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ABSTRACT 

This paper critically examines the emerging field of blind computation in AI machine operations, 

challenging conventional approaches to data privacy and security in artificial intelligence systems. 

As AI continues to permeate various sectors, from healthcare to finance, the need for robust 

privacy-preserving techniques has become paramount. Blind computation offers a promising 

solution by enabling AI models to process encrypted data without decryption, thus maintaining 

data confidentiality throughout the computational pipeline. 

This research synthesizes cutting-edge developments in homomorphic encryption, secure multi-

party computation, and federated learning, presenting a comprehensive framework for 

implementing blind computation in AI systems. We propose novel architectures that significantly 

enhance data protection without compromising computational efficiency. Our analysis reveals that 

while blind computation techniques offer unprecedented levels of privacy, they also introduce new 

challenges in terms of computational overhead and model accuracy. We present empirical evidence 

demonstrating the trade-offs between privacy, performance, and precision, and propose innovative 

strategies to optimize these competing factors. Furthermore, we critically assess the ethical 

implications of blind computation, examining its potential to either mitigate or exacerbate existing 

biases in AI systems. 

This paper concludes by outlining a roadmap for future research, emphasizing the need for 

interdisciplinary collaboration to address the technical, ethical, and regulatory challenges 

associated with blind computation in AI. Our findings have significant implications for the design 

and deployment of privacy-preserving AI systems across various domains, potentially 

revolutionizing the way sensitive data is processed in the age of artificial intelligence. 
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CHAPTER ONE 

1.1 BACKGROUND OF STUDY 

The genesis of this research lies at the intersection of mechatronics and cryptography. As 

described by Bolton (2015) in his seminal work on mechatronic design, traditional mechatronic 

systems have evolved from simple electromechanical devices to complex, AI-driven machines. 

This evolution, while dramatically enhancing capabilities, has also exponentially increased the 

volume and sensitivity of data processed by these systems. Concurrently, the field of 

cryptography has seen revolutionary advancements. The concept of privacy homomorphisms, 

introduced by Rivest, Adleman, and Dertouzos (1978), laid the groundwork for what would 

become fully homomorphic encryption (FHE), fully realized by Gentry (2009). These 

cryptographic techniques offer a potential solution to the privacy challenges faced by modern 

mechatronic systems. 

  

In the realm of mechatronics, the integration of AI has been transformative. From the precise 

control systems in manufacturing robots, as outlined by Koren et al. (2018), to the complex 

perception and decision-making algorithms in autonomous vehicles described by Pendleton et 

al. (2017), AI has become an indispensable component of advanced mechatronic systems. 

However, this integration raises critical questions about data security and privacy, especially 

when these systems operate in sensitive environments or process personal data. 

The convergence of cryptographic techniques and AI in mechatronic systems forms the 

foundation of blind computation. This multifaceted approach encompasses FHE, secure multi-

party computation (MPC), differential privacy, and zero-knowledge proofs. This framework 

aims to enable mechatronic systems to operate on encrypted data, performing computations 

"blindly" without exposing the underlying information. 

Users have been strongly motivated to do computing on hardware they do not personally control 

for practically as long as programmable computers have been around. This was initially brought 

on by the expensive nature of these devices and the requirement for specialized facilities to hold 

them. Computers were kept in central places by universities, governments, and big businesses, 
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where they executed tasks in batches for their users.(Fitzsimons, 2017) Despite the increasing 

ubiquity of computers, there is still a need for centralized resources. Delegated computation is 

still widely used nowadays in the form of cloud computing.  

Even if the future of computing is yet unknown, it makes sense to assume that it will go in a 

similar direction. Indeed, initiatives to make basic quantum processors accessible over the 

Internet have given rise to some of this conjecture. Because classical processors are so common 

and high-speed global communications networks exist, we are in a considerably better position 

now to permit remote access to computers than we were with early conventional 

computers. Although there may be compelling practical and financial reasons to outsource 

computations to distant systems, doing so creates numerous security issues. Specifically, if the 

calculation is carried out on unreliable hardware, then this creates the potential that either the 

computation's integrity or privacy could be compromised. Communication can be concealed by 

encryption. between the client and the server from eavesdroppers, while authentication codes 

can be used to identify any attempt to change these messages. However, such tactics do nothing 

to neutralize the threat provided by a compromised or malevolent server. Ideally, there would be 

a method to allay these worries to assign work to a distant server while maintaining 

confidentiality.(Fitzsimons, 2017) 

Several techniques have surfaced in recent years to address the privacy concerns brought up by 

delegated computation. Falling under the general category of blind computation (BC), this gives 

a client the ability to carry out large processing with one or more distant servers while keeping 

the structure of the computation concealed. Although Blind Computation protocols aim to 

protect the privacy of only the calculation, numerous additionally permit verification of the 

computation being carried out, by incorporating hidden tests within the data. Moreover, findings 

in traditional secure computing establish a connection between blind computing and 

computational intricacy. The presence of an adequately safe blind computing protocol using a 

client that is strictly classical and a one quantum server with the ability to execute any quantum 

These computations would draw a link between the concerns of whether Blind Computation 

Protocols comprise NP and whether the polynomial hierarchy collapses. Due to these obstacles, 
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it has only been relatively recently that technologies that could enable this kind of functionality 

have started to surface. 

Blind computation is a broad method that includes safe multi-party computation (MPC), 

differential privacy, zero-knowledge proofs, and FHE. It is based on the convergence of 

cryptography and AI in mechatronic systems. In the world of classical cryptography, the state of 

the art regarding computation on encrypted data has changed dramatically over the years since 

the introduction of the first secure computation protocols, with the advent of fully homomorphic 

encryption. These cryptographic methods present a viable remedy for the privacy issues 

contemporary mechatronic systems are facing. These encryption techniques enable computation 

on encrypted data without requiring correspondence between both the server and the user while 

processing. Reaching a decrease in round complexity when using delegated The use of blind 

computation is very desirable. It ought to be observed, though, that even in the traditional setting, 

this has only been accomplished by utilizing presumptions regarding the hardness of certain 

computational problems, such as the approximate shortest vector problem, or the learning with 

errors issue.  

Fully homomorphic encryption schemes allow data to be processed arbitrarily in its encrypted 

form, without the need for the encryption key. Several works have explored the use of partially-

homomorphic encryption which supports models of computation not classically simulable, 

including the Boson sampling model, under weakened information-theoretic security guarantees 

Broadbent and Jeffery introduced a homomorphic encryption scheme that leveraged a 

computationally secure classical homomorphic encryption scheme to enable the evaluation of 

circuits containing only a constant number of non-Clifford gates on encrypted quantum data. In 

the case of Broadbent and Jeffery’s scheme, the size of the encoding scaled exponentially with 

the number of non-Clifford gates.  

However subsequent work by Dulek, Schaffner, and Speelman reduced this to only polynomial 

overhead, resulting in a computationally secure leveled homomorphic encryption scheme. These 

latter protocols can be seen as part of a wider program to broaden quantum cryptographic 

techniques through the incorporation of computational assumptions. A recent proposal achieves 
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similar functionality to the Broadbent-Jeffery scheme but under an information theoretic security 

definition, provided a sufficiently large key is used. To date, however, no such counterpart to the 

work of Dulek, Schaffner, and Speelman has been found. 

The discussion thus far has concentrated on theoretical constructions for delegated computation 

protocols. But if these procedures if are to evolve into anything more than academic curiosity, it 

is important to develop a road to physical realization. Toward this goal, Many attempts have 

been made to create verifiable blind computing protocols that are easier to test. This has assumed 

multiple shapes. Although the first suggestions stated that their constructions might be rendered 

fault-tolerant, significant work has since been put into computing explicit fault-tolerance 

thresholds for blind computation and dealing with the issue of noise occurring during 

communication between user and server.  

1.2 STATEMENT OF PROBLEM 

The implementation of blind computation in AI-driven mechatronic systems faces significant 

challenges, particularly when considering the real-time operation requirements and resource 

constraints of many mechatronic applications. Key obstacles include: 

1. Computational Overhead: FHE and MPC protocols introduce substantial 

computational overheads, potentially conflicting with the real-time processing 

requirements of many mechatronic systems, as highlighted by Acar et al. (2018) in their 

survey of privacy-preserving machine learning. Resource Constraints: Many 

mechatronic systems, especially in mobile or embedded applications, have limited 

computational resources and power budgets, implementing complex cryptographic 

protocols challenging. 

2. Accuracy and Latency Trade-offs: Privacy-preserving techniques often require 

modifications to AI algorithms, which can impact the accuracy and response time of 

mechatronic systems—critical factors in applications like robotic surgery or autonomous 

driving. Scalability: Existing blind computation techniques have primarily been 

demonstrated on small-scale problems, raising questions about their applicability to 
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complex, real-world mechatronic systems that often involve multiple interconnected 

subsystems. Interdisciplinary Complexity: Effective implementation requires expertise 

across mechatronics, cryptography, and machine learning, creating a high barrier to entry 

for many mechatronics engineers. 

In order to overcome these obstacles, this paper puts forth a novel framework for blind 

computation in AI-driven mechatronic systems that strike a balance between precision, 

performance, and privacy while taking into account the particular limitations and needs of 

mechatronic applications.  

1.3 AIM OF THE PROJECT 

This project aims to investigate the idea of Blind Computation in AI machine operations, 

emphasizing how AI systems can operate effectively even in the absence of complete access to 

all input data. 

1.4 OBJECTIVES OF THE PROJECT 

Enhancing the state-of-the-art in blind computation for AI-driven mechatronic systems is the 

main objective of this research. In particular, we want to:  

1. Develop a comprehensive theoretical framework that unifies diverse privacy-preserving 

techniques within the context of mechatronic systems 

  

2. Propose novel algorithmic optimizations to reduce the computational overhead of blind 

computation techniques.  

 

3. Design and implement a scalable system architecture for blind computation in AI-driven 

mechatronic systems.  
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4. Provide a detailed grasp of the framework's practical consequences by conducting an 

empirical evaluation of the privacy-performance trade-offs of the suggested framework 

in a variety of mechatronic applications. 

 
 

5. Examine how blind computation affects mechatronic system safety and dependability. 

 

6. Guide the ethical development and application of privacy-preserving AI in mechatronic 

systems for mechatronic engineers and policymakers.  

1.5 SIGNIFICANCE OF STUDY 

1. Importance of Privacy-Preserving Strategies: The study addresses the urgent need for 

privacy-preserving strategies in AI, particularly as AI systems integrate into sectors like 

healthcare, finance, and national security. 

 

2. Blind Computation Solution: Blind computation allows AI systems to process encrypted 

data without accessing sensitive information, thus preserving user privacy and complying 

with regulations like GDPR. 

 

3. Deep Learning Models and Privacy: The research focuses on privacy-preserving training 

for deep learning models, addressing privacy issues such as data leakage and unauthorized 

access during the training phase. 

 

4. Integration of Cryptographic Techniques: Techniques such as Fully Homomorphic 

Encryption (FHE) and Multi-Party Computation (MPC) enable computations on encrypted 

data, enhancing data security in AI applications. 
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5. Filling Literature Gaps: The study investigates blind computation in both AI model training 

and inference phases, filling gaps in existing literature that often focus on only one phase. 

 

6. Practical Implications Across Industries: The findings have real-world implications, such 

as enabling secure AI model training on encrypted patient data in healthcare and enhancing 

fraud detection systems in finance without exposing sensitive information. 

 

1.6 SCOPE OF STUDY 

I. Focus on Blind Computation in AI: The research explores blind computation in AI, 

specifically in machine learning and deep learning models, due to their widespread use and 

associated privacy concerns. 

II. Emphasis on Privacy-Preserving Training: The study focuses on the challenges of 

privacy-preserving training in AI, where ensuring privacy during training introduces 

complex computational and cryptographic challenges. 

III. Cryptographic Techniques: The research concentrates on Fully Homomorphic 

Encryption (FHE), Multi-Party Computation (MPC), and related protocols applicable to AI 

workflows for secure blind computation. 

IV. Limited Scope: It does not delve deeply into differential privacy or hardware-level security 

solutions like trusted execution environments (TEEs), focusing instead on cryptographic 

methods that integrate with blind computation models. 

V. Contribution to AI Privacy: The research contributes to AI privacy by demonstrating the 

integration of cryptographic techniques into AI systems to secure sensitive data while 

maintaining computational efficiency. 

 

1.7 LIMITATIONS OF STUDY 

Empirical evaluations are limited by current hardware capabilities, potentially underestimating the 

potential of future privacy-preserving computation systems. 
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The research builds upon the work of cryptographers and privacy researchers like Rivest and 

Gentry, who contributed to encryption and homomorphic encryption. 

It also draws from contemporary experts integrating privacy into AI systems, bridging theoretical 

cryptography and machine learning applications. 

The research examines the interplay between privacy, performance, and precision in AI to 

contribute to responsible AI development. 
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CHAPTER TWO 

LITERATURE REVIEW 

 

2.1 DEFINITION OF AI MACHINE OPERATIONS. 

AI machine operations encompass a comprehensive range of computational processes that enable 

artificial intelligence systems to function effectively, from data preparation to model deployment 

and ongoing management (García et al., 2020). These operations involve various tasks that occur 

"behind the scenes" in an AI system, ensuring seamless functionality. A crucial component of these 

operations is data handling, which involves the acquisition and preparation of raw data, which is 

essential for training AI models (Kelleher & Tierney, 2018). Data must be cleaned, transformed, 

and organized to ensure it is suitable for analysis. 

Model training is another significant aspect of AI machine operations, including the training of 

machine learning models using prepared datasets (Goodfellow et al., 2016). This phase often 

requires substantial computational resources and specialized expertise to optimize model 

performance. Furthermore, once models are trained, they are deployed to perform real-time 

inference, making predictions or decisions based on new data inputs (Bishop, 2006). This 

capability is essential for applications that require immediate responses. 

Ongoing management is also critical, involving continuous monitoring and maintenance of 

deployed models to ensure their accuracy and effectiveness over time (Sculley et al., 2015). This 

includes retraining models as new data becomes available and ensuring compliance with security 

and privacy standards. 

AI machine operations represent a fusion of data engineering, machine learning model design, and 

systems operations (often referred to as MLOps) (Lwakatare et al., 2019). This integration is 

orchestrated to build, deploy, and maintain AI solutions while addressing the complexities 

associated with privacy and security in data processing. By focusing on these operational aspects, 

organizations can leverage AI technologies more effectively, ensuring that they deliver reliable and 

secure outcomes across various applications. 
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2.2  AI MACHINE OPERATIONS. 

AI systems initiate their processes by gathering data from diverse sources, including sensors, 

databases, web scraping, and user interactions (Provost & Fawcett, 2013). In a country like 

Nigeria, this might involve collecting financial transaction records, health records, or data from 

IoT devices deployed in smart cities. Given that raw data is often characterized by noise or 

inconsistencies, preprocessing steps are essential (Han et al., 2011). These steps typically include 

cleaning and normalization/standardization, which involve removing duplicates, correcting or 

removing corrupted records, and adjusting values measured on different scales to a common scale. 

Following these initial steps, the focus shifts to transforming raw data into meaningful features 

(Bishop, 2006). For images, this might mean extracting edges, textures, or key points; for text, it 

could involve converting words into vector representations like word embeddings (Mikolov et al., 

2013). This process involves creating new features through domain-specific transformations. For 

instance, in financial applications, deriving ratios or trends from raw numbers can capture 

meaningful patterns. These measures ensure that the data fed into AI algorithms is of high quality 

and that the most relevant information is captured. 

Depending on the specific task, such as classification, regression, or clustering, appropriate 

machine learning or deep learning algorithms are selected (Murphy, 2012). In deep learning, 

convolutional neural networks (CNNs) might be applied for image processing (LeCun et al., 1998), 

whereas recurrent neural networks (RNNs) or transformers are commonly used for natural 

language processing (Vaswani et al., 2017). 

The model training process includes several critical steps such as optimization, regularization, and 

hyper-parameter tuning (Goodfellow et al., 2016). These steps ensure that the loss function, which 

quantifies prediction error, is minimized. Regularization methods, such as weight decay, help 

prevent overfitting, ensuring that the model generalizes well to unseen data. The parameters are 

often tuned using techniques like grid search, random search, or more advanced methods like 

Bayesian optimization. 

To continuously monitor model performance during training, a separate validation set is utilized. 

After training, a test set is used to assess the model’s ability to generalize. This phase is crucial for 
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ensuring that the model is both accurate and robust. Once trained, the model is deployed to 

production environments, which can include cloud-based services, on-premises servers, or edge 

devices (Kreutzer et al., 2022). In Nigeria, cloud computing providers (whether local data centers 

or global giants) may host these models, enabling scalable access even in resource-constrained 

settings. The raw outputs from the model are then further processed, translated into human-

readable formats, combined with business logic, or aggregated into dashboards for decision-

makers. 

The models are typically versioned to track changes over time. Retraining is periodically necessary 

as new data becomes available or as underlying patterns in the data change, a phenomenon known 

as concept drift (Gama et al., 2014). In scenarios where data sensitivity is paramount, such as in 

healthcare or financial services in Nigeria, additional layers of security are integrated. This is 

where blind computation becomes particularly relevant.  
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2.3 OVERVIEW OF BLIND COMPUTATION 

Blind computation represents a cryptographic technique that empowers the processing of data 

without exposing the underlying sensitive information to the computing entity (Dathathri et al., 

2019). This paradigm is particularly valuable for enhancing AI machine operations by facilitating 

secure, privacy-preserving data handling across various stages, from training and inference to 

collaborative learning and quantum computing integration (Wagh et al., 2019). By ensuring that 

sensitive information remains concealed even during processing, blind computation techniques 

strengthen regulatory compliance, safeguard intellectual property, and cultivate greater trust in 

outsourced AI and cloud-based services (Ohrimenko et al., 2017). Therefore, blind computation is 

not merely a theoretical concept but a practical instrument for improving the security and 

scalability of AI operations in diverse and sensitive applications. 

Essentially, blind computation is a secure processing method that enables a server to perform 

computations on data without gaining access to any sensitive information about the data itself, the 

computation being performed, or the results (Song et al., 2019). In this framework, data is 

encrypted or "blinded" before being transmitted to an untrusted processor. Following the 

completion of the computation, the true result is securely recovered by an authorized party. The 

concept of blind computation encompasses several interconnected ideas that allow a client to 

delegate a computation to a remote server without revealing critical details about its input, output, 

or the computation process itself (Costan & Lauter, 2017). This ensures that the server only 

manipulates encrypted data, thus preserving the confidentiality of the underlying information. 

A key component of blind computation is data protection, which involves disguising the true data 

before it undergoes processing. In classical cryptography, this is achieved by applying a random 

"mask" or blinding factor to the input. For example, in RSA blinding, the client multiplies the 

plaintext by a random factor to obscure the original value, ensuring that the true value remains 

hidden when the server operates on it. After the computation or signature is executed, the client 

can remove the mask using the inverse of the random factor to recover the correct result. This 

masking prevents the server from inferring any information about the original data. 
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Blind computation also involves distributed or remote processing, wherein computations are 

performed on hidden data using methods such as homomorphic encryption or in quantum settings 

through protocols like Universal Blind Quantum Computing (UBQC). The use of homomorphic 

encryption allows complex operations to be performed on encrypted data without ever decrypting 

it, providing a powerful tool for secure computation ( Halevi et al., 2019). 

In blind quantum computation protocols such as UBQC, a client with limited quantum capabilities 

can delegate a quantum computation to a powerful quantum server while keeping its data and 

algorithm secret ( Fitzsimons, 2017). A key application of blind quantum computation is to enable 

information-theoretically secure and verifiable access to a quantum cloud. In UBQC, single-qubit 

states with randomly chosen parameters are prepared by the client and sent to the server. The server 

entangles these qubits into a fixed “resource” state (often a graph or cluster state) and performs 

measurements as instructed by the client. The measurement angles are offset by secret random 

values chosen by the client so that the server’s view remains statistically uniform—revealing 

nothing about the underlying computation. This process, known as remote state preparation, 

ensures the server remains "blind" to its own qubits' states. This ensures that quantum 

computations can be performed securely even with untrusted servers. 

Blind computation minimizes data leakages since even structural information about computations 

(e.g., circuit layouts or measurement patterns) can leak sensitive details. To address this issue, 

protocols use generic or “universal” structures capable of implementing any computation within 

given resource bounds without revealing specific details. For instance, in Measurement-Based 

Quantum Computation (MBQC) models used in UBQC, resource states (like brickwork states) are 

fixed and independent of particular algorithms being run. The client’s secret is encoded in random 

rotations or adjustments to measurement angles; thus only unavoidable meta-information (like an 

upper bound on circuit size) might be leaked while keeping actual computations hidden ( Morimae, 

2020). 

The principles of blind computation also extend to secure Multi-Party Computation (MPC), which 

allows multiple parties to jointly compute functions over their private inputs without revealing 

these inputs to each other (Evans et al., 2018). MPC enables collaborative computations while 
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maintaining individual privacy. It has numerous applications including secure data sharing, voting 

systems, and financial transactions. 

In cryptocurrency contexts, MPC secures wallets and protects private keys—ensuring digital assets 

remain safe even if one party’s private key is compromised. By allowing multiple parties to jointly 

compute functions without revealing their private inputs, MPC significantly enhances digital asset 

security and reduces risks associated with theft and fraud. Implementing an MPC solution can 

effectively protect digital assets when working with multiple parties or when there are concerns 

regarding private key security ( Lindell, 2020). 

In reassembly-of-results phases—especially in quantum settings—it becomes crucial not only to 

conceal computations but also to verify that servers have performed computations correctly. Some 

blind computation protocols incorporate verification techniques; for instance, trap qubits or decoy 

states may be interwoven with computations. The client knows expected outcomes for these trap 

elements; thus any deviation by servers can be detected without revealing actual client data. This 

adds an additional layer of security by ensuring integrity in computational results while 

maintaining confidentiality throughout processing stages. 

The convergence of mechatronic systems and artificial intelligence (AI) represents a paradigm 

shift in the field of engineering, heralding an era of unprecedented autonomy, adaptability, and 

intelligence in mechanical systems. This integration, however, introduces complex challenges in 

data privacy and security, which form the cornerstone of our investigation into blind computation 

techniques. 

At the heart of AI-driven mechatronic systems lies a sophisticated network of sensors and 

actuators, forming the critical interface between the digital and physical realms. The evolution 

of these components has been nothing short of revolutionary, as evidenced by the work of 

Kapila2018 on MEMS-based inertial sensors. 

Advanced Sensing Technologies 

Modern mechatronic systems employ a diverse array of sensing technologies, each presenting 

unique challenges for data privacy: 
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• LiDAR Systems: High-resolution 3D mapping sensors, crucial for autonomous navigation, 

generate vast amounts of potentially sensitive spatial data Hecht2018. 

• Machine Vision: Advanced camera systems with real-time image processing capabilities raise 

significant privacy concerns, especially in human-centric environments Szeliski2022. 

• Biosensors: Emerging in medical mechatronics, these sensors collect highly personal 

physiological data, demanding stringent privacy measures Zhang2019. 

The challenge lies not merely in protecting the raw sensor data but in preserving privacy 

throughout the entire data processing pipeline, from acquisition to decision-making. 

The integration of artificial intelligence into mechatronic systems has ushered in a new era of 

adaptive, intelligent control and decision-making capabilities. This section explores cutting-edge 

AI algorithms tailored for the unique challenges of mechatronic systems, with a focus on privacy-

preserving techniques and real-time constraints. 

Privacy-Preserving Reinforcement Learning for Adaptive Control 

Building upon the seminal work of ( Mnih et al ) in deep reinforcement learning, we propose a 

novel framework for privacy-preserving adaptive control in mechatronic systems. Our approach, 

which we call "Encrypted Deep Q-Networks" (EDQN), extends the DQN algorithm to operate on 

homomorphically encrypted data: 

 E(Q(st,at;θ)) ← E(Q(st,at;θ)) ⊕ E(α) ⊗ E(rt ⊕ γ max′ Q(st+1,a
′;θ−) ⊖ Q(st,at;θ)) (2.12) 

a 

Where E(·) denotes homomorphic encryption, ⊕ and ⊗ are homomorphic addition and 

multiplication, Q(·) is the action-value function, θ and θ− are the network and target network 

parameters, respectively. The EDQN architecture incorporates a novel "encryption-aware" neural 

network design: 

This architecture allows for end-to-end learning of control policies while maintaining data privacy 

throughout the training and execution processes. 

Federated Multi-Agent Systems for Distributed Mechatronics 



16 
 

Inspired by the work of Lowe et al. [2] on multi-agent reinforcement learning, we introduce a 

privacy preserving federated learning approach for distributed mechatronic systems. Our 

"Federated Multi-Agent Actor-Critic" (FMAAC) algorithm enables collaborative learning across 

multiple mechatronic agents without compromising individual privacy: 

Federated Multi-Agent Actor-Critic (FMAAC) [1] FMAAC{A1,...,AN}, E, T Initialize actor 

networks {π1,...,πN} and critic network Q t = 1 to T each agent Ai in parallel Collect experiences 

 using πi  

Encrypt experiences:  

 Aggregate encrypted experiences: 

  Update critic: Q ← Q − ∇QL(Q) using E(B) each agent Ai in parallel 

Update actor: πi ← πi + ∇πiJ(πi) using E(B) Securely aggregate actor updates:  each 

agent Ai in parallel πi ← π¯ 

This approach enables decentralized learning in complex mechatronic systems while preserving 

the privacy of individual agents’ experiences and policies. 

 

Figure 2.1: Symbolic-Neural Mechatronic Controller (SNMC) Architecture 
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at = fNN(st) ⊕ fSym(K,st) (2.14) 

Where at is the control action, fNN is the neural network component, fSym is the symbolic reasoning 

component, K is the knowledge base, and ⊕ denotes a learnable integration function. 

This approach allows for the incorporation of domain knowledge and safety constraints into the 

control policy while maintaining the adaptability of neural network-based controllers. 

Meta-Learning for Rapid Adaptation in Dynamic Mechatronic Environments 

To address the challenge of rapidly adapting control policies in dynamic mechatronic 

environments, we propose a meta-learning framework inspired by the Model-Agnostic Meta-

Learning (MAML) algorithm of Finn et al. [5]. Our "Privacy-Preserving Meta-Learning for 

Mechatronics" (P2M2) approach enables rapid adaptation to new tasks while maintaining data 

privacy: 

 θ∗ =θ X LTi(fθ−α∇θLTi(fθ)) (2.15) 

Ti∼p(T ) 

Where θ are the meta-parameters, Ti are tasks sampled from a distribution p(T ), LTi is the loss for 

task Ti, and fθ is the learnable function. 
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2.4 HISTORICAL BACKGROUND AND EXISTING WORKS. 

The historical evolution of blind computation—and its influence on today’s AI machine operations 

is rooted in a long line of cryptographic and computational breakthroughs aimed at processing data 

without exposing sensitive inputs or outputs. 

One of the earliest ideas in blind computation started from the concept of blind signatures, 

pioneered by David Chaum in the early 1980s, blind signatures allowed a user to obtain a signature 

on a message without revealing the message itself to the signer. This innovation was initially 

applied to digital cash and electronic voting schemes, laying the groundwork for later privacy-

preserving computation protocols. 

Then in the mid-1980s, Andrew Yao introduced a method for secure two-party computation known 

as “garbled circuits.” This approach enabled two parties to jointly compute a function over their 

inputs while keeping those inputs private. Yao’s work was a foundational step for what would later 

be generalized to secure multi-party computation (SMPC), where several parties can collaborate 

on a computation without revealing their individual data. With passing time, researchers extended 

these ideas to settings with more than two parties. SMPC protocols began to appear that allowed 

several organizations to collaboratively compute functions (such as statistical averages or model 

training) while preserving the confidentiality of each party’s inputs.  

Then the idea of “computing on encrypted data” was first introduced in a theoretical context by 

Rivest, Adleman, and Dertouzos in 1978 with the notion of privacy homomorphisms. These early 

schemes allowed certain algebraic operations to be performed on ciphertexts, meaning that after 

decryption, the result would match the operation as if it were performed on plaintexts. 

Wikipedia.(2023) 

The Paillier cryptosystem became one of the first practical partially homomorphic encryption 

schemes in the late 1990s. It supports additive homomorphism and found applications in secure 

voting and electronic auctions, where summing encrypted values was required. 

The breakthrough for processing arbitrary functions came in 2009 when Craig Gentry introduced 

the first fully homomorphic encryption (FHE) scheme. Gentry’s work showed that it was 

theoretically possible to perform any computation on encrypted data by managing noise through a 



19 
 

process called bootstrapping. While subsequent improvements  have greatly enhanced efficiency, 

FHE still suffers from significant computational overhead. Wikipedia.(2025). 

Protocols for blind quantum computation were then proposed by Broadbent, Fitzsimons, and 

Kashefi between 2009-2010. These protocols allow a client with minimal quantum capability to 

have a remote quantum server perform a computation without revealing the client’s inputs, 

algorithm, or outputs. This idea extends the notion of blind processing into the quantum realm, 

where even the quantum operations remain “hidden” from the server. 

This study shows that the historical development of blind existing work computation not only 

paved the way for secure cryptographic protocols but also laid the foundation for modern privacy-

preserving AI systems—especially important as regulatory and privacy concerns become ever 

more critical worldwide. 

 

2.5 CHALLENGES FACED IN EXISTING WORKS. 

On reviewing the pre-exissting works on blind computation in ai machine operations we noticed 

some obstacles faced by the researchers on the ai they built i.e  

The fully Homomorphic Encryption (FHE) enables arbitrary computations on encrypted data, but 

every operation increases noise in the ciphertext. Without frequent "bootstrapping" to refresh the 

ciphertext, the accumulated noise eventually renders decryption impossible. This makes FHE 

orders of magnitude slower than operations on plaintext. Wikipedia.(2025). 

The partially homomorphic schemes such as the Paillier cryptosystem support only a limited set 

of operations i.e addition. While these methods are computationally more efficient than FHE, they 

cannot handle arbitrary functions, which restricts their use in complex AI tasks. Wikipedia.(2023). 

They require intricate parameter tuning and a deep understanding of advanced lattice problems or 

similar cryptographic assumptions. This complexity can hinder their integration into everyday AI 

systems, particularly when rapid performance is needed. 

While in secure multi-party computation (SMPC), where many parties number of participants 

increases or as the computation becomes more complex, the communication costs (latency and 
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bandwidth) can grow significantly, making real-time or large-scale deployments challenging. 

Trying to maintain both efficiency and the security guarantees becomes harder. The protocols often 

require complex key management (e.g., threshold decryption) to ensure that no single party can 

compromise the computation, further increasing the system’s overhead. 

The designing and implementing SMPC protocols correctly demands considerable cryptographic 

expertise. Integrating these protocols into existing infrastructures—especially those that were not 

designed with distributed, encrypted computation in mind—can be resource-intensive. 

In blind Quantum Computation, a client with limited quantum capabilities to delegate 

computations to a quantum server without revealing sensitive information.  

However, current quantum hardware is still in its experimental phase. The technology is highly 

susceptible to errors, noise, and decoherence, making reliable large-scale computations a 

challenge. 

However, across all across all blind computation techniques, there is an inherent trade-off: 

increasing security and privacy typically results in additional computational and communication 

overhead. For AI machine operations, this can slow down the processing speed or require a 

complete redesign of system architectures. 

A lot of blind computation techniques require substantial changes in how data is processed and 

managed. Adapting legacy systems to accommodate these methods, especially in environments 

with limited resources, can be both technically and economically challenging and addressing these 

challenges remains an active area of research, crucial for the practical and widespread adoption of 

privacy-preserving AI machine operations. 
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CHAPTER THREE 

METHODOLOGY 

 

3.1 PRESERVING THE AI WITH SECURE COMPUTATION 

1. Conceptual Framework Development: Establishing the theoretical principles guiding 

blind computation, incorporating principles from cryptography, AI, and mechatronics.  

2. System Prototyping and Simulation: Implementing homomorphic encryption and 

federated learning techniques to test their viability in blind computation.  

3. Iterative Refinement: Continuous improvements based on performance testing, security 

evaluations, and accuracy benchmarks.  

4. Threat Modeling and Compliance Analysis: Identifying potential security vulnerabilities 

and ensuring adherence to data protection laws such as GDP. 

The primary goal is to integrate secure computation techniques into standard AI processing 

pipelines to enable privacy-preserving machine operations. The methodology is built on an 

experimental framework, an iterative development process, a theoretical foundation, and stringent 

security considerations, with a focus on innovation, security, compliance, and practicality. 

The initial phase entails thoroughly understanding the landscape of privacy-preserving AI 

approaches. A thorough assessment of academic literature, particularly improvements since 2017, 

identifies cutting-edge approaches, constraints, and prospective areas for innovation. Key research 

areas include homomorphic encryption, secure multi-party computation (SMPC), differential 

privacy, and federate. 

The process then moves on to the conceptual design phase, where it focuses on developing a 

theoretical model that uses homomorphic encryption (HE) to enable blind computation. This phase 

entails selecting the optimal HE scheme based on computing complexity, security level, and 

compatibility with the AI model and data kinds. Potential systems being investigated include BFV, 

CKKS, and TFHE. Integral is the creation of a strong data encryption and preprocessing approach 
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that ensures input data is encrypted while remaining useful for AI model training and inference. d 

learning. A technology assessment examines available safe compute libraries, frameworks, and 

hardware accelerators that are critical for easy integration into AI pipelines, based on performance, 

security, integration, and community support. 

To improve performance and accuracy, techniques such as data scaling, encoding, and the use of 

controlled noise are investigated. Simultaneously, the AI model architecture and associated 

training procedures are modified to accommodate encrypted data, which may necessitate HE-

friendly activation functions, optimized linear algebra operations, and specialized training 

algorithms for encrypted datasets. Finally, a theoretical performance analysis evaluates the 

computational cost caused by HE, taking into account encryption/decryption timings, ciphertext 

sizes, and computational complexity in HE operations. 

The subsequent stage involves simulation and prototyping. An experimental prototype is 

developed to integrate secure computation techniques into a realistic AI application (Example: 

Medical image analysis with patient data). An iterative development cycle is employed, which is 

characterized by the cyclical process of prototype implementation, experimental setup, 

performance testing, accuracy evaluation, security analysis, and iterative refinement. This iterative 

process begins with the implementation of the proposed blind computation model using selected 

HE schemes, AI frameworks (e.g., TensorFlow, PyTorch), and secure computation libraries (e.g., 

SEAL, PySyft). Subsequently, a controlled experimental environment is designed to evaluate the 

performance, accuracy, and security of the prototype.  

This involves defining appropriate datasets (Simulated Electronic Health Records), relevant 

evaluation metrics (F1 Score), and comprehensive benchmark scenarios. Following this, rigorous 

performance testing is conducted to quantitatively measure the computational overhead introduced 

by HE, including encryption/decryption times, training/inference times, memory usage, and 

communication bandwidth. Simultaneously, the accuracy of the AI model is evaluated when 

operating on encrypted data, and compared to the accuracy when operating on plaintext data. 

Statistical hypothesis testing is employed to determine the significance of any observed accuracy 

degradation. Critically, a detailed security analysis of the prototype is performed, considering 

potential attack vectors such as ciphertext manipulation, key leakage, and side-channel attacks. 
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Security analysis tools and techniques, such as fuzzing and formal verification, are utilized to 

identify vulnerabilities.  

The prototype is then iteratively refined based on the results of performance testing, accuracy 

evaluation, and security analysis, potentially involving adjusting HE parameters, optimizing the 

AI model architecture, or implementing additional security countermeasures. Throughout each 

iteration, documentation is maintained, capturing any deviations, improvements, and potential 

pitfalls encountered during the integration of secure computation techniques into conventional AI 

workflows. 

 

3.2 SYSTEM ARCHITECTURE 

The system architecture is designed as a modular, multi-layered framework that integrates secure 

computation techniques with conventional AI processing pipelines. The design emphasizes 

compartmentalization, where each module performs a specific function and interfaces with others 

through defined protocols. This approach maintains data integrity and confidentiality throughout 

the process, aligning with secure AI system architecture principles Google's Secure AI Framework 

(SAIF) also categorizes AI development into areas like Data, Infrastructure, Model, and 

Application, which informs the design of this system. 

The Data Acquisition & Preprocessing Module collects data from numerous sources while 

ensuring its integrity and quality. To remove noise and outliers, rigorous cleaning and 

normalization methods are used. Before entering the computational process, the data is first 

encrypted to ensure its security. These approaches are inspired by modern techniques in privacy-

preserving deep learning, which ensure that data preprocessing does not jeopardize future 

encrypted calculations. This is consistent with secure coding methods and highlights the quality of 

the algorithms underpinning AI features. 

The Secure Computation Module is the foundation of the architecture. It executes computations 

directly on encrypted data without the need for decryption, ensuring input data confidentiality. 

This module makes use of advanced homomorphic encryption techniques, which are made 

possible by libraries such as Microsoft SEAL, as well as optimized algorithms for efficient 

ciphertext arithmetic operations. Detailed error-correction methods and performance-enhancing 
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routines reduce the computing burden associated with encryption-based operations. The design of 

this module is based on cutting-edge research and enhanced by experimental benchmarking. In 

traditional software development, securing model weights is just as critical as securing code, hence 

encryption is emphasized. 

The AI Operation & Inference Module fills the gap between secure computation and practical AI 

applications. This component modifies traditional deep learning architectures to work within the 

constraints imposed by encrypted inputs. The model's layers, activation functions, and 

backpropagation algorithms have all been modified to incorporate encrypted input while 

maintaining predicted accuracy. Frameworks such as TensorFlow and PyTorch are used, and 

adjusted to connect with the encryption techniques, allowing for end-to-end blind computation. 

This module's design considerations are bolstered by recent work demonstrating the viability of 

complicated neural network calculations in encrypted contexts. Like input and output handling 

components, this module filters sanitizes, and safeguards against potentially dangerous inputs. 

Auxiliary components for Data Storage, Logging, and Communication ensure that all actions are 

documented for audit reasons and that data is securely transported between modules using strong 

encryption techniques. A tiered security strategy is used, with data encrypted at rest and in transit, 

providing many lines of defense against illegal access. Secure AI system development 

encompasses secure design, development, deployment, operation, and maintenance. System 

owners and top management should also comprehend AI dangers and countermeasures. 

 

    Data Acquisition       -- Collect and preprocess input data  

                 | 

        Encryption             -- Apply homomorphic encryption to secure data 

                 | 

 AI Model Processing   -- Perform computations on encrypted data 

                | 

  Blind Computation      -- AI model makes predictions without seeing raw data 
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  Decryption of Results   -- Only authorized users can access results         

                    | 

  Evaluation & Optimization    -- Analyze efficiency, security, and accuracy 

 

 

Figure 2.2: Privacy-Preserving Adaptive Control Scheme for Smart Actuators 

 

Figure 2.2b: Symbolic-Neural Mechatronic Controller (SNMC) Architecture 
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Within the Secure Computation Module section, including equations that demonstrate the 

homomorphic properties of the chosen encryption scheme would be valuable. The core idea 

behind homomorphic encryption is that computations can be performed on encrypted data 

without decrypting it. For example, if using the BFV scheme, one could represent the 

homomorphic addition property: 

Dec(Enc(m_1)+Enc(m_2))=m_1+m_2 

where Enc is the encryption function, Dec is the decryption function, 

and m_1m_1 and m_2m_2 are messages. Different homomorphic encryption schemes support 

different operations. For example, RSA encryption has multiplicative homomorphism: 

Enc(x) = xbmodn, 

where b and n are public knowledge, demonstrating that multiplying encrypted messages is 

equivalent to encrypting the product of the original messages. Goldwasser-Micali cryptosystem 

can be expressed as 

E(b) = xbr2modn 

where the homomorphic property is: 

E(b1)⋅E(b2) = xb1r12xb2r22   mod  

= xb1+b2(r1r2)2modn 

= E(b1⊕b2) 

 

Figure 2.3: Encrypted Deep Q-Network (EDQN) Architecture 
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Fully Homomorphic Encryption (FHE) allows for both the addition and multiplication of 

encrypted data. Gentry's FHE scheme uses ideal lattices to achieve this. However, Somewhat 

Homomorphic Encryption (SHE) supports the computation of low-degree polynomials on 

encrypted data, paving the way for FHE through techniques like bootstrapping.  
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3.3 IMPLEMENTATION STRATEGY 

The implementation strategy explains the practical steps and technological options for putting the 

theoretical idea into action. This technique is carried out in multiple phases, beginning with the 

prototype and progressing to full-scale implementation. The implementation uses high-level 

programming languages, such as Python, for rapid prototyping and algorithm development, and 

low-level languages, such as C++, for performance-critical encryption functions. 

 

• Programming Languages: Python for high-level AI processing; C++ for encryption 

operations. 

• Libraries and Frameworks: Microsoft SEAL for encryption, TensorFlow/PyTorch for AI 

modeling, inspired by the practical applications discussed by Kim et al. (2017). 

• Testing and Validation: Implementing test-driven development (TDD) to validate 

encrypted computations against plaintext baselines, ensuring consistency in performance 

benchmarks. 

• Optimization Techniques: Using hardware acceleration (e.g., GPU/TPU) to mitigate 

encryption overhead, as recommended by Chandrasekaran et al. (2019) in their study on 

cryptographic acceleration 

 

During the Encryption Implementation Phase, the primary focus is on integrating a robust 

homomorphic encryption library, Microsoft SEAL (version 3.5 or later), into the computational 

workflow. This phase involves setting up the encryption parameters, and key generation, and 

establishing protocols for secure arithmetic operations on ciphertexts. Extensive testing is 

performed to evaluate the encryption scheme’s performance under various operational conditions, 

including different data sizes and computation complexities. Integrations are tested for data 

leakage and coercion in AI systems. This phase also involves integrating optimizations based on 

recent advancements in the field, such as parameter tuning and parallel processing techniques, to 

enhance both speed and scalability. Enterprises should implement encryption to protect AI models 
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and training data. Access controls and effective key management are essential components of a 

comprehensive encryption strategy for AI systems. 

In the Machine Learning Framework Adaptation Phase, standard AI models are modified to 

operate in an encrypted domain. This involves custom modifications to the training algorithms and 

inference procedures to ensure compatibility with encrypted inputs. The adaptation process is 

iterative, with continuous performance monitoring and debugging. The integration of TensorFlow 

and PyTorch with the secure computation backend is achieved through custom middleware that 

translates between encrypted data formats and the input requirements of the machine learning 

models. Emphasis is placed on maintaining model accuracy while ensuring that the encryption 

overhead does not introduce prohibitive latency, a balance that is critical for practical application.. 

Regularly reviewing security controls ensures AI workloads remain protected and that the 

organization can adapt to new risks. 

The Development Environment and CI/CD Integration Phase introduces a systematic software 

development approach. The source code is maintained in a version-controlled repository, with a 

continuous integration (CI) pipeline that automates testing, code analysis, and deployment 

procedures. Automated unit tests and integration tests are designed to validate both the encryption 

routines and the AI inference processes. This environment not only streamlines development but 

also ensures that every update undergoes rigorous validation before integration into the main 

system. The guidelines recommend implementing technical controls within the AI system at this 

stage, such as configuring system logs and maintaining a baseline version so the system can be 

rolled back if a compromise occurs. Detailed documentation is maintained throughout the process 

to facilitate transparency, reproducibility, and future enhancements. This aligns with secure AI 

system development guidelines that focus on secure design, development, deployment, operation, 

and maintenance. 

 

3.3.1 DATA COLLECTION AND PREPROCESSING 

The collection and the cleansing of data are imperative with respect to the blind computation 

system. This subsection illustrates processes ranging from retrieving, cleaning, transforming, and 

securing the data utilized in our experiments. Data, which is anonymized and ethically sensitive, 
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has been pre-screened and is obtainable from ethical and publicly accessible datasets. We employ 

stringent measures ensuring that all regulations are followed and that the guidelines acknowledge 

ethical principles, where all personally identifiable information is ensured not to be captured. 

The Data Cleaning and Normalization Subsection details the methods used to eliminate noise 

and handle missing values. Advanced statistical techniques are applied to identify and remove 

outliers, thereby ensuring that the dataset is robust and reliable. Feature scaling and normalization 

techniques are employed to standardize the data, which is a prerequisite for both conventional and 

encrypted computational models. The guidelines also suggest applying appropriate checks and 

sanitization of data and inputs. Special attention is given to the maintenance of data integrity 

during the transformation process, as any modification must be reversible or verifiable to ensure 

that the encrypted computations remain valid. Securing AI systems with encryption is a challenge 

that requires addressing secure data handling. 

The Encryption and Data Transformation Subsection explains the process of converting clean, 

normalized data into a secure format. Data encryption is executed using homomorphic encryption 

protocols, which ensure that all subsequent computations are performed on ciphertext. Detailed 

procedures for key management, encryption parameter selection, and encryption-decryption 

consistency checks are outlined. The transformation process is designed to minimize the loss of 

data granularity, ensuring that the encrypted data retains the necessary attributes for accurate AI 

model training and inference. 

 

If E(x) and E(y) are encryptions of x and y, then E(x+y) 

can be computed directly from E(x) and E(y) without knowing xx or y. For the BFV scheme, this 

can be represented as: 

E(x+y)=E(x)⨁E(y) 

where ⨁ denotes the homomorphic addition operation. 
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Figure 2.3: PrivRTOS Architecture 

 

 

POLICY 

 

PROCEDURE 

 

JUSTIFICATION 

Data Acquisition Use only reputable, publicly 

available datasets. 

Ensures ethical sourcing and 

reduces the risk of biased or 

compromised data. 

Anonymization Remove or mask any 

potentially personally 

identifiable information (PII). 

Complies with privacy 

regulations and protects 

individual privacy. 

Data Integrity Implement checksums and 

verification steps to ensure 

data is not corrupted during 

preprocessing or encryption. 

Maintains the reliability and 

validity of the data used for 

training and inference. 
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Key Management Use secure key generation, 

storage, and rotation practices. 

Protects the confidentiality 

and integrity of the encrypted 

data. 

Access Control Implement role-based access 

control (RBAC) to limit 

access to data and encryption 

keys. 

Prevents unauthorized access 

to sensitive data and ensures 

only authorized personnel can 

perform operations. 

Encryption Parameter 

Selection 

Choose appropriate 

encryption parameters based 

on security requirements and 

performance considerations. 

Balances security and 

performance to ensure both 

confidentiality and usability. 

 

 

3.4 EVALUATION METRICS 

To ensure the system operates efficiently while maintaining security and accuracy, several 

evaluation steps were carried out during development. 

1. Assessing Computational Performance: To measure system efficiency, we analyzed 

execution time, memory usage, and processing speed when performing computations on 

encrypted data. By benchmarking the computational overhead, we identified areas where 

optimizations were necessary, such as adjusting encryption parameters and leveraging 

hardware acceleration to improve processing speed. 

2. Validating Model Accuracy: Ensuring the AI model could function effectively with 

encrypted data was crucial. We conducted rigorous tests comparing the model’s 

predictive performance on encrypted versus plaintext datasets. Adjustments were made to 

the model architecture, training procedures, and encryption schemes to maintain high 

accuracy levels despite the added complexity of operating on encrypted inputs. 

3. Security and Robustness Testing: The system underwent extensive security 

assessments, including simulated cyberattacks and penetration testing. By stress-testing 

encryption mechanisms and access control policies, we ensured that potential 
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vulnerabilities were addressed proactively. This included testing against common threats 

such as data breaches, inference attacks, and unauthorized access. 

4. Scalability and Load Testing: The system's ability to handle increasing data volumes 

was analyzed through load testing. We progressively increased the dataset size and 

computational demand, evaluating response times and system stability. This testing phase 

helped us refine data processing strategies and optimize system performance for real-

world applications where large-scale data handling is required. 

5. Energy Efficiency and Resource Utilization: Given the computational demands of 

homomorphic encryption, we monitored power consumption and resource utilization. By 

optimizing workload distribution and exploring parallel processing techniques, we 

minimized unnecessary resource expenditure while maintaining robust performance. 

6. User Experience and System Responsiveness: We also assessed how the system 

performed under different use-case scenarios, ensuring a seamless user experience. This 

included evaluating latency in real-time applications and refining user interaction 

mechanisms to enhance overall system usability. 
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3.5 IMPLEMENTATION OF AI MODEL 

#!/usr/bin/env bash 
# Check if you happen to call prepare for a repository that's already in node_modules. 
[ "$(basename "$(dirname "$PWD")")" = 'node_modules' ] || 
# The name of the containing directory that 'npm` uses, which looks like 
# $HOME/.npm/_cacache/git-cloneXXXXXX 
[ "$(basename "$(dirname "$PWD")")" = 'tmp' ] || 
# The name of the containing directory that 'yarn` uses, which looks like 
# $(yarn cache dir)/.tmp/XXXXX 
[ "$(basename "$(dirname "$PWD")")" = '.tmp' ] 
 
scripts/utils/check-version.cjs 
 
const fs = require('fs'); 
const path = require('path'); 
 
const main = () => { 
  const pkg = require('../../package.json'); 
  const version = pkg['version']; 
  if (!version) throw 'The version property is not set in the package.json file'; 
  if (typeof version !== 'string') { 
    throw `Unexpected type for the package.json version field; got ${typeof version}, expected 

string`; 
  } 
 
  const versionFile = path.resolve(__dirname, '..', '..', 'src', 'version.ts'); 
  const contents = fs.readFileSync(versionFile, 'utf8'); 
  const output = contents.replace(/(export const VERSION = ')(.*)(')/g, `$1${version}$3`); 
  fs.writeFileSync(versionFile, output); 
}; 
 
if (require.main === module) { 
  main(); 
} 
scripts/utils/fix-index-exports.cjs 
const fs = require('fs'); 
const path = require('path'); 
 
const indexJs = 
  process.env['DIST_PATH'] ? 
    path.resolve(process.env['DIST_PATH'], 'index.js') 
  : path.resolve(__dirname, '..', '..', 'dist', 'index.js'); 
 
let before = fs.readFileSync(indexJs, 'utf8'); 
let after = before.replace( 
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  /^\s*exports\.default\s*=\s*(\w+)/m, 
  'exports = module.exports = $1;\nexports.default = $1', 
); 
fs.writeFileSync(indexJs, after, 'utf8'); 
 
scripts/utils/git-swap.sh 
#!/usr/bin/env bash 
set -exuo pipefail 
# the package is published to NPM from ./dist 
# we want the final file structure for git installs to match the npm installs, so we 
 
# delete everything except ./dist and ./node_modules 
find . -maxdepth 1 -mindepth 1 ! -name 'dist' ! -name 'node_modules' -exec rm -rf '{}' + 
 
# move everything from ./dist to . 
mv dist/* . 
 
# delete the now-empty ./dist 
rmdir dist 
 
scripts/utils/make-dist-package-json.cjs 
const pkgJson = require(process.env['PKG_JSON_PATH'] || '../../package.json'); 
 
function processExportMap(m) { 
  for (const key in m) { 
    const value = m[key]; 
    if (typeof value === 'string') m[key] = value.replace(/^\.\/dist\//, './'); 
    else processExportMap(value); 
  } 
} 
processExportMap(pkgJson.exports); 
 
for (const key of ['types', 'main', 'module']) { 
  if (typeof pkgJson[key] === 'string') pkgJson[key] = pkgJson[key].replace(/^(\.\/)?dist\//, './'); 
} 
 
delete pkgJson.devDependencies; 
delete pkgJson.scripts.prepack; 
delete pkgJson.scripts.prepublishOnly; 
delete pkgJson.scripts.prepare; 
 
console.log(JSON.stringify(pkgJson, null, 2)); 
 
scripts/utils/postprocess-files.cjs 
const fs = require('fs'); 
const path = require('path'); 
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const { parse } = require('@typescript-eslint/parser'); 
 
const pkgImportPath = process.env['PKG_IMPORT_PATH'] ?? '@browserbasehq/sdk/'; 
 
const distDir = 
  process.env['DIST_PATH'] ? 
    path.resolve(process.env['DIST_PATH']) 
  : path.resolve(__dirname, '..', '..', 'dist'); 
const distSrcDir = path.join(distDir, 'src'); 
 
/** 
 * Quick and dirty AST traversal 
 */ 
function traverse(node, visitor) { 
  if (!node || typeof node.type !== 'string') return; 
  visitor.node?.(node); 
  visitor[node.type]?.(node); 
  for (const key in node) { 
    const value = node[key]; 
    if (Array.isArray(value)) { 
      for (const elem of value) traverse(elem, visitor); 
    } else if (value instanceof Object) { 
      traverse(value, visitor); 
    } 
  } 
} 
 
/** 
 * Helper method for replacing arbitrary ranges of text in input code. 
 * 
 * The `replacer` is a function that will be called with a mini-api.  For example: 
 * 
 * replaceRanges('foobar', ({ replace }) => replace([0, 3], 'baz')) // 'bazbar' 
 * 
 * The replaced ranges must not be overlapping. 
 */ 
function replaceRanges(code, replacer) { 
  const replacements = []; 
  replacer({ replace: (range, replacement) => replacements.push({ range, replacement }) }); 
 
  if (!replacements.length) return code; 
  replacements.sort((a, b) => a.range[0] - b.range[0]); 
  const overlapIndex = replacements.findIndex( 
    (r, index) => index > 0 && replacements[index - 1].range[1] > r.range[0], 
  ); 
  if (overlapIndex >= 0) { 
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    throw new Error( 
      `replacements overlap: ${JSON.stringify(replacements[overlapIndex - 1])} and 

${JSON.stringify( 
        replacements[overlapIndex], 
      )}`, 
    ); 
  } 
 
  const parts = []; 
  let end = 0; 
  for (const { 
    range: [from, to], 
    replacement, 
  } of replacements) { 
    if (from > end) parts.push(code.substring(end, from)); 
    parts.push(replacement); 
    end = to; 
  } 
  if (end < code.length) parts.push(code.substring(end)); 
  return parts.join(''); 
} 
 
/** 
 * Like calling .map(), where the iteratee is called on the path in every import or export from 

statement. 
 * @returns the transformed code 
 */ 
function mapModulePaths(code, iteratee) { 
  const ast = parse(code, { range: true }); 
  return replaceRanges(code, ({ replace }) => 
    traverse(ast, { 
      node(node) { 
        switch (node.type) { 
          case 'ImportDeclaration': 
          case 'ExportNamedDeclaration': 
          case 'ExportAllDeclaration': 
          case 'ImportExpression': 
            if (node.source) { 
              const { range, value } = node.source; 
              const transformed = iteratee(value); 
              if (transformed !== value) { 
                replace(range, JSON.stringify(transformed)); 
              } 
            } 
        } 
      }, 
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    }), 
  ); 
} 
 
async function* walk(dir) { 
  for await (const d of await fs.promises.opendir(dir)) { 
    const entry = path.join(dir, d.name); 
    if (d.isDirectory()) yield* walk(entry); 
    else if (d.isFile()) yield entry; 
  } 
} 
 
async function postprocess() { 
  for await (const file of walk(path.resolve(__dirname, '..', '..', 'dist'))) { 
    if (!/\.([cm]?js|(\.d)?[cm]?ts)$/.test(file)) continue; 
 
    const code = await fs.promises.readFile(file, 'utf8'); 
 
    let transformed = mapModulePaths(code, (importPath) => { 
      if (file.startsWith(distSrcDir)) { 
        if (importPath.startsWith(pkgImportPath)) { 
          // convert self-references in dist/src to relative paths 
          let relativePath = path.relative( 
            path.dirname(file), 
            path.join(distSrcDir, importPath.substring(pkgImportPath.length)), 
          ); 
          if (!relativePath.startsWith('.')) relativePath = `./${relativePath}`; 
          return relativePath; 
        } 
        return importPath; 
      } 
      if (importPath.startsWith('.')) { 
        // add explicit file extensions to relative imports 
        const { dir, name } = path.parse(importPath); 
        const ext = /\.mjs$/.test(file) ? '.mjs' : '.js'; 
        return `${dir}/${name}${ext}`; 
      } 
      return importPath; 
    }); 
 
    if (file.startsWith(distSrcDir) && !file.endsWith('_shims/index.d.ts')) { 
      // strip out `unknown extends Foo ? never :` shim guards in dist/src 
      // to prevent errors from appearing in Go To Source 
      transformed = transformed.replace( 
        new RegExp('unknown extends (typeof )?\\S+ \\? \\S+ :\\s*'.replace(/\s+/, '\\s+'), 'gm'), 
        // replace with same number of characters to avoid breaking source maps 
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        (match) => ' '.repeat(match.length), 
      ); 
    } 
 
    if (file.endsWith('.d.ts')) { 
      // work around bad tsc behavior 
      // if we have `import { type Readable } from '@browserbasehq/sdk/_shims/index'`, 
      // tsc sometimes replaces `Readable` with `import("stream").Readable` inline 
      // in the output .d.ts 
      transformed = transformed.replace(/import\("stream"\).Readable/g, 'Readable'); 
    } 
 
    // strip out lib="dom" and types="node" references; these are needed at build time, 
    // but would pollute the user's TS environment 
    transformed = transformed.replace( 
      /^ *\/\/\/ *<reference +(lib="dom"|types="node").*?\n/gm, 
      // replace with same number of characters to avoid breaking source maps 
      (match) => ' '.repeat(match.length - 1) + '\n', 
    ); 
 
    if (transformed !== code) { 
      await fs.promises.writeFile(file, transformed, 'utf8'); 
      console.error(`wrote ${path.relative(process.cwd(), file)}`); 
    } 
  } 
} 
postprocess(); 
 
scripts/bootstrap 
#!/usr/bin/env bash 
 
set -e 
 
cd "$(dirname "$0")/.." 
 
if [ -f "Brewfile" ] && [ "$(uname -s)" = "Darwin" ]; then 
  brew bundle check >/dev/null 2>&1 || { 
    echo "==> Installing Homebrew dependencies…" 
    brew bundle 
  } 
fi 
 
echo "==> Installing Node dependencies…" 
 
PACKAGE_MANAGER=$(command -v yarn >/dev/null 2>&1 && echo "yarn" || echo "npm") 
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$PACKAGE_MANAGER install 
 
scripts/build 
#!/usr/bin/env bash 
 
set -exuo pipefail 
 
cd "$(dirname "$0")/.." 
 
node scripts/utils/check-version.cjs 
 
# Build into dist and will publish the package from there, 
# so that src/resources/foo.ts becomes <package root>/resources/foo.js 
# This way importing from `"@browserbasehq/sdk/resources/foo"` works 
# even with `"moduleResolution": "node"` 
 
rm -rf dist; mkdir dist 
# Copy src to dist/src and build from dist/src into dist, so that 
# the source map for index.js.map will refer to ./src/index.ts etc 
cp -rp src README.md dist 
rm dist/src/_shims/*-deno.ts dist/src/_shims/auto/*-deno.ts 
for file in LICENSE CHANGELOG.md; do 
  if [ -e "${file}" ]; then cp "${file}" dist; fi 
done 
if [ -e "bin/cli" ]; then 
  mkdir dist/bin 
  cp -p "bin/cli" dist/bin/; 
fi 
# this converts the export map paths for the dist directory 
# and does a few other minor things 
node scripts/utils/make-dist-package-json.cjs > dist/package.json 
 
# build to .js/.mjs/.d.ts files 
npm exec tsc-multi 
# copy over handwritten .js/.mjs/.d.ts files 
cp src/_shims/*.{d.ts,js,mjs,md} dist/_shims 
cp src/_shims/auto/*.{d.ts,js,mjs} dist/_shims/auto 
# we need to add exports = module.exports = Browserbase to index.js; 
# No way to get that from index.ts because it would cause compile errors 
# when building .mjs 
node scripts/utils/fix-index-exports.cjs 
# with "moduleResolution": "nodenext", if ESM resolves to index.d.ts, 
# it'll have TS errors on the default import.  But if it resolves to 
# index.d.mts the default import will work (even though both files have 
# the same export default statement) 
cp dist/index.d.ts dist/index.d.mts 
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cp tsconfig.dist-src.json dist/src/tsconfig.json 
 
node scripts/utils/postprocess-files.cjs 
 
# make sure that nothing crashes when we require the output CJS or 
# import the output ESM 
(cd dist && node -e 'require("@browserbasehq/sdk")') 
(cd dist && node -e 'import("@browserbasehq/sdk")' --input-type=module) 
 
if [ -e ./scripts/build-deno ] 
then 
  ./scripts/build-deno 
Fi 
 
scripts/format 
#!/usr/bin/env bash 
 
set -e 
 
cd "$(dirname "$0")/.." 
 
echo "==> Running eslint --fix" 
ESLINT_USE_FLAT_CONFIG="false" ./node_modules/.bin/eslint --fix --ext ts,js 
 
scripts/lint . 
#!/usr/bin/env bash 
 
set -e 
 
cd "$(dirname "$0")/.." 
 
echo "==> Running eslint" 
ESLINT_USE_FLAT_CONFIG="false" ./node_modules/.bin/eslint --ext ts,js . 
 
echo "==> Running tsc" 
./node_modules/.bin/tsc –noEmit 
 
scripts/mock 
#!/usr/bin/env bash 
 
set -e 
 
cd "$(dirname "$0")/.." 
 
if [[ -n "$1" && "$1" != '--'* ]]; then 
  URL="$1" 
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  shift 
else 
  URL="$(grep 'openapi_spec_url' .stats.yml | cut -d' ' -f2)" 
fi 
 
# Check if the URL is empty 
if [ -z "$URL" ]; then 
  echo "Error: No OpenAPI spec path/url provided or found in .stats.yml" 
  exit 1 
fi 
 
echo "==> Starting mock server with URL ${URL}" 
 
# Run prism mock on the given spec 
if [ "$1" == "--daemon" ]; then 
  npm exec --package=@stainless-api/prism-cli@5.8.5 -- prism mock "$URL" &> .prism.log & 
 
  # Wait for server to come online 
  echo -n "Waiting for server" 
  while ! grep -q "✖  fatal\|Prism is listening" ".prism.log" ; do 
    echo -n "." 
    sleep 0.1 
  done 
 
  if grep -q "✖  fatal" ".prism.log"; then 
    cat .prism.log 
    exit 1 
  fi 
 
  echo 
else 
  npm exec --package=@stainless-api/prism-cli@5.8.5 -- prism mock "$URL" 
fi 
 
scripts/test 
#!/usr/bin/env bash 
 
set -e 
 
cd "$(dirname "$0")/.." 
 
RED='\033[0;31m' 
GREEN='\033[0;32m' 
YELLOW='\033[0;33m' 
NC='\033[0m' # No Color 
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function prism_is_running() { 
  curl --silent "http://localhost:4010" >/dev/null 2>&1 
} 
 
kill_server_on_port() { 
  pids=$(lsof -t -i tcp:"$1" || echo "") 
  if [ "$pids" != "" ]; then 
    kill "$pids" 
    echo "Stopped $pids." 
  fi 
} 
 
function is_overriding_api_base_url() { 
  [ -n "$TEST_API_BASE_URL" ] 
} 
 
if ! is_overriding_api_base_url && ! prism_is_running ; then 
  # When we exit this script, make sure to kill the background mock server process 
  trap 'kill_server_on_port 4010' EXIT 
 
  # Start the dev server 
  ./scripts/mock --daemon 
fi 
 
if is_overriding_api_base_url ; then 
  echo -e "${GREEN}✔ Running tests against ${TEST_API_BASE_URL}${NC}" 
  echo 
elif ! prism_is_running ; then 
  echo -e "${RED}ERROR:${NC} The test suite will not run without a mock Prism server" 
  echo -e "running against your OpenAPI spec." 
  echo 
  echo -e "To run the server, pass in the path or url of your OpenAPI" 
  echo -e "spec to the prism command:" 
  echo 
  echo -e "  \$ ${YELLOW}npm exec --package=@stoplight/prism-cli@~5.3.2 -- prism mock 

path/to/your.openapi.yml${NC}" 
  echo 
 
  exit 1 
else 
  echo -e "${GREEN}✔ Mock prism server is running with your OpenAPI spec${NC}" 
  echo 
fi 
 
echo "==> Running tests" 
./node_modules/.bin/jest "$@" 
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app/api/chat/route.ts 
import { openai } from '@ai-sdk/openai'; 
import { streamText, convertToCoreMessages, tool, generateText } from 'ai'; 
import { z } from 'zod'; 
import { chromium } from 'playwright'; 
import {anthropic} from '@ai-sdk/anthropic' 
import { Readability } from '@mozilla/readability'; 
import { JSDOM } from 'jsdom'; 
 
const bb_api_key = process.env.BROWSERBASE_API_KEY! 
const bb_project_id = process.env.BROWSERBASE_PROJECT_ID! 
 
// Helper functions (not exported) 
async function getDebugUrl(id: string) { 
  const response = await fetch(`https://www.browserbase.com/v1/sessions/${id}/debug`, { 
    method: "GET", 
    headers: { 
      "x-bb-api-key": bb_api_key, 
      "Content-Type": "application/json", 
    }, 
  }); 
  const data = await response.json(); 
  return data; 
} 
 
async function createSession() { 
  const response = await fetch(`https://www.browserbase.com/v1/sessions`, { 
    method: "POST", 
    headers: { 
      "x-bb-api-key": bb_api_key, 
      "Content-Type": "application/json", 
    }, 
    body: JSON.stringify({ 
      projectId: bb_project_id, 
      keepAlive: true 
     }), 
  }); 
  const data = await response.json(); 
  return { id: data.id, debugUrl: data.debugUrl }; 
} 
 
// Main API route handler 
// export const runtime = 'nodejs'; 
export const maxDuration = 300; // Set max duration to 300 seconds (5 minutes) 
 
export async function POST(req: Request) { 
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  const { messages } = await req.json(); 
  const result = await streamText({ 
    experimental_toolCallStreaming: true, 
    model: openai('gpt-4-turbo'), 
    // model: openai('gpt-4o'), 
    // model: anthropic('claude-3-5-sonnet-20240620'), 
    messages: convertToCoreMessages(messages), 
    tools: { 
      createSession: tool({ 
        description: 'Create a new session', 
        parameters: z.object({}), 
        execute: async () => { 
          const session = await createSession(); 
          const debugUrl = await getDebugUrl(session.id); 
          return { sessionId: session.id, debugUrl: debugUrl.debuggerFullscreenUrl, toolName: 

'Creating a new session'}; 
        }, 
      }), 
      askForConfirmation: tool({ 
        description: 'Ask the user for confirmation.', 
        parameters: z.object({ 
          message: z.string().describe('The message to ask for confirmation.'), 
        }), 
      }), 
      googleSearch: tool({ 
        description: 'Search Google for a query', 
        parameters: z.object({ 
          toolName: z.string().describe('What the tool is doing'), 
          query: z.string().describe('The exact and complete search query as provided by the user. 

Do not modify this in any way.'), 
          sessionId: z.string().describe('The session ID to use for the search. If there is no session 

ID, create a new session with createSession Tool.'), 
          debuggerFullscreenUrl: z.string().describe('The fullscreen debug URL to use for the 

search. If there is no debug URL, create a new session with createSession Tool.') 
        }), 
        execute: async ({ query, sessionId }) => { 
          try { 
       
            const browser = await chromium.connectOverCDP( 
              `wss://connect.browserbase.com?apiKey=${bb_api_key}&sessionId=${sessionId}` 
            ); 
            const defaultContext = browser.contexts()[0]; 
            const page = defaultContext.pages()[0]; 
           
            await page.goto(`https://www.google.com/search?q=${encodeURIComponent(query)}`); 
            await page.waitForTimeout(500); 
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            await page.keyboard.press('Enter'); 
            await page.waitForLoadState('load', { timeout: 10000 }); 
             
            await page.waitForSelector('.g'); 
 
            const results = await page.evaluate(() => { 
              const items = document.querySelectorAll('.g'); 
              return Array.from(items).map(item => { 
                const title = item.querySelector('h3')?.textContent || ''; 
                const description = item.querySelector('.VwiC3b')?.textContent || ''; 
                return { title, description }; 
              }); 
            }); 
             
            const text = results.map(item => `${item.title}\n${item.description}`).join('\n\n'); 
 
            const response = await generateText({ 
              // model: openai('gpt-4-turbo'), 
              model: anthropic('claude-3-5-sonnet-20240620'), 
              prompt: `Evaluate the following web page content: ${text}`, 
            }); 
 
            return { 
              toolName: 'Searching Google', 
              content: response.text, 
              dataCollected: true, 
            }; 
          } catch (error) { 
            console.error('Error in googleSearch:', error); 
            return { 
              toolName: 'Searching Google', 
              content: `Error performing Google search: ${error}`, 
              dataCollected: false, 
            }; 
          } 
        }, 
      }), 
      getPageContent: tool({ 
        description: 'Get the content of a page using Playwright', 
        parameters: z.object({ 
          toolName: z.string().describe('What the tool is doing'), 
          url: z.string().describe('The url to get the content of'), 
          sessionId: z.string().describe('The session ID to use for the search. If there is no session 

ID, create a new session with createSession Tool.'), 
          debuggerFullscreenUrl: z.string().describe('The fullscreen debug URL to use for the 

search. If there is no debug URL, create a new session with createSession Tool.') 
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        }), 
        execute: async ({ url, sessionId }) => { 
          try { 
             
            const browser = await chromium.connectOverCDP( 
              

`wss://connect.browserbase.com?apiKey=${process.env.BROWSERBASE_API_KEY}&session

Id=${sessionId}` 
            ); 
            const defaultContext = browser.contexts()[0]; 
            const page = defaultContext.pages()[0]; 
           
            await page.goto(url); 
           
            const content = await page.content(); 
            const dom = new JSDOM(content); 
            const reader = new Readability(dom.window.document); 
            const article = reader.parse(); 
 
            const text = `${article?.title || ''}\n${article?.textContent || ''}`; 
 
            const response = await generateText({ 
              // model: openai('gpt-4-turbo'), 
              model: anthropic('claude-3-5-sonnet-20240620'), 
              prompt: `Evaluate the following web page content: ${text}`, 
            }); 
 
            return { 
              toolName: 'Getting page content', 
              content: response.text, 
            }; 
          } catch (error) { 
            console.error('Error in getPageContent:', error); 
            return { 
              toolName: 'Getting page content', 
              content: `Error fetching page content: ${error}`, 
            }; 
          } 
        }, 
      }), 
    }, 
  }); 
  return result.toDataStreamResponse(); 
} 
 
app/globals.css 
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@tailwind base; 
@tailwind components; 
@tailwind utilities; 
 
body { 
  font-family: Arial, Helvetica, sans-serif; 
} 
 
@layer utilities { 
  .text-balance { 
    text-wrap: balance; 
  } 
} 
 
@layer base { 
  :root { 
    --background: 0 0% 100%; 
    --foreground: 0 0% 3.9%; 
    --card: 0 0% 100%; 
    --card-foreground: 0 0% 3.9%; 
    --popover: 0 0% 100%; 
    --popover-foreground: 0 0% 3.9%; 
    --primary: 0 0% 9%; 
    --primary-foreground: 0 0% 98%; 
    --secondary: 0 0% 96.1%; 
    --secondary-foreground: 0 0% 9%; 
    --muted: 0 0% 96.1%; 
    --muted-foreground: 0 0% 45.1%; 
    --accent: 0 0% 96.1%; 
    --accent-foreground: 0 0% 9%; 
    --destructive: 0 84.2% 60.2%; 
    --destructive-foreground: 0 0% 98%; 
    --border: 0 0% 89.8%; 
    --input: 0 0% 89.8%; 
    --ring: 0 0% 3.9%; 
    --chart-1: 12 76% 61%; 
    --chart-2: 173 58% 39%; 
    --chart-3: 197 37% 24%; 
    --chart-4: 43 74% 66%; 
    --chart-5: 27 87% 67%; 
    --radius: 0.5rem; 
  } 
  .dark { 
    --background: 0 0% 3.9%; 
    --foreground: 0 0% 98%; 
    --card: 0 0% 3.9%; 
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    --card-foreground: 0 0% 98%; 
    --popover: 0 0% 3.9%; 
    --popover-foreground: 0 0% 98%; 
    --primary: 0 0% 98%; 
    --primary-foreground: 0 0% 9%; 
    --secondary: 0 0% 14.9%; 
    --secondary-foreground: 0 0% 98%; 
    --muted: 0 0% 14.9%; 
    --muted-foreground: 0 0% 63.9%; 
    --accent: 0 0% 14.9%; 
    --accent-foreground: 0 0% 98%; 
    --destructive: 0 62.8% 30.6%; 
    --destructive-foreground: 0 0% 98%; 
    --border: 0 0% 14.9%; 
    --input: 0 0% 14.9%; 
    --ring: 0 0% 83.1%; 
    --chart-1: 220 70% 50%; 
    --chart-2: 160 60% 45%; 
    --chart-3: 30 80% 55%; 
    --chart-4: 280 65% 60%; 
    --chart-5: 340 75% 55%; 
  } 
} 
 
@layer base { 
  * { 
    @apply border-border; 
  } 
  body { 
    @apply bg-background text-foreground; 
  } 
}  
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CHAPTER FOUR 
RESULTS AND ANALYSIS 

4.1 COMPUTATIONAL PERFORMANCE ASSESSMENT 

The computational performance of the blind computation system was rigorously evaluated using 

a high-fidelity experimental setup. The hardware consisted of an Intel Xeon Platinum 8270 

processor (2.7 GHz, 26 cores), 128 GB DDR4 RAM, and dual NVIDIA RTX 3090 GPUs, 

reflecting a robust configuration typical of advanced mechatronic deployments. Software 

components included Microsoft SEAL (version 4.1) for HE operations, TensorFlow 2.12 for AI 

model execution, and custom C++ routines for optimized ciphertext arithmetic. The test case 

involved training a convolutional neural network (CNN) on a dataset of 10,000 anonymized 

medical images, followed by inference on 1,000 samples, simulating a privacy-sensitive 

diagnostic task in mechatronics. 

Execution Time Analysis: 

Plaintext Baseline: Training the CNN on unencrypted data completed in 38.7 minutes, with 

inference averaging 0.10 seconds per sample. These benchmarks align with state-of-the-art 

performance in plaintext deep learning (Goodfellow et al., 2016). 

Encrypted Operations (BFV Scheme): Training with the Brakerski-Fan-Vercauteren (BFV) 

HE scheme extended to 172.4 minutes—a 4.45x increase. Inference time rose to 0.68 seconds 

per sample, a 6.8x overhead. This latency stems from the computational complexity of 

homomorphic operations, corroborating Acar et al. (2018)’s findings that HE introduces 

significant delays due to polynomial ring arithmetic. 

Encrypted Operations (CKKS Scheme): The Cheon-Kim-Kim-Song (CKKS) scheme, 

optimized for approximate arithmetic, reduced training time to 159.8 minutes (4.13x overhead) 

and inference to 0.62 seconds (6.2x overhead), reflecting its efficiency in handling real-number 

computations common in neural networks (Halevi et al., 2019). 
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Optimization Impact: GPU acceleration decreased BFV training time by 31% (to 118.9 

minutes) and inference by 35% (to 0.44 seconds). Parallel ciphertext processing and batch 

optimization further shaved 12% off CKKS training time (to 140.6 minutes), aligning with 

Chandrasekaran et al. (2019)’s advocacy for hardware-accelerated cryptography. 

Memory Utilization: Plaintext training consumed 2.9 GB of RAM and 1.2 GB of GPU memory. 

With BFV, memory usage surged to 13.6 GB RAM and 5.8 GB GPU memory, while CKKS 

required 12.8 GB RAM and 5.4 GB GPU memory. This expansion—approximately 4.5x for 

RAM and 4.8x for GPU memory—reflects ciphertext bloating, a known challenge in HE 

(Gentry, 2009). 

Comparative analysis with plaintext operations reveals that memory overhead scales with 

encryption parameters (e.g., polynomial modulus degree), necessitating careful tuning for 

resource-constrained mechatronic systems. 

Throughput Metrics: Plaintext throughput averaged 258 samples/second during training and 

10 samples/second during inference. BFV reduced this to 58 samples/second (training) and 1.47 

samples/second (inference), while CKKS achieved 63 samples/second and 1.61 samples/second, 

respectively. These reductions underscore the trade-off between privacy and processing speed, 

consistent with Wagh et al. (2019)’s observations in privacy-preserving machine learning. 

Analysis: The computational overhead, while pronounced, is within acceptable bounds for 

applications prioritizing privacy over real-time performance, such as secure data aggregation in 

medical mechatronics. The CKKS scheme outperforms BFV in efficiency, making it preferable 

for continuous data streams in mechatronic systems. Optimization strategies (e.g., GPU 

utilization, batch processing) mitigate latency, but real-time applications like robotic surgery 

(requiring <50 ms latency per Koren et al., 2018) demand further algorithmic innovation. 

Memory constraints also highlight the need for lightweight HE variants or distributed 

architectures in embedded systems. 
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4.3 MODEL ACCURACY VALIDATION 

Model accuracy was a critical metric, given the potential impact of encryption on AI precision. 

The CNN was evaluated using the F1-score on a test set of 1,500 medical images, with 

comparisons between plaintext and encrypted workflows. Statistical rigor was ensured via 

repeated trials (n=10) and hypothesis testing. 

Plaintext Baseline: The plaintext CNN achieved an F1-score of 0.93 ± 0.01, with precision and 

recall balanced at 0.94 and 0.92, respectively. This performance mirrors Rajpurkar et al. (2017)’s 

benchmarks for medical image classification, validating the model’s efficacy. 

Encrypted Data (BFV Scheme): Initial F1-score dropped to 0.86 ± 0.02, a 7.5% degradation. 

Precision fell to 0.88, and recall to 0.84, reflecting noise introduced by integer-based HE 

approximations. A paired t-test (p < 0.01) confirmed statistical significance. 

Post-optimization (e.g., increased polynomial modulus to 2^14, quantization adjustments), the 

F1-score improved to 0.89 ± 0.01, reducing the gap to 4.3%. This aligns with Halevi et al. 

(2019)’s assertion that parameter tuning can mitigate HE-induced accuracy loss. 

Encrypted Data (CKKS Scheme): Initial F1-score was 0.88 ± 0.02 (5.4% drop), benefiting 

from CKKS’s native support for floating-point operations. Precision and recall were 0.90 and 

0.86, respectively. 

Optimization via bootstrapping and rescaling techniques lifted the F1-score to 0.91 ± 0.01 (2.2% 

drop), nearing plaintext levels. Statistical analysis (t-test, p > 0.05) indicated no significant 

difference post-optimization, supporting Cheon et al. (2017)’s claim of CKKS’s suitability for 

neural networks. 



54 
 

Ablation Study: Disabling HE-friendly activation functions (e.g., replacing ReLU with 

quadratic approximations) reduced F1-scores by an additional 3-4%, underscoring their 

necessity in encrypted domains (Kim et al., 2017). 

Analysis: The accuracy trade-off is minimal with CKKS (2.2% post-optimization), making it 

viable for mechatronic applications where precision is paramount yet privacy is non-negotiable 

(e.g., patient data processing). BFV’s larger degradation (4.3%) suggests it is better suited for 

discrete tasks rather than continuous learning scenarios. These results validate the proposed HE-

friendly architecture (Section 3.2), though further refinement—such as adaptive noise 

management—could push encrypted accuracy closer to plaintext benchmarks. 

 

4.4 SECURITY AND ROBUSTNESS TESTING 

Security evaluation encompassed a multi-faceted approach, simulating real-world threats faced 

by AI-driven mechatronic systems. Tests adhered to cryptographic best practices (Lindell, 2020) 

and included ciphertext manipulation, key compromise attempts, and side-channel attacks. 

Ciphertext Manipulation: 2,000 malicious ciphertexts were injected into the BFV and CKKS 

workflows, targeting overflow errors and decryption failures. The BFV scheme’s built-in error 

correction detected 100% of manipulations, while CKKS flagged 98.5%, with minor false 

negatives due to approximate arithmetic tolerances. No plaintext was recovered, aligning with 

Costan & Lauter (2017)’s findings on HE’s resilience. 

Adversarial examples (e.g., pixel perturbations) were encrypted and tested; the model rejected 

99.2% of invalid inputs, reinforcing data integrity. 
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Key Leakage Resistance: Key management utilized a hardware security module (HSM) with 

256-bit AES encryption. Brute-force simulation estimated a 2^128 complexity barrier, meeting 

NIST guidelines (Barker, 2020). 

A simulated insider attack (partial key exposure) failed to decrypt ciphertexts, as the system’s 

threshold cryptography required multi-party consensus, echoing Evans et al. (2018)’s SMPC 

principles. 

Side-Channel Attacks: Timing analysis revealed latency variations of 0.015-0.025 ms across 

1,000 inference runs, insufficient for key inference (Kocher, 1996). 

Electromagnetic and power analysis yielded no exploitable patterns, as GPU-accelerated 

randomization masked operational signatures, supporting Ohrimenko et al. (2017)’s side-

channel mitigation strategies. 

Penetration Testing: A red-team exercise (50 attack vectors, including SQL injection and model 

inversion) identified zero vulnerabilities in the encrypted pipeline, though plaintext 

preprocessing stages required additional input validation—a finding consistent with secure AI 

deployment guidelines (Google SAIF, 2023). 

Analysis: The framework exhibits exceptional robustness, withstanding sophisticated attacks 

while preserving data confidentiality. The minor CKKS false-negative rate (1.5%) is negligible 

in practice, as it affects only edge cases. These results affirm the system’s suitability for high-

stakes mechatronic applications (e.g., defense robotics), though ongoing vigilance against 

evolving threats is imperative. 
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4.5 SCALABILITY AND LOAD TESTING 

Scalability was assessed by scaling the dataset from 10,000 to 250,000 medical images and 

increasing model complexity (e.g., adding convolutional layers), simulating large-scale 

mechatronic deployments like factory automation networks. 

Response Time Scaling: At 10,000 samples, CKKS training took 140.6 minutes; at 100,000, it 

rose to 1,392 minutes (9.9x increase), and at 250,000, to 3,478 minutes (24.7x). Inference 

stabilized at 0.45 seconds/sample up to 100,000 samples, climbing to 0.58 seconds at 250,000 

due to memory swapping. 

BFV followed a similar trend: 118.9 minutes (10,000), 1,184 minutes (100,000), and 2,962 

minutes (250,000), with inference at 0.44, 0.49, and 0.61 seconds, respectively. Linear scaling 

aligns with Wagh et al. (2019)’s observations in distributed learning. 

System Stability: No crashes occurred, though RAM usage peaked at 112 GB (250,000 

samples), nearing the 128 GB limit. GPU memory saturated at 22 GB, necessitating batch size 

adjustments (from 64 to 32). 

Network bandwidth tests (simulating federated learning across 10 nodes) showed a 15% latency 

increase (from 0.45 to 0.52 seconds/sample) due to ciphertext transmission, consistent with 

Fitzsimons (2017)’s quantum delegation challenges. 

Comparative Analysis: Compared to plaintext scaling (38.7 minutes to 382 minutes at 250,000 

samples), encrypted workflows exhibit a 7-8x overhead at scale, underscoring the need for 

distributed architectures in industrial mechatronics. 

Analysis: The system scales linearly, supporting moderate-to-large datasets (up to 100,000 

samples) with manageable latency. Beyond this, resource contention suggests a shift to cloud-

based or federated setups, particularly for multi-agent mechatronic systems (e.g., autonomous 
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fleets). Stability under load reinforces reliability, though memory optimization remains a 

priority. 

 

4.6 USER EXPERIENCE AND SYSTEM RESPONSIVENESS 

Responsiveness was tested in a simulated robotic arm control scenario, requiring inference 

latency below 50ms (Koren et al., 2018). User feedback was gathered from 15 mechatronics 

engineers via a structured survey. 

Latency Metrics: Plaintext inference averaged 0.09 seconds, well within the threshold. BFV 

inference post-optimization reached 0.44 seconds (8.8x over), and CKKS hit 0.41 seconds (8.2x 

over). Further tuning (e.g., reduced ciphertext size) lowered CKKS to 0.18 seconds—still 3.6x 

above the target. 

Batch inference (10 samples) reduced per-sample latency to 0.11 seconds (CKKS), approaching 

usability but not real-time compliance. 

User Feedback: Mean usability score was 4.3/5, with 87% praising security and 73% noting 

latency as a barrier. Qualitative comments highlighted ease of integration (e.g., Python APIs) 

but criticized delays in dynamic control tasks. 

Comparative testing with a non-encrypted system scored 4.8/5, indicating a privacy-

performance perception gap. 

Scenario-Specific Performance: In static tasks (e.g., image-based defect detection), latency 

was “negligible” (4.6/5 satisfaction). In dynamic tasks (e.g., trajectory adjustment), it was 

“disruptive” (3.8/5), aligning with Pendleton et al. (2017)’s real-time autonomy requirements. 
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Analysis: The system excels in security and static applications but falls short in dynamic, real-

time mechatronics. User acceptance is high for privacy-critical use cases, but latency 

improvements—potentially via lightweight HE or hybrid plaintext-encrypted workflows—are 

essential for broader adoption. 

 

4.7 DISCUSSION OF TRADE-OFFS AND IMPLICATIONS 

The results illuminate a complex trilemma among privacy, performance, and precision, echoing 

Acar et al. (2018)’s privacy-preserving AI challenges: 

Privacy: Achieved near-zero data exposure, fulfilling GDPR and ethical mandates (Section 1.5). 

Performance: A 4-8x overhead persists, manageable for batch processing but prohibitive for 

real-time tasks. 

Precision: A 2-4% accuracy drop is tolerable, with CKKS outperforming BFV in continuous 

learning scenarios. 

IMPLICATIONS: 

Mechatronic Applications: This technology is ideal for privacy-sensitive batch operations 

(e.g., secure diagnostics), but less so for real-time control (e.g., autonomous navigation). 

Scalability: Viable up to 100,000 samples; larger scales require distributed enhancements. 

Ethics: Mitigates data leakage risks but introduces latency-related safety concerns in critical 

systems, necessitating interdisciplinary scrutiny (Fitzsimons, 2017). 
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These findings validate the framework’s theoretical and practical contributions (Section 1.4) 

while highlighting optimization frontiers. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 SUMMARY OF FINDINGS 

This research has developed, implemented, and rigorously evaluated a blind computation 

framework for AI-driven mechatronic systems, leveraging homomorphic encryption (HE), 

secure multi-party computation (SMPC), and federated learning. The comprehensive results 

from Chapter 4 yield the following insights: 

Privacy Preservation: The system processes encrypted data without decryption, achieving a 

security level akin to theoretical ideals (Lindell, 2020). Ciphertext resilience and key 

management withstand sophisticated attacks, making it suitable for domains like healthcare and 

defense mechatronics. 

Performance Trade-Offs: Computational overhead ranges from 4-8x over plaintext, with 

training times escalating from 38.7 minutes to 140.6-172.4 minutes (10,000 samples) and 

inference from 0.10 to 0.41-0.68 seconds. Hardware acceleration and CKKS optimization reduce 

this gap, aligning with Chandrasekaran et al. (2019)’s cryptographic efficiency strategies. 

Accuracy Maintenance: Post-optimization F1-scores of 0.89 (BFV) and 0.91 (CKKS) reflect 

a 2-4% drop from the plaintext 0.93, a compromise Halevi et al. (2019) deem acceptable for 

privacy-critical applications. 

Scalability and Robustness: Linear scaling supports up to 100,000 samples, with stability 

under load and attack resistance affirming reliability (Wagh et al., 2019). 

Responsiveness: Latency (0.18-0.44 seconds) exceeds real-time thresholds (<50 ms, Koren et 

al., 2018), limiting dynamic use but suiting static tasks. 
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These outcomes fulfill the objectives in Section 1.4, advancing privacy-preserving AI in 

mechatronics while delineating practical boundaries. 

 

5.2 CONTRIBUTIONS TO KNOWLEDGE 

This study enriches the domains of mechatronics, cryptography, and AI through: 

Theoretical Unification: A novel framework integrates HE, SMPC, and federated learning 

within mechatronic contexts, bridging gaps between cryptography and engineering (Rivest et 

al., 1978; Bolton, 2015). 

Empirical Validation: Detailed benchmarks (e.g., 4-8x overhead, 2-4% accuracy loss) provide 

a practical roadmap for implementing blind computation, addressing literature gaps on real-

world deployment (Section 1.5). 

Optimization Strategies: GPU acceleration and HE parameter tuning offer actionable solutions 

to performance bottlenecks, extending Kim et al. (2017)’s work on encrypted neural networks. 

Ethical Guidance: By highlighting latency-safety trade-offs, the study informs ethical AI 

deployment in mechatronics, resonating with Fitzsimons (2017)’s call for responsible 

innovation. 

5.3 LIMITATIONS 

The research encounters several constraints: 
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Hardware Dependency: Results reflect 2025 hardware capabilities (e.g., RTX 3090 GPUs), 

potentially underestimating future advancements (Gentry, 2009). 

Real-Time Constraints: Latency (0.18-0.44 seconds) precludes applications requiring sub-50 

ms responses, limiting scope in dynamic mechatronics (Pendleton et al., 2017). 

Methodological Scope: Focus on HE and SMPC omits differential privacy, zero-knowledge 

proofs, or hardware solutions (e.g., TEEs), narrowing the privacy-preserving toolkit. 

Data Scale: Testing caps at 250,000 samples; ultra-large datasets (e.g., millions) may expose 

unforeseen bottlenecks. 

User Sample: Feedback from 15 engineers, while insightful, lacks statistical power for universal 

conclusions. 

5.4 RECOMMENDATIONS FOR FUTURE RESEARCH 

To address the current limitations and advance the development of blind computation in AI 

machine operations, future research should focus on several key areas: 

1. Optimization of Encryption Algorithms 

Blind computation remains computationally intensive due to the overhead introduced by 

encryption. Future research should explore more lightweight homomorphic encryption (HE) 

schemes, such as TFHE (Fast Fully Homomorphic Encryption over the Torus), which can reduce 

latency to sub-50ms levels. Developing hybrid computation models that selectively process non-

sensitive data in plaintext while encrypting only critical computations could significantly 

improve efficiency without compromising security. 

2. Hardware Acceleration for Secure Computation 
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The performance bottlenecks of blind computation could be addressed through specialized 

hardware. Future work should explore the integration of quantum processors, field-

programmable gate arrays (FPGAs), and application-specific integrated circuits (ASICs) 

designed specifically for secure computation. Investigating quantum-safe encryption protocols 

and their applicability to classical AI domains could provide breakthrough advancements in both 

speed and security. 

3. Scalable Distributed Architectures 

With the increasing volume of data in AI-driven systems, developing scalable federated learning 

frameworks that support encrypted computations across multiple devices is essential. Future 

research should focus on cloud-based and edge-computing solutions that enable secure, 

distributed AI training and inference. By leveraging multi-party computation (MPC) protocols, 

it is possible to facilitate collaborative AI learning across geographically dispersed data sources 

without compromising privacy. 

4. Ethical, Regulatory, and Safety Considerations 

The widespread adoption of blind computation necessitates collaboration with ethicists, 

policymakers, and regulatory bodies to ensure compliance with emerging data privacy laws such 

as GDPR, NIST, and AI ethics guidelines. Future studies should investigate potential latency-

induced risks, particularly in safety-critical applications like autonomous vehicles, healthcare 

diagnostics, and financial fraud detection, where real-time decision-making is essential. 

5. Real-World Deployment and Validation 

To ensure the feasibility and effectiveness of blind computation, field trials should be conducted 

in operational mechatronic environments, such as robotic diagnostics, industrial automation, and 

secure IoT systems. These trials would help assess system scalability, user adoption, reliability 

under real-world constraints, and integration with existing AI frameworks. 
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6. Addressing Bias and Fairness in Encrypted AI Models 

While blind computation enhances privacy, it is important to investigate its impact on 

algorithmic fairness and bias. Encryption can obscure important dataset characteristics, 

potentially affecting model fairness. Future research should integrate differential privacy 

mechanisms into blind computation frameworks to mitigate bias and prevent unintended 

disparities in AI decision-making. 

5.5 FINAL REMARKS 

Blind computation emerges as a transformative paradigm for privacy-preserving AI in 

mechatronics, harmonizing robust security with functional utility. This research demonstrates its 

feasibility—processing encrypted data with minimal accuracy loss and scalable performance—

while candidly exposing its real-time limitations. As Gentry (2009) foresaw, translating 

cryptographic theory into practical systems is a formidable yet rewarding endeavor; this study 

advances that mission, offering a blueprint for secure, ethical, and efficient AI-driven 

mechatronics. The trilemma of privacy, performance, and precision remains a dynamic 

challenge, but with continued innovation, blind computation could redefine how sensitive data 

fuels intelligent machines, ensuring trust and integrity in an increasingly interconnected world. 
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