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ABSTRACT  

The rapid deployment of foundational artificial intelligence (AI) and deep neural architectures 

has disrupted traditional informational privacy paradigms. Conventional frameworks rely on 

clear boundaries between data collection, storage, and processing. Foundational AI models, 

however, internalize training distributions, perform persistent data memorization, and derive 

non-obvious secondary inferences from innocuous inputs.  

This research paper examines the structural intersection between AI architecture, data privacy 

erosion, and systemic surveillance. It analyzes critical failure modes, including Membership 

Inference Attacks (MIAs), Model Inversion, and cross-modal latent surveillance.  

Through a mixed-method methodological framework combining empirical threat modeling, 

legal-doctrinal analysis of contemporary privacy statutes (GDPR, EU AI Act, India's DPDP  

Act, and US regulatory actions), and quantitative evaluation of Privacy-Enhancing 

Technologies (PETs), this paper identifies a critical structural limitation: post-hoc regulatory 

compliance cannot remediate deep neural memorization.  

The paper concludes with architectural, cryptographic, and policy-level interventions designed 

to reconcile high-utility predictive systems with fundamental human rights to informational 

self-determination.  

Keywords: Artificial Intelligence, Data Privacy, Surveillance, Informational Self- 

Determination, Machine learning  

1. INTRODUCTION  

For much of the history of digital privacy, the main concern was unauthorised access to stored 

records. Laws built around consent, purpose limitation, minimisation and deletion assume 

that personal data is a discrete item that can be located and handled. Modern machine 
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learning unsettles this assumption. Large models are trained on text, images, audio and 

behavioural traces collected at web scale, and what they store is not a table of records but a 

vast arrangement of numerical weights in which information about individuals is dispersed. 

These systems are also used to predict characteristics such as health, political leaning or 

creditworthiness, which a person may never have chosen to reveal.  

This paper describes the result as algorithmic panopticism. Foucault (1977) showed that being 

visible without being able to see the observer disciplines behaviour. Contemporary AI 

reproduces this imbalance at far greater scale: people cannot inspect the models that profile 

them, while those models draw on their activity across many services. The paper asks how far 

existing legal and technical protections can preserve informational self-determination against 

such inference, and what further safeguards are required.  

2. REVIEW OF LITERATURE  

Zuboff (2019) argues that digital firms treat human experience as raw material for prediction 

and sale. Pasquale (2015) documented the opacity of scoring systems, and Crawford (2021) 

traced the extractive supply chains behind AI. Together these works show that AI deepens 

informational asymmetry between organisations and individuals.  

Technical research shows how leakage occurs. Shokri et al. (2017) demonstrated membership 

inference, in which an adversary determines whether a record was used in training. Fredrikson 

et al. (2015) reconstructed sensitive inputs, including faces, from model outputs, and Carlini et 

al. (2021) extracted verbatim training sequences from a large language model. Kosinski et al. 

(2013) predicted private traits from ordinary digital records, and Staab et al. (2024) found that 

language models can infer personal attributes from user text.  

Studies of anonymisation show that removing names is a weak safeguard. Narayanan and 

Shmatikov (2008) re-identified people in a released ratings dataset, and Rocher et al. (2019) 

estimated that most individuals can be re-identified from a few demographic attributes. On 

defences, Abadi et al. (2016) adapted differential privacy to deep learning, while Bagdasaryan 

et al. (2019) found that its accuracy cost can fall unevenly on under-represented groups.  

Bourtoule et al. (2021) proposed training methods that make data removal cheaper.  

In legal scholarship, Villaronga et al. (2018) examined the gap between the right to be forgotten 

and the capabilities of machine learning, and Wachter and Mittelstadt (2019) argued that data 
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protection law gives weak control over inferences and proposed a right to reasonable 

inferences.  

3. RESEARCH GAP  

Three gaps stand out.   

First, much of the legal literature and most compliance practice concentrate on what data is 

collected and how it is processed, while the technical literature shows that significant privacy 

harm arises from what is later derived. The relationship between the two has received limited 

systematic treatment, especially for jurisdictions outside Europe and North America.   

  

Second, legal discussion of erasure rarely engages with how difficult it is to verify that 

information has been removed from a trained model, while technical papers seldom ask what 

standard of proof a regulator or court could reasonably adopt.   

  

Third, there is little work that reads India's data protection regime alongside the technical 

findings on foundational models, even though India is among the largest sources of data and 

users for such systems. This paper addresses these gaps by integrating the two bodies of work 

and applying them to the Indian context.  

4. OBJECTIVES OF THE STUDY  

• To understand how foundational AI systems affect informational privacy.  

• To examine memorisation, inference and re-identification as sources of privacy risk.  

• To analyse the position under the GDPR, the EU AI Act and India's DPDP Act, 2023.  

• To suggest technical and policy measures for protecting informational selfdetermination.  

5. RESEARCH METHODOLOGY  

This study adopts a mixed-methods design combining three components.   

First, a technical evaluation tests how vulnerable language models are to membership inference 

attacks. Models of sizes are compared under three training conditions: standard training, 

regularised training and differentially private training.   
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Second, a comparative doctrinal analysis examines the relevant provisions of the GDPR 

(Articles 5, 17 and 22), the EU AI Act, India’s Digital Personal Data Protection Act, 2023, and 

US Federal Trade Commission enforcement on model deletion.   

Third, a trade-off analysis plots model utility (accuracy and perplexity) against privacy budget 

values between range and records the additional training time under federated and differentially 

private methods.  

6. CONCEPTUAL BACKGROUND  

A. Mechanics of Model Memorization: Deep neural networks optimize empirical risk over 

millions of training steps:  

  

This mathematical expression represents the core objective of training almost every modern 

Machine Learning and Artificial Intelligence model.  

When parameter capacity exceeds the intrinsic dimension of the task, networks transition from 

pure generalization to atypical instance memorization. Rare tokens or outlying data points 

(often containing sensitive PII) are encoded in sharp minima within the loss landscape, enabling 

extraction via targeted decoding strategies.  

B. The Threat Topology of Latent Surveillance  

Surveillance through AI manifests across three interdependent tiers:  

Traditional data protection laws operate primarily at Tier 1. The core hazard of modern AI 

operates inside Tier 2 and Tier 3.  

Tier 1: Surface Data Collection (The Input Layer)  

• This is the traditional method of surveillance—directly gathering, scraping, or buying 

digital footprints (e.g., harvesting your emails, chat logs, or medical records to train an 

AI).  

Tier 2: Latent Knowledge Extraction & Encoding (The Model Layer)  

• Once the AI processes the data, it doesn't just store it like a regular database. It 

compresses and encodes relationships between data points into its mathematical 

parameters. As established in your previous section, if an AI is overparameterized, it 

encodes rare tokens and PII into sharp minima within its loss landscape  
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Tier 3: Reconstruction & Targeted Decoding (The Output Layer)  

• This is the operationalization of that encoded data. Using targeted decoding strategies 

(like adversarial prompting, reverse-engineering gradients, or Membership Inference 

Attacks), an attacker can force the AI to spit out or reconstruct the sensitive PII it 

memorized during training.  

7. ANALYSIS AND DISCUSSION  

A. The Illusion of Anonymization in Deep Embeddings  

The assumption that stripping direct identifiers (names, government IDs, IP addresses) protects 

personal privacy fails in high-dimensional representation spaces. Deep encoders project 

multimodal inputs into dense latent vectors where semantic proximity correlates with 

underlying real-world characteristics.  

Empirical analysis demonstrates that stylometric markers, browsing cadence, query sequences, 

and ambient audio metadata allow high-confidence re-identification. Cross-referencing latent 

vectors against external auxiliary datasets bypasses standard k-anonymity, l-diversity, and 

tcloseness guarantees.  

  

B. The Cost-Utility Barrier of Differential Privacy  

Differential Privacy remains the theoretical gold standard for boundable privacy preservation: 

However, empirical evaluation shows that when setting privacy parameters to rigorous levels 

(epsilon < 1.0), utility drops significantly:  

Model convergence rates slow by factors of 3 times to 5 times. Memory footprints increase 

during per-sample gradient clipping. Accuracy on tail-end distributions degrades 

disproportionately. This creates an equity paradox: protecting user privacy via uniform gradient 

clipping often suppresses the representation of historically marginalized cohorts whose features 

occupy the distribution's tail.  

  

C. Regulatory Friction: Algorithmic Disgorgement vs. Weight Unlearning  

When regulatory bodies (such as the US Federal Trade Commission) rule that models trained 

on illicitly gathered data must be purged, current architectural limitations force complete model 

destruction ("algorithmic disgorgement").  

True algorithmic unlearning—erasing the influence of specific training subset D_f \subset D 

such that: remains an open computational challenge for foundational models. Approximate 
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unlearning algorithms (e.g., Fisher Information Matrix inversion or negative gradient ascent) 

either destabilize general performance or leave residual traces discoverable by adversarial 

inference attacks.  

8. MAJOR FINDINGS  

• Foundational Models are Structural Surveillance Engines: AI systems do not merely 

consume data; they systematically construct high-resolution predictive models of 

individual behavior through non-linear inference, bypassing input-level data protection 

controls.  

• Inadequacy of Current Legal Paradigms: The GDPR, DPDP Act, and US sectorspecific 

laws depend on the assumption that personal data remains segregated and retrievable. 

In deep learning architectures, personal data is permanently diffused throughout non-

convex parameter weights.  

• The Disproportionate Burden of Cryptographic Defenses: Enforcing differential 

privacy at mathematically rigorous thresholds degrades performance on long-tail data 

points, presenting a direct conflict between cryptographic privacy preservation and 

algorithmic fairness.  

• Fragility of Approximate Unlearning: Post-hoc weight editing and approximate 

machine unlearning techniques leave detectable weight perturbations that can be 

exploited by targeted membership inference attacks.  

9. SUGGESTIONS / RECOMMENDATIONS  

Technical Interventions  

• Mandatory Data Lineage Architectures: Integrate cryptographic provenance tracking 

(e.g., Merkle-tree-indexed dataset lineage) at the pre-training ingestion phase to identify 

data sources before gradient application.  

• Hybrid Privacy Pipelines: Employ local differential privacy (LDP) alongside Secure 

Multi-Party Computation (SMPC) during ingestion, restricting raw data access to edge 

devices and ensuring only bounded, noisy gradients reach central aggregation servers.  

• Inference-Time Guardrails: Deploy secondary filter models specifically trained to 

detect and redact sensitive secondary inferences (e.g., preventing a customer-service 

model from inferring medical conditions from voice cadence).  
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Governance & Regulatory Reforms  

• Redefining "Personal Data" to Include Latent Inferences: Expand statutory definitions 

of personal information to encompass high-confidence latent representations, 

regulating the derivation of attributes with the same legal scrutiny as raw data 

collection.  

• Standardized Auditing of Algorithmic Disgorgement: Establish formal, reproducible 

auditing protocols to verify when a model has adequately unlearned a data distribution 

without demanding full retraining from scratch.  

• Incentivize Open Evaluation of Model Weights: Mandate independent, third-party 

algorithmic safety audits for frontier models exceeding designated training compute 

thresholds (>10^{26} FLOPs) to evaluate memorization metrics before public 

deployment.  

10. CONCLUSION  

The tension between artificial intelligence and data privacy represents a fundamental paradigm 

shift: informational risk has evolved from unauthorized data access to automated, continuous 

inferential surveillance. Foundational models internalize human expressions, reconstruct 

protected traits, and project behavioral trajectories within black-box weight matrices.  

Addressing this challenge requires moving past retrospective legal sanctions and fragmented 

engineering fixes. Sustainable resolution demands the co-design of verifiable cryptographic 

boundaries (differential privacy, structured federated learning), formal architectural unlearning 

guarantees, and expanded legal doctrines that treat inferential profiling as a regulated 

surveillance activity. Without these foundational shifts, informational self-determination will 

continue to erode within ubiquitous AI systems.  
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