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Abstract:
Federated learning is a privacy-preserving distributed 
machine learning approach that enables collaborative 
training by keeping data local and sharing only model 
parameters. This effectively addresses the challenges 
of “data silos” and privacy regulations in the field of 
financial risk control. This paper systematically elaborates 
on the concepts, development history, architecture, and 
core mechanisms of federated learning, with a focus on 
analyzing the principles and implementation of security-
weighted aggregation technology, including its reliance 
on key technologies such as homomorphic encryption, 
differential privacy, and secure multi-party computation. 
Besides, this study examines how this technology applies 
to fintech, outlines common practices, and highlights 
challenges in technical performance, cross-platform 
collaboration, and compliance, with possible solutions. 
The results show that federated learning, using secure 
aggregation, enables the financial industry to share data 
and conduct joint risk modeling while staying compliant.

Keywords: Federated Learning; Security-Weighted Ag-
gregation; Financial Risk Control; Privacy Preservation; 
Differential Privacy

1. Introduction
With the development of fintech, financial data is 
highly sensitive and distributed across different in-
stitutions. Thus, traditional centralized modeling 
faces legal, compliance, and security constraints in 
cross-institutional sharing. To address this, federated 
learning helps by allowing multiple parties to build 
models together. And each party trains on its own 

data and only shares model parameters, keeping the 
actual data private. Even though algorithms have 
improved, and methods for handling different types 
of data and secure aggregation exist, challenges re-
main in using federated learning for highly sensitive 
financial situations. Issues include differences in data 
across institutions, weak aggregation methods, and 
low training efficiency. Therefore, this paper explores 
federated learning architectures and aggregation 
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methods that give more weight to security in financial 
settings, so as to improve model performance and data 
security while considering compliance. In this process, it 
investigates how to achieve robust global model training 
under non-IID data and heterogeneous environments, 
how to design security-weighted aggregation strategies to 
balance data contribution, model accuracy, and privacy 
protection, and how to manage computational efficiency 
alongside compliance needs in financial operations. To 
this end, this paper combines systematic literature review, 
architectural analysis, and technical principle analysis to 
outline the core mechanisms of federated learning in fin-
tech, analyzes its application potential and challenges in 
combination with actual business scenarios, and evaluates 
the trade-offs between different technology combinations 
in terms of data privacy, model accuracy, and computa-
tional efficiency, thereby providing references for future 
secure collaborative modeling in highly sensitive financial 
environments.

2. Fundamentals of Federated Learn-
ing and Fintech Architecture

2.1 Concepts and Development History of Fed-
erated Learning

Federated learning enables cross-institutional collabora-
tive modeling by training models locally and uploading 
only parameters or gradients, protecting the privacy of 
raw data. In financial risk control, this method enables 
institutions to develop risk models without pooling their 
data, supporting later methods like security-weighted 
aggregation [1]. In terms of development history, fed-
erated learning has evolved from the proposal of basic 
algorithms, exploration of asynchronous and hierarchical 
update methods, to optimization for non-IID data process-
ing and system heterogeneity, and further to personalized 
modeling and fairness improvements. In recent years, 
studies on making models lighter and fairer, like FedLab 
and FairFed, have offered practical privacy-protecting 
methods for risk control models in sensitive financial situ-
ations, paving the way for using security-weighted aggre-
gation in financial risk management [2].

2.2 Federated Learning Architecture and Core 

Mechanisms

Federated learning is a distributed algorithmic frame-
work that shares intermediate statistical results during 
computation without leaking raw data, achieving privacy 
preservation. Federated learning generally has two archi-
tectures: client/server mode and decentralized mode. The 
client/server mode is generally suitable for global model 
parameter prediction and conducting various statistical 
tests, where a central node coordinates distributed com-
puting across participating nodes. In this mode, the core 
architecture of federated learning is a distributed system 
coordinated by a central server with multiple clients par-
ticipating. Its core mechanisms revolve around the central 
challenge of how to collaboratively train a model without 
centralizing data. By using methods such as cyclic iter-
ation, reducing communication, protecting privacy, and 
handling non-IID data well, it is possible to train a global 
model efficiently while also keeping user data safe. Inno-
vative structured update and sketch update mechanisms 
significantly optimize the critical issue of communica-
tion efficiency [3]. The decentralized mode uses various 
distributed algorithms, has no central node, and involves 
clients continuously exchanging locally computed inter-
mediate results to obtain reliable global results [4].

2.3 Characteristics and Requirements of Fin-
tech Scenarios

Data in financial risk control is highly sensitive, distrib-
uted across different institutions, forming “data silos,” 
and subject to strict privacy regulations. Traditional cen-
tralized modeling is hard to use because sharing raw data 
between institutions can create legal and security risks 
[5]. Federated learning allows institutions to collabora-
tively train models under the premise that data does not 
leave the local domain, enabling knowledge sharing while 
accommodating data isolation and access control. This 
gives a workable approach to collaborative risk modeling 
and supports the use of security-weighted aggregation. 
Therefore, financial risk control systems impose strict re-
quirements on model security, accuracy, and efficiency. In 
terms of security and compliance, model parameters must 
prevent information leakage during exchange and aggre-
gation, while meeting regulatory, auditing, and internal 
compliance requirements. In terms of accuracy, models 
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need to improve the accuracy of risk control tasks such 
as anti-fraud, credit assessment, and default prediction, 
while addressing issues like varying data volumes among 
institutions, uneven feature distributions, and non-IID 
data. For efficiency, training and inference need to balance 
speed and computing costs to enable quick decisions and 
continuous risk monitoring in financial operations. These 
requirements will form the core considerations for the de-
sign of security-weighted aggregation technology and its 
adaptation to financial scenarios in subsequent sections.

3. Principles and Implementation of 
Security-Weighted Aggregation Tech-
nology

3.1 Aggregation Theory and Method Design

Aggregation theory is not merely simple data summation, 
but an interdisciplinary field involving cryptography, 
distributed systems, information theory, and game the-
ory. Its core goal is to enable participants in a mutually 
distrustful distributed environment to collaboratively 
compute meaningful aggregation results through carefully 
designed protocols, while protecting each participant’s 
data privacy as much as possible and ensuring system reli-
ability even when some nodes fail [6]. Security-weighted 
aggregation is a core mechanism of federated learning, 
aiming to integrate local model updates from various cli-
ents without disclosing raw data. Each client’s update is 
assigned a weight during aggregation, typically based on 
data volume, data quality, or model performance. Through 
weighting strategies, the aggregation process ensures both 
the effectiveness and fairness of the global model. In cas-
es of uneven or heterogeneous client data distributions, it 
allows high-value or high-reliability information to exert 
a greater influence on the global model, enhancing model 
robustness and generalization. In terms of security design, 
aggregation must prevent the server or other participants 
from accessing individual clients’ raw updates, requiring 
parameter-level security isolation. Each local update par-
ticipates in the global model construction only in weight-
ed statistical or encrypted form. Besides, the aggregation 
process can dynamically adjust weights in response to 
client data characteristics and risk value, focusing particu-
larly on anomalous samples or high-risk transactions. This 

mechanism ensures the stability and reliability of the glob-
al model when dealing with non-IID data and anomalous 
samples, providing quantitative performance guarantees 
for credit assessment, anti-fraud, and default prediction in 
financial risk control.

3.2 Core Technologies and Security Assurance

Security-weighted aggregation uses Homomorphic En-
cryption (HE), Differential Privacy (DP), and Secure 
Multi-Party Computation (MPC) to keep model parame-
ters isolated. HE lets addition and multiplication be done 
directly on encrypted data, so aggregation can happen 
without decrypting it, though this adds heavy computa-
tional and communication costs. DP reduces the influence 
of any single data sample on the global model by adding 
noise to gradients or parameters. The level of privacy pro-
tection can be adjusted through the privacy budget, which 
creates a trade-off with model accuracy [7,8]. MPC pro-
cesses local updates through distributed protocols involv-
ing secret sharing and encrypted computation, achieving 
aggregation without single-point leakage, while resisting 
malicious behavior or inference attacks from some nodes. 
Combined with the weighting mechanism, aggregation 
can dynamically adjust the contribution of each client’s 
update to the global model, maintaining model stability 
and robustness under non-IID data or anomalous samples. 
These technological mechanisms provide parameter-level 
security assurance, offering theoretical support for feder-
ated learning in highly sensitive scenarios [9]. Federated 
learning applies DP to add noise at the data source, so 
individual samples cannot be traced. It uses HE or MPC 
to aggregate models on encrypted or secret-shared data, 
stopping the server from seeing any participant’s raw up-
dates. Besides, it combines weighting methods to adjust 
each party’s contribution, helping defend against attacks 
and problems caused by differences in data. These tech-
nologies create a layered defense, providing end-to-end 
security for model parameters from local data to aggrega-
tion, while keeping the model usable.

3.3 Technology Adaptation in Financial Envi-
ronments

Implementing security-weighted aggregation in financial 
risk control requires balancing compliance, security, and 
efficiency. To follow strict regulations, solutions must 
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keep data local, make the whole process auditable, and 
comply with laws like the “Personal Information Protec-
tion Law,” allowing traceable joint modeling [10]. For 
cross-institutional collaboration, MPC protocols are pre-
ferred to aggregate the global model without exposing cli-
ents’ raw data. In scenarios with very stringent regulatory 
requirements, such as cross-border risk control, HE can be 
supplemented to enhance security. For internal situations 
with less sensitive data, DP can be used for additional pro-
tection. Each method has its own pros and cons in terms 
of security, efficiency, and deployment, so the optimal 
choice should fit business requirements. To improve mod-
el performance, optimization is needed for financial data 
differences and real-time needs. Risk-sensitive weighting 
can give more influence to important or unusual samples 
in the global model. At the same time, using gradient 
compression, communication improvements, and handling 
non-IID data helps reduce delays and model bias. A hy-
brid architecture with MPC at its core, deeply integrated 
with intelligent weighting and performance optimization, 
can balance model accuracy and computational efficiency 
while ensuring security and compliance, meeting the im-
plementation needs of risk control tasks in actual business 
operations.

4. Application Practices and Challeng-
es of Federated Learning in Fintech

4.1 Typical Financial Application Scenarios

Federated learning has progressively moved from proof-
of-concept to scaled application in fintech, with its core 
value lying in unleashing the value of multi-party data 
without sharing raw data [11]. Financial institutions 
achieve business enhancements in key areas such as risk 
control, marketing, and customer operations through 
joint modeling. Risk control is the most widely applied 
area. Banks collaborate with telecom operators, payment 
platforms, and internet service providers to integrate 
multi-source data for risk analysis, training more accu-
rate models for credit default prediction, anti-fraud, and 
anti-money laundering. This improves risk identification 
capabilities and mitigates information asymmetry in fi-
nancing for small and micro enterprises. In intelligent 
marketing, financial institutions can integrate external 

data without it leaving the local domain to build customer 
profiles and achieve personalized product recommenda-
tions and cross-selling. This approach can increase mar-
keting conversion rates and improve customer experience, 
delivering direct business value for banks and partners. 
In customer insight and operations, financial institutions 
combine data from multiple sources to analyze customer 
segments and behavior. This helps them understand cus-
tomer needs, offer personalized products and services, and 
improve customer loyalty and overall value.

4.2 Technical Difficulties and Compliance Risks

In the deployment phase for financial services, federated 
learning faces core challenges in both technical operation 
and compliance management [12]. Technically, significant 
pressures exist in the actual operation of model training 
and inference. Multi-party encrypted computation and fre-
quent communication increase computational and network 
overhead, making it difficult to meet the requirements 
of high-frequency businesses like real-time risk control. 
Different institutional platforms adopt their own protocols 
and standards, leading to difficulties in cross-platform 
collaboration and increased costs. Simultaneously, the 
system must maintain model accuracy and stability while 
ensuring security, and cope with malicious behavior or in-
ference attacks from some nodes. In terms of compliance, 
processing personal sensitive information still requires 
obtaining user informed consent and ensuring the entire 
process is auditable. In multi-party collaborations, the 
lack of unified standards for data ownership and benefit 
distribution necessitates the design of fair incentive mech-
anisms to quantify each party’s contribution. Regulatory 
requirements demand that the joint modeling process pos-
sesses non-repudiation and traceability, often relying on 
technologies like blockchain for trusted record-keeping. 
The aforementioned technical and compliance challenges 
directly impact the deployment efficiency, stability, and 
sustainability of federated learning in financial services 
and must be addressed systematically in platform design 
and business processes.

4.3 Impact of Challenges and Response Strate-
gies

The deployment of federated learning in financial services 
still faces challenges such as high barriers to entry, eco-
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system fragmentation, and limitations in high-frequency 
applications, requiring systematic strategies to ensure sta-
ble implementation [12]. In terms of technical strategies, 
promoting platform standardization and interoperability 
by establishing unified communication, algorithm, and 
security interface specifications can reduce cross-insti-
tutional collaboration costs. Simultaneously, optimizing 
computational and communication performance enhances 
the efficiency of model training and inference, enabling 
the system to meet the needs of real-time risk control and 
high-frequency services. In terms of governance and com-
pliance strategies, building full-process security auditing 
and trusted record-keeping mechanisms ensures the joint 
modeling process is traceable, verifiable, and compliant 
with regulations. Furthermore, designing fair incentive 
mechanisms based on contribution levels to quantify the 
data and computational contributions of each institution 
can stimulate cooperation and form a stable collaborative 
ecosystem. For application strategies, a “pilot first, gradu-
al expansion” approach can be used. Pilots should start in 
areas with high data value and moderate real-time needs, 
like risk control and marketing, before moving to other 
parts of the business. In addition, exploring cross-indus-
try data collaboration and applying “Privacy by Design” 
principles in system architecture can support long-term 
sustainable development and business stability.

5. Conclusion
Federated learning enables cross-institutional collabora-
tive modeling by training models locally and sharing only 
parameters or gradients, providing an effective approach 
for privacy preservation and knowledge sharing of finan-
cial data. Combined with security-weighted aggregation 
technology, it can maintain the robustness, accuracy, and 
fairness of the global model in non-IID data and hetero-
geneous environments, while guarding against potential 
malicious attacks and information leakage. In fintech sce-
narios, although federated learning has demonstrated ap-
plication potential in areas such as risk control, anti-fraud, 
credit assessment, intelligent marketing, and customer 
insight, it still faces challenges like heavy computation-
al costs, slow communication, difficulties in working 
across platforms, and compliance limitations. Through 
platform standardization, communication optimization, 

contribution-based incentive mechanisms, and Privacy 
by Design strategies, these issues can be effectively mit-
igated, thereby enhancing system deployment capability 
and business adaptability. Overall, federated learning 
and security-weighted aggregation technology provide 
a feasible path for financial institutions to fully leverage 
the value of multi-party data while ensuring data privacy 
and compliance. As the technology matures and standards 
improve, its application prospects in highly sensitive fi-
nancial scenarios are broad, promising to drive continuous 
innovation in financial risk control, intelligent marketing, 
and customer operations.
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