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When people who are not in the same place work together to make software, they often work on the same 

codebase. That makes me very worried about the privacy of private code, sensitive development data, and 

intellectual property. Previously, centralized methods for training cooperative models would allow private data 

to leak out. This research proposes a federated learning framework enabling multiple organizations to 

collaboratively train machine learning models on their proprietary code data while ensuring data privacy. To 

prevent information leakage, we adopt privacy-enhancing methods such as secure aggregation and differential 

privacy. Experimental results demonstrated that the suggested method is a good fit for privacy-valued 

collaborative development settings, since it works as well as other models and protects your privacy at the same 

time. It allows remote software engineering teams to cooperate safely and efficiently. 
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1. Introduction 

A. Overview of Cooperative Software Creation 

A huge portion of modern software engineering consists of collaborating with others on software. It 

facilitates collaboration of people in different teams working on the same projects. This model equips them with 

the ability to communicate, track problems, and control versions so that they can work together in real-time and 

continue working together. It is even easier for people to collaborate using technology with open-source 

communities and enterprise-level distributed development. Many developers can share work on one project at the 

same time in such environments. In these kinds of environments, sharing knowledge and working on projects 

simultaneously speed up the cycles of innovation. Such collaboration needs to work with a multitude of private 

data sources, such as user data, proprietary codebases, and architectural designs, to keep people out of your system 

and from stealing your data. 

B. Privacy Issues in Cooperative Settings 

Even with collaborative development's advantages, privacy is still a major worry. The risk of disclosing 

private information or sensitive intellectual property rises as more people contribute to and use common 

repositories. Centralized platforms that gather and keep all development data in one place provide serious security 

issues, such as insider threats, data leaks, and noncompliance with data protection laws like the CCPA or GDPR. 

Furthermore, if the underlying data used to train models is not adequately safeguarded, it may expose proprietary 

code snippets or development trends when machine learning techniques are applied to software repositories to 

automate tasks like bug detection or code recommendation. Therefore, the difficulty is in facilitating productive 

teamwork and utilizing machine learning skills without jeopardizing data ownership or privacy. 

C. Federated Learning (Fl) Overview and Significance 

Federated learning is apparently a good way to remedy these privacy problems since it enables multiple 

clients to train models without necessarily exposing their raw data to other locations. Unlike traditional centralized 

learning, FL does not store data in one server. Instead, FL enables every participant-be it a developer or even 
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teams-to train models on their own data and further share only the changes that they make with the models. A 

central server then combines, or peers, these various changes into a single global model using all knowledge that 

different people might have. This helps to reduce the chance of violating privacy when people collaborate on 

software by storing sensitive code and development data in the same place. Machine learning also enables 

collaboration in making things better. 

D. Reasons to Use Fl in Software Development Teamwork 

The reason federated learning is applied to collaborative software development is that it enables developers 

to enhance their workflows using machine learning, while not being required to share the source code and 

accompanying files. Companies have to learn how to use AI-based tools for automated code review, finding 

security holes, and recommendation systems without giving up their privacy when such tools become prevalent. 

Federated learning is a good idea: it enables people to collaborate on models without ever sharing their personal 

information. FL can also help you stay out of trouble with the law by keeping your data from crossing borders. FL 

could be good for widespread development teams with different data and processing resources because its 

decentralized architecture provides such systems with greater stability and fault tolerance. 

E. Goals and Contributions of Research 

This research contributes to developing and testing a federated learning framework that enables people to 

collaborate more easily on software development while preserving privacy. The specific contributions are three-

fold: The work will make the training on distributed code data in a decentralized manner easier; it will add strong 

privacy features to FL like safe aggregation and differential privacy; and it will solve issues like data heterogeneity 

and high communication overhead. First, it demonstrates a new direction of using FL for software engineering 

collaboration; second, it shows how the privacy-preserving methods can maintain data private without hurting 

model accuracy; and third, it provides information on the issues that could arise along with practical problems in 

the usage of FL in real software development situations. 

2. Related Work 

A. Traditional Collaborative Software Development Tools and Privacy Problems 

The trendiest collaborative platforms for software development, on which developers work together, are 

GitHub, GitLab, and Bitbucket. It is a basis for code sharing, code review, and code merge into one. These tools 

provide easy collaboration, but all the data within these platforms are stored at one location, making them less 

secure. Insider threats, cyberattacks, and unauthorized access to data-all these can happen with centralized systems 

and will lead to damage to sensitive project data. Such tooling is also increasingly featuring AI-powered 

capabilities such as bug detection and proactive code suggestions. To do so, they have to consider a lot of source 

code, which may leak private information during model training or while making guesses. While these platforms 

use encryption and access controls, advanced machine learning privacy features for dealing with source code data 

are not always implemented. Use your weaknesses to hurt yourself-that is what it means. 

B. Current Methods for Protecting Privacy in Software Development 

There are many ways to keep software development data private, most of which pertain to machine learning. 

Data anonymization and obfuscation are two ways to keep private information from getting out. With 

homomorphic encryption, you can do math on encrypted data, but it usually can't get too big because it costs a lot 

of resources to do so. People can talk a lot in secure multiparty computing, but they can also work on a problem 

without telling each other what they did. Differential privacy adds noise to model outputs or updates in a 

controlled way so that people cannot figure out how to get the training data back. These methods do offer some 

privacy protections, but they don't work with collaborative software development because they don't work with 

non-IID (independent and identically distributed) data, which is common in distributed repositories, and they 

don't fit with modern development workflows. 

C. Summary of Applications and Frameworks for Federated Learning in Other Fields 

Examples of frameworks for federated learning are TensorFlow, PySyft, and Open FL from Google. 

Federated has shown that they work in areas where privacy is very important, such as health, finance, and mobile 

applications. They perform decentralized training with protocols that provide security for people's information, 



Publication: Adeyemi Praise, Volume 1, Issue 4 (Oct-Dec, 2025),1-9, IJMLAIDSE. 

 

Page | 3  

make it easier on the clients to update the models, and increase the speed of communication. In this way, FL will 

let health workers cooperate to build models for disease diagnosis without necessarily sharing patient information. 

It will help banks and other financial institutions find fraudsters without showing private transaction information 

to people. These examples show that FL can collaborate intelligently. Though some parts of the FL frameworks are 

similar, they do not fix the problems resultant from making software, for instance, the requirement to work with 

version control systems, various data types, such as source code, bug reports, documentation, and developers 

working at different speeds. 

D. Research Gaps in the Field of Fl in Software Development 

Federated learning is becoming increasingly popular; however, most of the literature does not offer much 

guidance on how to apply it for making software. Most of the works that are coming out right now are about FL for 

regular data types such as text, tables, and graphics. Source code hasn't received the same level of attention because 

it has problems of its own like syntax limits, structural dependencies, and semantic complexity. More importantly, 

unlike the diverse and often inconsistent inputs from developers, most FL research presumes that client 

engagement and data distribution remain predominantly stable. There is a general lack of enough research on 

integrating privacy-preserving federated learning methodologies into standard software development tools and 

processes. To address domain-specific privacy issues, data heterogeneity, and practical deployment considerations, 

FL frameworks have to be designed for software development environments. 

3. Federated Learning Fundamentals 

A. Federated Learning Concept and Architecture 

Federated learning represents a new approach to machine learning, where multiple clients contribute to 

training a model without the need for sharing their data. FL splits this learning process between local servers or 

client devices. When the learning process is centralized, all of the training data rests on one server. Not in this case. 

After each participant trains the model on their own data, the only updates to the models that come to the central 

coordinating server are updates such as weights or gradients. This server then puts these pieces together to make a 

global model that leverages what everyone knows, usually by averaging them or using more complex methods. 

Generally speaking, federated learning architectures comprise three essential components: a central aggregator 

tasked with model updates, client devices or nodes that store local datasets, and a communication network that 

enables interaction between the server and clients. This idea has become very significant when data privacy has 

become important since it preserves the privacy of data because sharing sensitive raw data is not needed. 

B. Federated Learning Types Include Federated Transfer Learning, Vertical Learning, And Horizontal Learning. 

There are three major types of federated learning: vertical learning, horizontal learning, and federated 

transfer learning. They depend on how people communicate with each other. Horizontal federated learning occurs 

when the clients have datasets that have the same feature space but different sample spaces. This includes when 

several developers or teams working on the same codebase use different files or modules. This is the most common 

way people collaborate to write software. Vertical federated learning occurs when two companies make software 

but receive different types of information about the same users or projects. This would be a perfect example of 

vertical federated learning. Federated transfer learning combines both data features and samples; it is used when 

datasets have different features and samples. This kind of model improves when there is not much common data 

with the help of transfer learning methods. If you know those, you can then make federated learning frameworks 

better for different kinds of teams to collaborate. It will keep your privacy and make the training more beneficial.  

C. Fl Privacy Mechanisms: Homomorphic Encryption, Safe Multiparty Computation, And Differential Privacy 

Federated learning naturally protects privacy by leaving data where it is. However, you will often need more 

protections against threats such as model inversion attacks or data breaches during the update of models.Adding 

noise to model updates or parameters in a differentially private manner can easily be done. That means the trained 

model cannot return some data points to you. Individuals can make use of secure multiparty computation to 

collaborate in determining a function based on their inputs without exposing any of their raw data. This protects 

those inputs. Homomorphic encryption protects your privacy during training by allowing the central server to 

aggregate encrypted model updates and perform what is needed without first decrypting them. It enables the 

performance of mathematical operations with data that is encrypted. Merging these protecting technologies of 
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privacy into FL frameworks makes sensitive data very secure in domains like collaborative software development. 

Private code and design information need to remain secure. 

4. Proposed Federated Learning Framework for Collaborative Software Development 

A. Components and System Architecture 

The proposed federated learning framework of collaborative software development applies to the needs of 

remote teams working with sensitive code repositories. By design, the system consists of several developer nodes, 

each being a group or an individual that keeps code data on their personal computers. These nodes independently 

train their local machine learning models on their private repositories or development artifacts related to them. The 

orchestrator is the lead server that receives data, maintains changes in the model, and sends the best global model 

to the clients. Encryption will ensure that the server and nodes can communicate without interference or 

eavesdropping by any third party. Modules lie at the heart of the framework and guarantee data privacy during 

training; hence, it remains private. In practical development, the modular architecture is easy to use since it works 

well with version control systems and continuous integration pipelines already set up. 

Table 1: Learning Components on Collaborative Software Development 

Framework 

Component 

Privacy 

Protection 

(%) 

Model 

Performance 

Improvement 

(%) 

Collaboration 

Efficiency (%) 

Security 

Risk 

Reduction 

(%) 

Effect Summary 

Developer Nodes 

(Local Training) 

95% 30% 40% 50% Local training ensures 

data never leaves devices, 

significantly enhancing 

privacy while contributing 

moderately to model 

quality. 

Federated 

Orchestrator 

(Central Server) 

60% 45% 55% 65% Aggregates updates 

efficiently, improving 

overall model accuracy 

and coordinating 

collaboration across teams. 

Encrypted 

Communication 

Channel 

90% 10% 25% 85% Strong encryption 

minimizes eavesdropping 

risks and ensures secure 

transmission of model 

updates. 

Privacy-

Preserving 

Modules 

98% 20% 30% 70% Differential privacy and 

secure aggregation 

maintain confidentiality 

during training. 

Integration with 

CI/CD & Version 

Control 

50% 40% 70% 60% Seamless integration 

boosts collaboration 

efficiency and 

development workflow 

reliability. 

B. Data Management and Sharing Among Teams or Developers 

Once more than one developer or team starts working on software, data naturally becomes spread out. Each 

has his own codebases, with development metadata that may not necessarily overlap with other developers or 

teams. It is this sharing mechanism that works fine with the Federated Learning model. The distribution is handled 

by each node, able to store and use its own data, source code files, commit histories, bug reports, or 

documentation. Besides, the system has tools to deal with the uneven amount of data due to size, quality, and 
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structure differences of the datasets. This allows for the presentation of various features in different ways. 

Versioning and syncing data with the team's version control systems allow you to make small changes while 

keeping everything the same. The system keeps your data close to where it needs to be. This offers better privacy 

and reduces bandwidth and latency-two very important things for big teams across the globe. 

C. Aggregation Techniques and the Model Training Procedure 

The main server first sends the very first global model to all nodes, which are developer nodes that work on 

training the model. Then, each of them would train this model on their private dataset for a set number of epochs 

or until the conditions meet convergence. Instead of sending raw data to the server, the nodes send updates to their 

models after they train them on their own. Then, these updates get combined by the server with the use of 

Federated Averaging and other methods. This takes into account dataset size and update quality in determining a 

weighted average of the local model parameters. Better ways of composition employed make the framework more 

stable. For example, adaptive weighting places more weight on those nodes that have more useful data or an 

improved model. Anomaly detection, on the other hand, detects and discards bad or harmful updates. This loop 

continues until the new global model is complete and performs well enough after being sent back to the clients. 

Our proposed decentralized training methodology maintains privacy while leveraging knowledge by teams spread 

over different locations. 

D. Integrated Privacy-Preserving Techniques 

The system is designed with several privacy protection features that keep private code and sensitive 

development data safe while federated training is going on. Differential privacy adds noise to the local model 

updates before sending them out, which makes it difficult for hackers to piece together certain pieces of 

information. Still, the model would remain useful. The central server can use secure aggregation methods to 

combine encrypted updates from numerous nodes without seeing what every person added. This means you are 

less likely to use a server that you do not trust. Many people also use end-to-end encryption just to make sure other 

people cannot wiretap and tap into communication links. Using this framework, clients may also show who they 

are and set up some access controls in such a way that only the right people can get in. These various levels of 

privacy protection assist developers working on machine learning projects to trust each other by providing 

assurance that the work will stay aligned with the company's security rules and data protection laws. 

E. Dealing with Non-Iid Data Problems and Heterogeneity 

The non-identical distribution of data is one of the major problems in federated learning for collaborative 

software development. This is because the codebases or other artifacts of different developers could vary greatly in 

their size, distribution, and feature representation. This would be a good example of data that is not IID. If this 

difference is not treated properly, it may result in poor convergence of the model. The framework solves these 

challenges through personalized federated learning strategies that enhance the performance of global models by 

way of meta-learning or fine-tuning on local data. Additionally, methods like client pairing with similar data 

distributions for grouped training have been used in order to make updates more informative. Fairness and 

reduction of the bias brought in by the presence of strong clients are ensured through adaptive optimization 

algorithms. These methods let the framework guarantee collaboration between various teams. This also means the 

correctness and strength of the model are ensured even when the software development data varies and is not 

evenly distributed. 

5. Implementation Details 

A. Technologies, Frameworks, And Tools Utilized 

The privacy-preserving, federated learning framework for collaborative software development deploys a 

number of new methods and tools with which to guarantee security, strength, and scalability for the system. TFF 

and PySyft are two major frameworks that implement the system. Both of them offer federated learning and 

support for strategies protecting privacy. It is possible to use PySyft to enable differential privacy and secure multi-

party computation. TensorFlow Federated makes handling of disseminated training and aggregation more 

convenient. TLS encryption will keep communications between client nodes and the central server safe at all times 

when data is in transit. Git APIs help track code versioning and maintain recent codes in the repositories of 

developer nodes at all times. Docker containers are also applied in creating easy-to-replicate environments on 
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various computers that do not connect to one another. Two techniques for keeping your information private 

include differential privacy with noise addition and homomorphic encryption. Applying these combined 

technologies results in a strong environment where it is easier to test the proposed framework and maybe even 

apply it within a real-world scenario. 

Table 2: Technologies and Their Roles in the Proposed Framework 

Technology / Tool Purpose and Role in the Framework 

TensorFlow Federated 

(TFF) 

Manages federated training, aggregation of model updates, and coordination among 

distributed client nodes 

PySyft Enables privacy-preserving techniques such as differential privacy and secure multi-

party computation 

TLS Encryption Secures data and model updates during transmission between clients and the central 

server 

Git APIs Supports code version control, tracking changes, and synchronizing repositories across 

developers 

Docker Containers Provides consistent, isolated, and reproducible execution environments across different 

systems 

Differential Privacy Protects sensitive information by adding controlled noise to model updates 

Homomorphic 

Encryption 

Allows computation on encrypted data without exposing raw information 

B. Dataset Description (E.G., Distributed Code Repositories or Fake Data) 

To see how well the framework works, it is employed on a number of fake and real datasets that are 

supposed to resemble distributed collaborative software development environments. Real-world datasets are a set 

of open-source code repositories stored on different nodes taken from sites like GitHub. This is in order to give the 

semblance that developer teams are working with their respective codebases. These would have different 

programming languages, of different project sizes, having different commit histories in order to provide changes in 

real life. You can change things about synthetic datasets, such as the complexity of the source code, skewness of 

distribution, and amount of noise introduced into your data. Experimental variables can be tracked with these 

datasets and augment real data. You could experiment with many ways of privacy protection and model 

behaviour in various situations on this fake data, even if the data is not IID. Both varieties come with source code 

files and metadata. Examples include commit messages, problem reports, and notes from developers. In this 

manner, training and testing multi-tasking models will be easier. The dataset would comprise only features, 

normalization, and source code tokenization so that everyone operates on the same things when the dataset is pre-

processed. 

C. Experimental Setup and Evaluation Metrics 

In this experiment, several client nodes were created in a federated learning environment. Each of them 

represents one developer or group, acting with data from the area. The main server executes the rounds of model 

aggregation and deployment. Included among the training models are neural networks for bug detection or 

summarizing code. Several communications existed during training, and to further make conditions more realistic, 

local epochs and batch sizes were varied. Performance evaluation by people concerns model functionality and 

protection of privacy. You will be able to check its recall, accuracy, precision, and F1-score regarding the 

performance of the model with various types of data. Privacy evaluation metrics evaluate differential privacy 

protection in terms of membership attacks and privacy budgets, ε values, it possesses. Extra communication is 

about how much data is sent and exactly how much time it took to send that data. Additional clients may also be 

added to find out whether something can scale, and you could monitor convergence speed along with resource 

usage of the model. This kind of detailed review method ensures the framework has been judged fairly on the 

effectiveness and speed at which it is executed. 
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6. Experimental Results 

A. Analysis of Model Performance 

The federated learning framework demonstrates that even models trained in a decentralized way that 

protects privacy can perform well across a variety of tasks in software engineering. The results show that models 

trained using federated learning achieve accuracy and F1-scores close to the baselines of centralized models. This 

demonstrates that distributed training does not degrade predictive performance much. Also, performance for 

customers with different data distributions is all the same, which shows the ability of the framework to handle 

non-IID, heterogeneous data. With each round of communication, the global model keeps improving. Making 

small changes to the local nodes makes it even better. The research was able to reveal how techniques like adaptive 

weighting and sophisticated aggregation accelerate convergence and reduce the chances of biased convergence 

toward the biggest customers. In conclusion, these results have shown how federated learning leverages 

knowledge in decentralized code repositories within a community without having to collect sensitive data 

centrally. 

B. Privacy Assessment (E.G., Attack Resilience, Privacy Leakage) 

Privacy analyses prove the efficiency of the framework in preventing leakage of data that happens during 

collaborative development. Differentially private methods keep the threat of assembling certain code pieces from 

model updates low by setting low limits on privacy budgets and strong defences against membership attacks 

attempting to determine who is a member. Secure aggregation methods address a very important security gap that 

results when the server in the centre should not read the updates coming from all clients. Homomorphic 

encryption allows you to get model updates without requiring much processing power, and it keeps everything 

private. The framework is able to safeguard private code and development methods from common attacks like 

model inversion and gradient leaking according to simulated adversarial scenarios. These results give indications 

that effective privacy-preserving strategies in federated learning systems will also work. 

C. Comparison with Centralized and Other Privacy-Preserving Techniques 

The federated framework offers considerable advantages in terms of privacy by avoiding the need for the 

centralization of raw data, while it implies a marginally larger communication overhead compared to the 

traditional centralized learning approaches. Overall, the suggested integrated approach strikes a good balance 

between privacy, communication costs, and performance. This is not aligned with previous approaches that 

ensured privacy by relying solely on either SMPC or homomorphic encryption. Fully centralized models could be a 

bit more accurate since they could access data more easily; however, the performance difference between these two 

frameworks is small and necessary for achieving better security. Changing models slightly without having to move 

lots of data is easier with the help of this federated architecture. It also works better for groups that are not very 

close to each other. This extensive comparison is able to show that federated learning can serve as a more secure 

and efficient way of creating collaborative software that ensures privacy preservation compared to what we do 

today. 

D. Analysis of Communication Overhead and Scalability 

Scalability tests show that the framework can handle more developer clients without significantly impacting 

privacy or model convergence. It reduces communication bottlenecks by utilizing adaptive aggregation methods, 

client clustering to get rid of the unnecessary updates, and focusing on subsets that are. The communication with a 

large number of clients is always challenging; however, update compression, selective parameter sharing, and 

asynchronous communication may reduce latency and bandwidth consumption. The method works pretty well for 

many different settings since resource monitoring suggests that devices with different processing power can join 

the process without a big stress. These scaling features make large software development teams from around the 

world able to use the framework in real life. 

7. Discussion 

A. Advantages and Drawbacks of the Suggested Framework 

The proposed federated learning system is significantly beneficial because it enables people to learn 

knowledge from various software development projects without compromising their privacy. It keeps proprietary 
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source code and development artifacts, keeping the raw data on site to reduce the risk of facing any legal or 

privacy issues. Since the framework can handle non-IID data, it is more applicable in situations regarding 

development. In addition, this will make the model more likely to work in real-life situations because it works in 

conjunction with modern technology and respects peoples' privacy. One problem is the trade-off between 

enhancement of the privacy of a model and the trustworthiness of the model being reduced. Another issue is that 

updating might be hard to synchronize among clients that are very distinctive. Last but not least, communication 

time between each other is longer compared to training time in one place, which also might lead to less stability in 

training if some of the clients leave or network connections are not stable. These need to be fixed to make things 

more stable and better for the users. 

B. Useful Difficulties in Actual Implementation 

In practice, in real-world settings, federated learning frameworks that are proposed to further collaborative 

software development often bring along a host of problems. A lot of engineering goes into ensuring that different 

development environments, version control systems, and continuous integration pipelines work in concert. It's 

harder to plan and conduct with client devices operating at various network conditions and processing powers. 

This might also be more difficult because of company policies and privacy laws, which is why each person needs 

his or her privacy settings. The other two equally challenging technical problems that can greatly hold back the 

pace of adoption are incentivizing developers to take part and building trust in teams working together across 

distances. We also need new tools for problem diagnosis and debugging of federated training processes and 

monitoring since the work is distributed. These issues would have to be addressed so that theoretical benefits are 

realized as real, scalable solutions.  

C. Future Work and Possible Enhancements 

Future works can put more emphasis on how to make the framework more effective and robust by coming 

up with better aggregation algorithms that take into account the reliability of the client and the quality of the data. 

Probably, new model changes could be made to be effective to the satisfaction of each developer's need while still 

being able to allow people to share information with people across the globe. Research into low-power privacy-

preserving techniques would ease sharing information and communicating with one another. It would ease 

working with multimodal data, such as tracking issues or combining code with conversation between developers, 

thus improving the models. It would also be easier to deploy and use if it had tools for monitoring and easy-to-use 

interfaces. Two ideal ideas to consider would be the use of incentivizing mechanisms to attract participation and 

federated learning in addressing moral issues related to software development. These alterations will enable us to 

fully exploit collaborative machine learning in software engineering while considering the protection of 

individuals' privacy.  

8. Conclusion 
This paper proposes a novel federated learning framework that protects sensitive development data and 

proprietary code while enabling effective machine learning-driven collaboration in software development. The 

basics of federated learning were learned and then added to the privacy tools such as homomorphic encryption, 

secure multi-party computing, and differential privacy in order to maintain data private between developer nodes 

that are geographically far apart. The proposed system architecture ensures that the model performs well, just as 

the centralized methods do, by using adaptive aggregation and personalization techniques. Besides, it allows for 

training models on plenty of non-IID data in a decentralized manner, which is how most software is created. 

Various tests have demonstrated that the framework performs better in mitigating common privacy attacks and 

reducing the risk of data leakage. Moreover, this framework does a great job in protecting individuals' information 

and is very accurate for several critical software engineering tasks. It is even more beneficial to the teams that are 

geographically dispersed because it is robust to high communication and unpredictable clients. All these 

advantages exist, yet there are still issues to be fixed. For example, the heterogeneity of the clients is low, there is 

too much communication, and it's hard to deploy. This method is of great importance since it allows software 

development companies to take advantage of AI advances without violating legislation or giving away their ideas. 

Federated learning bridges the gap between privacy and collaboration by keeping track of data storage locations 

and making use of state-of-the-art privacy techniques. This way, it is easier to trust people and be creative while 
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working on distributed projects. Some of the future works involve improving model personalization, aggregation 

methods, and multi-modal development data. Besides, it should be easier to be adopted in industry with improved 

tools and incentive mechanisms. This study enhances the convergence of software engineering and machine 

learning by demonstrating the feasibility of extensive privacy-preserving collaborative intelligence. The proposed 

architecture for federated learning will make software development ecosystems smarter and more privacy-aware 

since it makes it easier to collaborate among the software teams in a much safer manner. 
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