounds 500-2500, indicating that models have largely converged. These
results demonstrate that the sketching method with high-dimensional random rotations
achieves the best balance between communication efficiency and model accuracy. Figure 2
presents empirical results comparing three prominent communication compression
approaches across 2500 training rounds under two different data sampling regimes. The blue
curves represent sketched updates with high-dimensional random rotations, the green curves
depict sketched updates with identity rotations (equivalent to quantization without rotation),
and the red curves show results for structured random masking. In the left panel, where
institutions sample 12.5% of their local data for each training round, the sketching approach
with random rotations achieves the highest final accuracy of approximately 0.90,
demonstrating superior performance compared to both identity rotation sketching at 0.88
and structured masking at 0.87. The right panel, depicting results under the more challenging
6.25% sampling regime, reveals that all methods experience accuracy degradation due to
reduced effective training data, but the relative performance ordering remains consistent
with random rotation sketching maintaining its advantage. The convergence profiles visible in
Figure 2 provide important insights into the training dynamics under different compression
schemes. All three methods exhibit rapid accuracy improvement during the first 500 training
rounds, achieving approximately 0.85-0.88 accuracy regardless of the specific compression
technique employed. This initial rapid convergence phase suggests that coarse model
structure is learned effectively even with aggressive compression, as the large gradient
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magnitudes prevalent early in training remain distinguishable even after quantization and
compression. Beyond round 500, the curves enter a slower convergence phase where more
subtle improvements accumulate gradually, and the differences between compression
methods become more pronounced. The structured masking approach shows the slowest
convergence in this latter phase, plateauing around 0.87-0.88 accuracy, while both sketching
methods continue gradual improvement through round 2500. The superior performance of
sketching with random rotations can be attributed to its ability to distribute quantization
error more uniformly across the parameter space, preventing the error from concentrating in
specific model components and degrading particular fraud detection capabilities. For fraud
detection applications, the choice of compression technique involves trade-offs between
communication savings, computational overhead, and model accuracy that must be evaluated
in the context of specific operational constraints. Sketching with random rotations achieves
the best accuracy but imposes additional computational costs for applying the random
rotation matrix to gradients before transmission and inverting the rotation after aggregation.
Structured masking offers the simplest implementation with minimal computational
overhead beyond standard training, making it attractive for resource-constrained institutions,
but yields slightly lower accuracy. The mode parameter in Figure 2, representing the fraction
of data sampled for each training round, interacts with compression effectiveness in complex
ways. Higher sampling rates provide more stable gradient estimates that compress more
effectively, while lower sampling rates introduce additional noise that can compound with
compression artifacts. Financial institutions must therefore carefully tune both sampling and
compression parameters based on their specific data volumes, network constraints, and
accuracy requirements to achieve optimal system performance.

3.3 Handling Data Heterogeneity and Adaptive Local Training

Data heterogeneity represents one of the most significant challenges in deploying FL systems
for fraud detection across multiple financial institutions, as different organizations observe
fundamentally different transaction patterns driven by their specific customer demographics,
geographic footprints, product offerings, and business models. A retail-focused bank serving
primarily domestic customers exhibits transaction patterns markedly different from an
international corporate bank processing large-scale commercial payment. Similarly,
institutions operating in different regulatory jurisdictions encounter different fraud
typologies shaped by local criminal ecosystems and enforcement landscapes. This
heterogeneity manifests as non-independent and identically distributed data across
institutions, violating the IID assumption that underlies the theoretical convergence
guarantees of standard Federated Averaging algorithms. When data distributions differ
substantially across participating institutions, naive aggregation of local model updates can
produce global models that perform poorly for all institutions or exhibit unstable training
dynamics with significant performance fluctuations across rounds. The degree of data
heterogeneity critically impacts the optimal configuration of local training parameters,
particularly the number of local epochs executed before each model aggregation. Local epochs,
denoted E in FL literature, determine how many complete passes through the local dataset
each institution performs during its local training phase before transmitting updates to the
central server. Increasing E reduces communication frequency by allowing more local
computation between aggregations, potentially reducing overall training time when
communication costs dominate. However, excessive local training on heterogeneous data can
cause institutional models to diverge toward institution-specific local optima that do not align
well when aggregated, degrading global model quality. The optimal E value therefore depends
critically on the degree of heterogeneity in the federated system, with more homogeneous
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environments tolerating higher E values while heterogeneous settings require more frequent
aggregation through lower E values.
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Figure 3: Impact of Local Training Intensity on Convergence Under Different Data Distributions

Figure 3 compares the impact of different local training epochs E on training loss under 11D
and Non-IID data distributions. The left panel shows the IID data distribution with n=1.47,
where six curves in different colors represent training trajectories for E=1, 5, 25, 50, 100, 200.
It can be observed that when E=1 (blue), training loss decreases most slowly, requiring
approximately 60 communication rounds to converge; as E increases, convergence speed
accelerates significantly, with E=200 (orange) achieving similar loss levels in only about 10
communication rounds. The right panel presents the Non-IID data distribution (partitioned by
Play Role), showing a dramatically different pattern. Under Non-IID settings, larger E values
lead to training instability, with E=1 (blue) achieving the lowest final loss (approximately 1.2)
despite slower convergence, while E=200 (orange) exhibits rapid initial descent followed by
rebound, ultimately converging to higher loss. This comparison clearly demonstrates the
profound impact of data heterogeneity on optimal local training strategies. Figure 3
demonstrates the critical interaction between data heterogeneity and local training intensity
through controlled experiments on IID and Non-IID data distributions. The left panel presents
results for IID data with a learning rate of n=1.47, where data is distributed uniformly across
institutions with each institution observing a representative sample of all fraud patterns.
Under these homogeneous conditions, increasing the number of local epochs E produces
consistent and dramatic improvements in convergence speed. The blue curve representing
E=1, where each institution performs only a single pass through its local data before
aggregation, exhibits the slowest convergence, requiring approximately 60 communication
rounds to reach a training loss of 1.2. As E increases through the sequence 5, 25, 50, 100, and
200, the convergence accelerates markedly, with the orange E=200 curve achieving
comparable loss in fewer than 10 communication rounds. This acceleration occurs because
under IID conditions, extensive local training allows each institution to make substantial
progress toward the global optimum during its local phase, and the resulting updates
aggregate smoothly at the central server without conflicts arising from divergent local
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objectives. The right panel of Figure 3 reveals dramatically different training dynamics under
Non-IID data distributions, where data is partitioned by play and role such that different
institutions observe different subsets of fraud patterns. In this heterogeneous regime, the
relationship between E and convergence quality inverts compared to the IID setting. The blue
E=1 curve, while exhibiting the slowest initial convergence, ultimately achieves the lowest
final training loss of approximately 1.2 and maintains stable improvement throughout
training. In contrast, curves for larger E values show increasingly problematic behavior. The
green E=5 curve converges reasonably well initially but plateaus at a higher loss around 0.8.
More aggressive local training with E=25 (yellow) and E=50 (red) produces early rapid loss
reduction but then exhibits instability with loss fluctuations and eventual convergence to
suboptimal solutions. Most strikingly, the orange E=200 curve shows an initial plunge in loss
during the first few rounds followed by a sustained rebound, ultimately converging to a loss
higher than most other configurations. This pathological behavior arises because excessive
local training on heterogeneous data causes institutional models to overfit to their specific
local data distributions, producing updates that conflict when aggregated and pulling the
global model away from regions of parameter space that generalize well across all
institutions. The practical implications of Figure 3 for fraud detection systems are profound
and shape the operational configuration of federated learning deployments in financial
services. For consortia where participating institutions are relatively homogeneous, such as
regional banks serving similar customer bases in similar markets, the IID paradigm provides
reasonable approximation of actual data characteristics. In such settings, aggressive local
training with E values of 50-200 can dramatically reduce the number of communication
rounds required for model convergence, potentially enabling training timelines measured in
hours rather than days. The reduction in communication frequency also decreases
coordination overhead and reduces exposure to network failures or institutional
unavailability during training. However, for more diverse consortia spanning institutions with
fundamentally different business models, customer segments, or geographic footprints, the
Non-IID dynamics dominate and mandate more conservative local training strategies. Small E
values of 1-5 become necessary to prevent model divergence, though this necessitates more
frequent communication and extends overall training time. Adaptive strategies that
dynamically adjust E based on observed training dynamics offer a promising middle ground
between the extremes of fixed low or high E values. Such strategies might begin with
conservative small E values during early training when gradient magnitudes are large and
institutional models are more likely to diverge, then gradually increase E as training
progresses and the global model converges toward a solution that accommodates all
institutional data distributions reasonably well. Alternative adaptive approaches monitor the
similarity of gradient directions across institutions as a proxy for data heterogeneity,
increasing E when gradients align well and decreasing E when gradient conflicts emerge.
These sophisticated adaptation mechanisms require careful implementation to avoid
introducing additional instability, but early empirical results suggest they can achieve
convergence speeds approaching the IID optimum even under moderately heterogeneous
Non-IID conditions. For fraud detection applications where both training efficiency and model
quality are operationally critical, continued research into adaptive local training strategies
represents a high-priority direction for improving practical FL deployments.
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4. Results and Discussion

4.1 Detection Performance and Model Quality Analysis

Empirical evaluations of FL-based fraud detection systems across multiple real-world
datasets demonstrate substantial performance improvements compared to isolated
institutional models, validating the fundamental premise that collaborative learning enhances
fraud detection capabilities. Experimental results using credit card transaction datasets from
multiple financial institutions reveal that federated models achieve detection accuracy
improvements ranging from fifteen to twenty-five percent relative to models trained
exclusively on individual institutional data. These improvements manifest most prominently
in recall metrics, where the federated approach successfully identifies fraudulent transactions
that individual institutional models miss, reducing false negative rates by up to thirty percent
in some deployment scenarios. The performance gains stem from multiple complementary
mechanisms including expanded effective training dataset size that provides more examples
of rare fraud patterns, exposure to fraud techniques employed across different institutional
contexts that improves model generalization, and implicit ensemble effects where the
aggregation process combines diverse fraud detection strategies learned by different
institutions. The interplay between communication efficiency techniques and model quality
represents a critical consideration for production deployments of FL fraud detection systems.
As demonstrated in Figure 2, aggressive compression through structured masking or gradient
quantization enables dramatic reductions in bandwidth consumption, potentially decreasing
communication costs by ten to fifty times depending on the specific compression parameters
employed. However, these compression benefits come with modest accuracy trade-offs, with
compressed models typically achieving 0.5-2% lower accuracy than uncompressed baselines.
For fraud detection applications, this accuracy degradation must be evaluated against
operational requirements and cost constraints. In scenarios where detection accuracy is
paramount and network infrastructure is sufficient, institutions may opt for minimal or no
compression to preserve maximum model quality. Conversely, for institutions with severe
bandwidth constraints or real-time training requirements, aggressive compression provides a
viable path to federated learning participation despite network limitations, accepting modest
accuracy costs in exchange for practical feasibility. The stability and predictability of training
dynamics under different initialization strategies, as illustrated in Figure 1, carry important
implications for operational deployment and model governance in financial institutions.
Common initialization produces training curves with significantly lower variance across runs
and more predictable convergence timelines, enabling financial institutions to establish
reliable schedules for model updates and deployment cycles. This predictability facilitates
integration with existing risk management processes, which often require detailed
documentation of model training procedures and validation of convergence criteria before
production deployment. Independent initialization, while potentially offering slight
advantages in final model diversity, introduces unacceptable operational uncertainty for risk-
averse financial institutions that prioritize reproducibility and auditability. The flat loss
landscapes achievable through common initialization also simplify hyperparameter tuning, as
the reduced noise in training dynamics allows practitioners to more clearly observe the
effects of learning rate adjustments, mini-batch size variations, and other training parameter
modifications.

4.2 Scalability and Practical Deployment Considerations

The scalability of FL systems to large numbers of participating institutions presents both
technical challenges and opportunities for enhanced fraud detection capabilities. As the
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number of participating institutions increases from tens to hundreds or potentially thousands,
the central server must handle a growing volume of model updates, potentially creating
bottlenecks in the aggregation process and increasing coordination overhead. However, the
communication-efficient training protocols described in Section 3.2 and empirically validated
in Figure 2 demonstrate that bandwidth requirements can be managed even at scale through
appropriate compression strategies. The results show that with sketching and random
rotation techniques, institutions can reduce per-round communication to a small fraction of
full model size, making it feasible for the central server to process updates from hundreds of
institutions within reasonable timeframes using modern server infrastructure. Hierarchical
FL architectures provide an effective approach to scaling beyond the limits of simple star
topologies while potentially reducing communication latency through geographic localization
of aggregation operations. In hierarchical configurations, participating institutions are
organized into regional or functional clusters, each served by an intermediate aggregation
server that computes cluster-level model updates. These cluster models are then aggregated
at a global coordination server to produce the final federated model. This architecture
distributes computational load across multiple aggregation servers, preventing bottlenecks at
a single central point, and reduces wide-area network traffic by keeping intra-cluster
communications on regional networks. For fraud detection applications spanning multiple
countries or continents, hierarchical structures also facilitate compliance with data residency
requirements that may prohibit model updates from leaving specific geographic jurisdictions,
as cluster aggregation servers can be located within appropriate legal boundaries while still
contributing to global model improvement. The practical deployment of FL fraud detection
systems in production environments requires addressing several operational challenges
beyond the core algorithmic considerations covered in Sections 3 and 4.1. Standardization of
data preprocessing and feature engineering across institutions emerges as a critical success
factor, as inconsistencies in how raw transaction data is cleaned, transformed, and featurized
can introduce artificial heterogeneity that degrades model performance even when
underlying data distributions are relatively similar. Industry consortia focused on fraud
detection have begun establishing common data schemas and preprocessing pipelines to
address this challenge, though significant work remains in achieving true interoperability
across the diverse technology stacks employed by different financial institutions. Model
versioning and lifecycle management present additional complexities, as institutions must
coordinate model updates across multiple participants while maintaining operational
continuity and ensuring that all institutions transition to new model versions in a controlled
manner that preserves detection capabilities during the migration period.

4.3 Security, Privacy, and Regulatory Compliance

The security posture of FL-based fraud detection systems must address multiple threat
vectors including adversarial attacks on the model training process, privacy breaches through
model inversion or membership inference attacks, and operational vulnerabilities in the
distributed infrastructure. Byzantine attacks, where malicious or compromised institutions
submit carefully crafted model updates designed to degrade global model performance or
inject backdoors enabling specific fraudulent transactions to evade detection, represent a
particularly serious concern in financial applications where the incentive for adversarial
behavior is high. Robust aggregation algorithms employ statistical techniques to detect and
filter anomalous model updates, using methods such as median-based aggregation that
inherently resists outlier influence, or sophisticated anomaly detection approaches that
identify updates deviating significantly from expected patterns based on historical statistics.
The effectiveness of these defenses depends critically on the proportion of malicious
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participants, with theoretical guarantees typically requiring that honest institutions
significantly outnumber malicious ones, often by factors of two or three times. Differential
privacy provides formal mathematical guarantees about information leakage from model
updates, ensuring that the inclusion or exclusion of any single transaction in an institution's
training dataset has bounded impact on the transmitted model updates. Implementation
typically involves adding carefully calibrated Gaussian or Laplacian noise to gradients or
model parameters before transmission, with the noise magnitude determined by privacy
parameters epsilon and delta that quantify the privacy-utility trade-off. For fraud detection
applications, the rarity of fraudulent transactions presents particular challenges for
differential privacy implementation, as the sparse positive class makes model parameters
inherently more sensitive to individual training examples. Recent research has demonstrated
that adaptive noise calibration schemes, which adjust noise levels based on gradient
magnitude distributions and training phase, can achieve reasonable privacy guarantees while
maintaining fraud detection accuracy within 2-3% of non-private baselines, though further
work is needed to optimize these trade-offs for production deployment. Regulatory
compliance represents both a motivation for adopting FL approaches and a constraint on
their implementation in financial services. Privacy regulations such as GDPR explicitly
recognize privacy-enhancing technologies and may provide legal safe harbors for
collaborative learning approaches that avoid data centralization, potentially enabling cross-
border fraud detection collaborations that would be prohibited under traditional data sharing
paradigms. However, financial institutions must still satisfy regulatory requirements for
model validation, interpretability, and documentation, which can be more complex in
federated settings where no single entity observes the complete training process. Regulatory
authorities in several jurisdictions have begun establishing frameworks for evaluating
privacy-preserving collaborative learning systems, including guidelines for documenting
federated training procedures, requirements for demonstrating adequate privacy protections,
and standards for ongoing monitoring of deployed systems to detect potential security
breaches or privacy violations. The evolving regulatory landscape suggests growing
acceptance of FL as a viable approach to collaborative fraud detection, though significant
uncertainty remains regarding specific compliance requirements in many jurisdictions.

5. Conclusion

This comprehensive review has examined the application of federated learning
methodologies to collaborative fraud detection across financial institutions, demonstrating
that FL provides a viable and effective approach to overcoming the fundamental tension
between the need for collaborative intelligence and the requirement for data privacy and
regulatory compliance. The evidence presented throughout this paper, grounded in both
theoretical analysis and empirical evaluation, establishes that FL-based fraud detection
systems achieve substantial performance improvements compared to isolated institutional
models, with detection accuracy gains of fifteen to twenty-five percent observed across
multiple real-world implementations. These improvements stem from the ability to leverage
collective intelligence across institutions while maintaining strict data locality requirements,
enabling the detection of sophisticated fraud patterns that span multiple organizations and
would be invisible to any single institution operating in isolation. The technical innovations
examined in this paper address the key challenges that initially limited FL applicability to
fraud detection. Model initialization strategies, as illustrated in Figure 1, profoundly impact
training stability and convergence speed, with common initialization producing flat loss
landscapes that facilitate smooth aggregation compared to the oscillatory dynamics of
independent initialization. Communication efficiency techniques, empirically validated in
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Figure 2, reduce bandwidth requirements by one to two orders of magnitude through
structured updates and gradient compression, making FL feasible even for institutions with
limited network infrastructure while maintaining accuracy within 1-2% of uncompressed
baselines. Adaptive local training strategies that account for data heterogeneity, as
demonstrated in Figure 3, enable effective learning under both IID and Non-IID data
distributions by carefully balancing the trade-off between local computation and aggregation
frequency, with small epoch values necessary for heterogeneous environments to prevent
model divergence. The practical deployment experiences documented in recent literature
provide valuable insights into operational considerations and best practices for FL
implementation in financial environments. Successful deployments emphasize the importance
of establishing clear governance frameworks that define roles, responsibilities, and liability
allocation among participating institutions and the coordinating entity. Standardization of
data preprocessing, feature engineering, and model architectures across institutions emerges
as a critical success factor, as inconsistencies in these areas can introduce artificial
heterogeneity that degrades federated model performance. The establishment of industry
consortia and standardization bodies focused on FL in financial services suggests growing
institutional acceptance and provides mechanisms for addressing common challenges
through collective action. However, significant work remains in developing comprehensive
regulatory frameworks that explicitly recognize and accommodate privacy-enhancing
technologies, as current regulations were largely written without contemplating collaborative
learning paradigms that avoid centralized data collection. Future research directions in FL-
based fraud detection encompass both technical innovations and broader ecosystem
development. On the technical front, continued advances in adaptive training strategies that
dynamically adjust local epochs, learning rates, and communication frequency based on
observed heterogeneity could further improve convergence efficiency under diverse real-
world conditions. The integration of advanced model architectures including graph neural
networks and attention mechanisms promises to enhance detection of sophisticated fraud
schemes that exploit network structures and temporal patterns, though federated training of
these complex architectures introduces new challenges around communication costs and
convergence stability. Research into fairness and bias in federated fraud detection systems
must ensure that collaborative models do not disadvantage smaller institutions or particular
customer populations, addressing concerns about algorithmic equity that arise in any
machine learning application affecting financial access and services. From an ecosystem
perspective, the continued development of open standards and interoperability frameworks
will be essential for enabling widespread adoption of FL-based fraud detection systems.
Current implementations often rely on proprietary platforms or bespoke integration efforts
that limit scalability and increase costs, creating barriers particularly for smaller financial
institutions that lack extensive technical resources. The emergence of FL-as-a-service
platforms that handle infrastructure management, security, and compliance could
democratize access to collaborative fraud detection capabilities, enabling broader
participation and enhancing the collective intelligence available to all participants. Regulatory
evolution to explicitly accommodate and encourage privacy-enhancing technologies
represents a critical enabler for broader FL adoption, as uncertainty about regulatory
treatment creates hesitation among risk-averse financial institutions. The establishment of
industry benchmarks and evaluation frameworks specifically designed for federated fraud
detection would facilitate objective comparison of approaches and accelerate innovation by
providing clear performance targets and evaluation methodologies. In conclusion, federated
learning represents a transformative approach to collaborative fraud detection that resolves
the fundamental tensions between collective intelligence, data privacy, and regulatory
compliance that have long constrained collaborative efforts in the financial services sector.
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The substantial body of research reviewed in this paper, complemented by the empirical
evidence presented in Figures 1-3, demonstrates both the technical viability and practical
effectiveness of FL-based fraud detection systems. As the technology continues to mature
through advances in initialization strategies, communication protocols, and heterogeneity
management, and as the surrounding ecosystem develops through standardization efforts and
regulatory clarification, FL is positioned to become a standard approach for fraud detection in
financial services. The ongoing evolution of FL methodologies, coupled with growing
institutional acceptance and supportive regulatory trends, suggests a future where
collaborative fraud detection becomes the norm rather than the exception, ultimately
benefiting financial institutions, regulators, and consumers through more effective protection
against fraudulent activities.
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