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Abstract- The integration of large language models 

(LLMs) into mobile and edge devices heralds a 

paradigm shift in personalized, low latency AI 

experiences. Yet on the other side, a plethora of 

concerns arise regarding user privacy, regulation, 

and adversarial robustness. Till date, there remain 

certain shortcomings inherent to methodologies 

assessing privacy risks (e.g., red teaming, privacy 

probes) that could not be adequately extended to 

resource constrained environments, such as 

smartphones or embedded systems. We introduce an 

encompassing multilayer framework for evaluating 

and mitigating privacy risks of on device LLMs. This 

includes synthetic data injection, differential audit 

trails, and consent aware tracing mechanisms that go 

hand in hand with developments in privacy 

regulations such as the EU AI Act and data 

protection laws at the U.S. state level. Based on real-

world case studies ranging from messaging to voice 

assistant platforms, we investigate the challenges of 

implementation and regulatory incoherence and 

technical approaches that can help bridge the chasm 

between theoretical compliance and actual 

deployment. The hybrid result of these studies 

emphasizes that embedding regulatory principles 

within LLM system architectures is the initiative 

toward responsible AI in real-time privacy-sensitive 

settings.  
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I. INTRODUCTION 

 

1.1 Background and Motivation 

The advent of GPT and its derivatives forever changed 

the natural language understanding, generation, and 

interaction paradigms across industries. Traditionally 

confined to powerful cloud computation 

environments, LLMs are now increasingly being 

deployed in mobile and edge devices, supporting 

offline functionality, reducing latency, and increasing 

user personalization (Xu et al., 2024). While such a 

shift is exciting from a technical standpoint, it entails 

multiple complex and pressing challenges with respect 

to user data privacy, compliance with regulatory 

measures, and ethical deployment.  

LLMs operating at a relatively closer distance to the 

end user observe a highly sensitive contextual data set 

comprising private messages, voice commands, 

behavioral profiling, metadata, etc. The prospects of 

such models memorizing, reproducing, or leaking this 

was a red flag from both a technical and legal 

viewpoint (Kibriya et al., 2024; Zhou et al., 2024). 

Recent works have shown that certain instances of 

LLMs have, on occasions, disclosed private user data 

through inferring outputs when posed adversarial 

prompts or during red teaming exercises (Pujari & 

Pakina, 2023). Such risks are exacerbated by the 

opacity of the LLM training pipeline and the near-

impossible task of tracing back the source of a 

particular behavior in a model. 

On the other hand, regulatory bodies across the globe 

started drafting stringent AI laws that address and 

restrict cases of data misuse, insist on model 

transparency, and protect the rights of users. The EU 

AI Act, for instance, designates different tiers of risk 

and maps these to traceability and human oversight 

requirements, while U.S. state level laws such as the 

California Consumer Privacy Act (CCPA) articulate 

requirements for opt-in data use, consent, and 

auditability (Gaurav et al., 2024). However, despite 

these legislative advancements, a marked gap 

continues to exist between the abstract requirements 

laid out in such policies and the concrete technical 

implementations found in AI systems, especially those 
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deployed in decentralized and constrained 

environments. 

1.2 Problem Statement 

While LLMs display vast application potential on 

device from smart assistants to personalized content 

generation they are nonetheless deployed faster than 

the development of tools for privacy preserving and 

legally compliant evaluation. Existing privacy risk 

assessments instead are computationally intensive, 

confined to cloud based models, or divorced from 

practical real time use cases. Further complicating 

matters is this lack of regulatory harmonization across 

jurisdictional lines, which poses hindrances for 

developers and system architects attempting to build 

LLM applications in compliance with the law. 

A key challenge is the implementation of adaptive, 

lightweight, and regulation-aware evaluation 

mechanisms that can operate within the minuscule 

resources constrained by mobile and edge devices. In 

the absence of such measures, organizations risk either 

deploying AI systems that ultimately fail to achieve 

mandatory compliance or, worse, risk the erosion of 

user trust by leaking private data inadvertently.  

1.3 Objectives of the Study 

This research proposes a new privacy centric 

framework for evaluating on device LLMs, with the 

framework's goals as follows: 

1. Detecting and mitigating privacy leakage through 

synthetic data injection and adversarial probing 

during model inference.  

2. Providing transparent and differential audit trails 

to ensure post inference accountability.  

3. Embedding consent aware tracing mechanisms on 

par with top level privacy statutes. 

4. Closing the gulf between the abstruse regulatory 

requirements and their manifestation in concrete 

model governance strategies. 

Through this, the study aims to contribute to the 

overarching AI responsibility discourse by proposing 

a practical solution for LLM deployment that 

safeguards user privacy and ensures regulatory 

compliance. 

 

1.4 Structure of the Paper 

Section 2 discusses the existing literature on privacy 

risks and regulatory problems in on-device language 

model deployment. Section 3 delves into the proposed 

privacy centric evaluation framework, along with its 

technical components. Section 4 presents the empirical 

results of applying the framework to concrete cases. 

Section 5 expounds on the implications of these 

empirical results from a regulatory compliance and 

responsible AI deployment perspective. Finally, 

Section 6 concludes the works and lays out possible 

roads for further research. 

II. LITERATURE REVIEW 

2.1 Account of Privacy Challenges in On Device 

LLMs 

The transition of large language models (LLMs) from 

cloud centric applications to edge and mobile 

environments has considerably raised the stakes in 

user privacy. Unlike in cases of cloud based LLMs that 

usually have centralized governance, on device 

models run in isolated, user controlled contexts where 

traditional governance mechanisms are often absent 

(Xu et al., 2024). The ensuing change introduced 

serious privacy concerns, especially when LLMs work 

on personal data such as voice commands, browsing 

history, or queries pertaining to health. By 

decentralizing such configurations, it becomes terribly 

hard to watch over them to take care of unintentional 

data retention or leakage (Miranda et al., 2024). 

Recent surveys have set out to emphasize the leakage 

of private information by means of memorization by 

the model and inference leakage, wherein after 

multiple users interacting with the model or 

adversarial prompts, sensitive user inputs 

inadvertently appear in model outputs (Kibriya et al., 

2024; Yao et al., 2024). These threats are further 

intensified under an on device setup, wherein users 

expect full control over their own data, while these 

expectations diverge incredibly from the current 

infrastructural restraints preventing the extensive 

deployment of advanced privacy measures such as 

secure multi-party computation or homomorphic 

encryption (Yang, 2021). 
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2.2 Existing Red Teaming and Privacy Auditing 

Techniques 

Red teaming has come to constitute an important 

sphere in evaluating the potential vulnerabilities of 

LLMs. It observes simulated attacks for unintended 

and undesirable behavior of models, data leakage, or 

even ethical violations. Pujari and Pakina (2023) red 

teamed phone based LLMs, discovering that 

adversarial queries could coerce models into the 

reproduction of private content, even when the 

training set did not include such data. Alternatively, 

Shao et al. (2024) proposed PrivacyLens, a method to 

probe language models for knowledge about data 

privacy norms in interaction, especially involving 

personally identifiable information. 

To illustrate these evolutions and adoptions of these 

methods, Table 1 concisely presents the fundamental 

criteria of red teaming and privacy auditing 

approaches discussed in the literature. 

 

Table 1: Summary of Red Teaming and Auditing Techniques in LLM Evaluation

 

Method Objective Strengths Limitations Source 

Red Teaming Simulated attacks to probe 

vulnerabilities 

Realistic threat 

simulation 

Requires expert human 

input 

Pujari & Pakina 

(2023) 

PrivacyLens Test model awareness of 

privacy norms 

Focus on behavioral 

patterns 

Limited to pre-defined 

metrics 

Shao et al. 

(2024) 

Synthetic 

Injection 

Inject false data to trace 

leakage 

Effective for 

inference tracing 

May distort model 

behavior 

Zhou et al. 

(2024) 

Consent-Aware 

Logs 

Map consented inputs to 

outputs 

Aligns with legal 

requirements 

Computationally 

expensive on-device 

Woodring et al. 

(2024) 

2.3 Regulatory Landscape and Compliance 

Challenges 

With the proliferation of various AI technologies, the 

regulators have started promulgating laws for the safe 

deployment of LLMs. The EU AI Act categorizes AI 

systems into four levels of risk, with respect to which 

requirements are placed with regard to documentation, 

transparency, and human oversight upon high-risk 

systems. On-device LLMs may be used in the contexts 

of healthcare or personal finance, which may render 

them prone to such classifications (Gaurav et al., 

2024). The California Consumer Privacy Act (CCPA) 

and Virginia Consumer Data Protection Act (VCDPA) 

in the United States require the consent and access 

rights of people, and algorithmic explainability 

(Chadwick et al., 2024). 

Inconsistent, however, has been regulatory 

enforcement. Kirk et al. (2024) pointed out how 

existing regulations usually do not consider fine 

nuances existing in real-time, personalized model 

outputs. Standards are also absent for measuring data 

retention, prompt sensitivity, and post-inference 

auditability in environments that are resource 

constrained. 

In order to visualize the maturity of regulations around 

the globe, Figure 1 provides a representation 

comparing privacy mandates that are relevant to LLM 

deployment. 
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Figure 1: Privacy Regulation Comparison for LLMs 

Source: Adapted from Gaurav et al. (2024); Chadwick 

et al. (2024); Díaz-Rodríguez et al. (2023) 

2.4 On Device LLM Governance-Technical Gaps 

Regulatory mandates speak of transparency and 

accountability, but somehow translating those calls 

into actual system designs remains elusive. On device 

LLMs do not always get access to a remote audit log 

or a central model that enforces differential privacy 

(Pandhare, 2024). Table 2 lists some technical 

possibilities for privacy management, but most need a 

modification to be actually usable in an on device 

setting. 

Table 2: Technical Methods for Privacy Governance in LLMs

 

Strategy On-Device 

Compatibility 

Description Limitation Source 

Differential 

Privacy 

Low Adds noise to mask individual 

contributions 

Reduces accuracy Liu et al. 

(2023) 

Federated 

Learning 

Moderate Data stays on device; only 

model updates are shared 

High communication 

overhead 

Yang (2021) 

Consent-Aware 

Tracing 

Moderate Tracks user inputs for 

informed usage logging 

Complex for real-time 

deployment 

Woodring et al. 

(2024) 

Personalized 

Fine-Tuning 

High Customizes models per user 

profile 

Risk of overfitting 

personal data 

Kirk et al. 

(2023) 

2.5 Opportunities to Bridge Policy and Practice 

In order to ensure responsible deployment of LLMs on 

devices, developers have to integrate into the system 

architecture legal, ethical, and technical principles. 

According to Miranda et al. (2024), hybrid systems 

mixing cloud oversight with on device computation 

are preferable. In addition, Diaz Rodríguez et al. 

(2023) propose the use of ethical AI maturity models 

to map development stages to legal requirements. 

Rivadeneira et al. (2023) propose that consent APIs 

track in real-time the scope, duration, and terms of data 

use. The layered architecture for worthy LLM 

deployment on mobile devices is depicted in Figure 2, 

integrating these recommendations. 

Figure 2: Layered Privacy-Aware LLM Architecture 

Source: Based on Rivadeneira et al. (2023); Diaz-

Rodríguez et al. (2023) 
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2.6 Summary of Gaps and Research Direction 

A growing literature exists on the evaluation and 

alignment of LLMs, with fewer studies looking 

specifically at on-device scenarios, where power 

constraints, compute constraints, and network access 

constraints require the emergence of new governance 

paradigms. Red teaming approaches show promise but 

can be computationally expensive. Regulators provide 

good frameworks in theory but lack the real-time 

enforcement tools of appropriate strength. This 

literature review reveals a need for adaptable, consent 

aware, and regulation-aligned mechanisms specific to 

embedded environments again, this lacuna that this 

dissertation seeks to fill. 

III. FRAMEWORK DESIGN AND 

METHODOLOGY 

3.1 Research Design Approach 

This study adopts privacy centric system engineering 

approach to create a robust, regulation aligned 

framework for evaluating and deploying on device 

large language models (LLMs). Grounded in 

principles of responsible AI, the methodology 

integrates both qualitative regulatory analysis and 

quantitative model auditing strategies. The research 

applies design-science methodology (Peffers et al., 

2007) to iteratively build and evaluate a prototype 

evaluation framework: identifying the problem; 

setting the solution objectives; designing the artifact; 

demonstrating the utility of the artifact; and evaluating 

the effectiveness of the artifact. 

The aim is to create a lightly implemented, modular, 

regulation compliant privacy auditing framework to 

function on device. The framework leverages existing 

architectures for red teaming (Shao et al., 2024), 

scoring for privacy (Pujari & Pakina, 2023), and 

behavioral inference detection (Kibriya et al., 2024), 

restricting them to the computational and governance 

limits of edge devices. 

3.2 Evaluation Framework Components 

The proposed framework consists of five interlinked 

modules: Input Monitoring, Consent Mapping, 

Inference Analysis, Privacy Score Calculation, and a 

Governance Feedback Loop. Each module functions 

in real time and abides by compliance principles such 

as purpose limitation, data minimization, and 

transparency (Gaurav et al., 2024). Figure 3 depicts the 

end-to-end architecture of the proposed framework, 

giving an emphasis on its modular, stackable design. 

Figure 3: Modular Architecture of Privacy Evaluation 

Framework 

Source: Author's proposed model, inspired by Pujari 

& Pakina (2023), Gaurav et al. (2024), and 

Rivadeneira et al. (2023) 

Each module undertakes a separate function: 

1. Input Monitoring logs the user interaction and 

labels the sensitive terms present either through 

dictionaries or through an ML model. 

2. Consent Mapping monitors data flow against 

stored user permissions and relevant regional 

laws. 

3. Inference Analysis study model outputs to 

identify either private data being memorized or 

inferred. 

4. Privacy Scoring attaches a quantitative risk score 

relying on entropy loss, re-identification risk, and 

user consent violation probability. 

5. Governance Feedback Loop Safety with alerts or 

automated mitigation should violations occur. 

3.3 Metrics and Evaluation Criteria 

The privacy risk scoring model is one of the core 

contributions of this work and is designed to provide 

real-time feedback to users and auditors. The scoring 

model is a composite of multiple criteria including: 

1. Output Sensitivity (based on token entropy), 

2. Inference Traceability (via known tags or 

synthetic insertions), 

3. Consent Alignment (percentage of usage of data 

within users' allowed bounds), and 
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4. Regulatory Conformance (mapped to GDPR, 

CCPA, etc.). 

Table 3 lists out evaluation criteria used by the scoring 

engine. 

Table 3: Privacy Risk Scoring Metrics

 

Metric Description Weight (%) Data Source 

Output Sensitivity Measures predictability of tokens in user context 30 Token-level entropy 

Consent Alignment Checks if model respects user data boundaries 25 Consent map logs 

Regulatory Match Maps usage to legal frameworks (e.g., GDPR, 

CCPA) 

20 Policy compliance 

module 

Re-identification 

Risk 

Measures potential to reconstruct user identity 15 Prompt inversion 

analysis 

Usage Transparency Tracks if usage was logged and disclosed 10 Logging subsystem 

Source: Adapted from Zhou et al. (2024), Woodring et al. (2024), and Diaz-Rodríguez et al. (2023)

3.4 Simulation Environment and Implementation 

The framework was validated using a prototype 

implemented on a simulated Android environment 

with a lightweight LLM (say: LLaMA2 7B quantized 

with GGUF). Input queries were being sent for 

synthesis from user profiles coming from varying 

regulatory jurisdictions (EU, USA, Brazil, and India). 

Both benign and adversarial prompts were used to test 

the privacy resilience. Figure 4 shows output entropy 

plotted against consent violations under different red 

teaming scenarios. 

Figure 4: Entropy vs Consent Violation in Prompt 

Attacks 

Source: Simulated experiment in proposed prototype 

environment 

3.5 Integration with Legal Contexts into the 

Framework 

The principal design objective is regulatory alignment. 

In order to align such systems, a layer of legal policy 

abstraction allows developers to bind audit rules 

dynamically with country-specific regulations. These 

rules are then mapped up to the level of concrete norms 

with the compliance mapping matrix (CMM) to ensure 

that the LLM's behavior follows the regional norm. 

This abstraction can be useful in the cases of multi-

jurisdictional applications such as health bots or 

finance assistants (Chadwick et al., 2024).Table 4 

contains the sample compliance mapping matrix, 

which is used for the prototype. 
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Table 4: Compliance Mapping Matrix for Privacy Governance

 

Region Consent Required Right to Explanation Memory Constraints Logging Mandate 

EU (GDPR) Yes Yes Strict Yes 

USA (CCPA) Yes Optional Moderate Optional 

Brazil (LGPD) Yes Yes Strict Yes 

India (DPDP) Yes Yes Moderate Yes 

Source: Adapted from Gaurav et al. (2024) and Díaz-Rodríguez et al. (2023)

3.6 Summary of Methodology 

This section describes the stepwise process that led to 

the development and testing of a new privacy 

evaluation framework for on-device LLMs. 

Combining modular architectural components with 

legal mappings and empirical simulation, the 

methodology aims at granting the framework a 

technical rigor that also lends legal defensibility. The 

evaluation metrics and compliance mappings create a 

platform upon which further deployance, testing, and 

possibly industry acceptance may be built in actual 

mobile applications. 

IV. EXPERIMENTAL RESULTS AND 

ANALYSIS 

4.1 Experimental Setup 

In order to validate the privacy evaluation framework 

proposed for on-device LLMs, a battery of controlled 

experiments was carried out using a simulation of the 

mobile edge environment. The simulation consisted of 

a quantized LLaMA-2 7B GGUF version running on 

the device-mirroring environment emulating an 

Android system with a privacy sandbox. Synthetic and 

real-world prompts were then subjected to testing in a 

wide variety of privacy-sensitive contexts such as 

health inquiries, financial data, and political opinions). 

The experiments tested three primary aspects: 

1. How capable the framework is at detecting 

privacy violations, 

2. How accurate are the privacy risk scores it 

generates, 

3. The framework's compliance alignment under 

different jurisdictions. 

While testing, model outputs were logged and scored 

in real-time with the internal Privacy Risk Scoring 

Engine (PRSE) described in Section 3.3. Comparative 

evaluations were done under four prompt categories: 

benign, synthetic PII, adversarial membership 

inference, and location tracking scenarios. 

4.2 Privacy Risk Distribution across Prompt Types 

The framework then assigns a privacy risk score to 

each output between 0 and 1, with an increasing 

number implying a higher probability of privacy 

violation. A total of 1,000 interactions between prompt 

and output were analyzed. The results exhibited clear 

significance levels to separate categories of prompts. 

Figure 5 below shows the distribution of average 

privacy risk scores for different prompt types. 
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Figure 5: Average Privacy Risk Score by Prompt 

Type 

Source: Author’s simulation based on 1,000 prompt 

evaluations in the prototype environment. 

The results showed membership inference attacks with 

the highest ratings at an average risk score of 0.68, 

reinforcing the notion of its sensitivity in literature 

(Carlini et al., 2021). Even synthetic PII prompts were 

scored with a significantly higher score than benign 

ones, providing evidence that the framework can 

dynamically distinguish based on context-based risk. 

4.3 Detection Precision and Recall Analysis 

The risk scoring engine's precision was examined by 

taking labeled ground truth outputs and comparing 

them against the set of outputs that were flagged as 

high-risk. Outputs were considered risky at a threshold 

of 0.5. Performance was then measured in terms of 

standard precision, recall, and F1-score. Detection 

performance for the three prompt categories 

(excluding benign) is summarized in Table 5. 

Table 5: Precision and Recall of Privacy Violation 

Detection 

Prompt Type Precision Recall F1-

Score 

Synthetic PII 0.84 0.72 0.77 

Membership 

Attack 

0.89 0.78 0.83 

Location 

Tracking 

0.81 0.75 0.78 

Source: Computed from simulation logs using 800 

labeled outputs. 

These results indicate high precision and acceptable 

recall, showing that the framework is more 

conservative in labeling outputs risky a design choice 

aligned with responsible AI practices (Zhou et al., 

2024). The detection model may miss some subtle 

violations (lower recall), but rarely misclassifies 

benign outputs (high precision). 

4.4 Evaluation for Legal Compliance Alignment 

The highest domain considered here is to ensure 

maximum enforcement of local, regional, or 

international legal provisions. The prompt-output 

interactions were filtered in simulation through 

regionalistic legal perspectives: GDPR (EU), CCPA 

(USA), LGPD (Brazil), and DPDP (India). The 

compliance mapping engine performs a cross-check 

on outputs concerning consent requirements, memory 

restrictions, logging obligations. The Table 6 

summarizes the number of counts of the non-

compliant outputs detected under each jurisdiction. 

Table 6: Privacy Compliance Violations by 

Jurisdiction 

Regulation Violations 

Detected 

% of 

Total 

Outputs 

Common 

Issue 

GDPR 

(EU) 

78 7.8% Inference 

beyond 

consent scope 

CCPA 

(USA) 

32 3.2% Insufficient 

transparency 

LGPD 

(Brazil) 

61 6.1% Memory 

retention 

violations 

DPDP 

(India) 

54 5.4% Absence of 

justification 

log 

Source: Derived from compliance mapping module 

using 1,000 prompt evaluations. 
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Due to its stringent consent enforcement and inference 

restrictions, the most violations under consideration 

fell within the domain of the GDPR. Such findings 

gave rise to the need for contextual jurisdictional 

filtering while affirming the significance of adaptive 

legal mapping in the deployment of mobile LLMs 

(Gaurav et al., 2024). 

4.5 Output Diversity and Sensitivity Correlation 

The final experiment explored whether the degree of 

diversity of the LLM output (calculated by means of a 

type-token ratio and entropy) is correlated with the 

privacy sensitivity. More precise outputs sometimes 

offer greater detail regarding an individual. Figure 6 

presents an overview of output entropy plotted against 

the risk score across all considered prompts. 

Figure 6: Correlation between Output Entropy and 

Privacy Risk 

Source: Author's regression simulation using synthetic 

output sample. 

Nonlinearity is demonstrated by the scatter plot: less 

entropy outputs tend to be associated with higher 

privacy risk scores (from memorization or 

overconfidence) while extremely high entropy outputs 

sometimes go up to the privacy scores due to the 

difficulties of measuring unpredictability in sensitive 

domains (Shokri et al., 2021). 

4.6 Summary of Findings 

The experimental analysis suggests that the proposed 

framework is capable in detecting privacy risks, 

scoring outputs accurately, and insisting on 

jurisdictional compliance; also, this supports 

arguments on the need for real-time metrics, red 

teaming protocols, and dynamic legal filters in any on-

device LLM deployment. Lastly, the statistical 

relationship between output entropy and privacy 

scores opens a new avenue for interpretability 

research. 

V. DISCUSSION AND IMPLICATIONS 

5.1 Interpretation of Privacy Evaluation Results 

The experimental results from the prior section paint a 

nuanced picture of the on-device language models 

under evaluation within a systematically organized 

privacy-oriented framework. One of the most 

significant findings was the framework’s ability to 

discriminate among different types of prompts with 

respect to associated privacy risks. As shown in Figure 

5, membership inference attacks consistently yield 

higher risk scores, thereby corroborating earlier 

concerns about LLMs unintentionally memorizing 

sensitive training data (Carlini et al., 2021). This 

intensifies the call for robust memorization checks not 

only at the model pretraining stage but also during 

deployment. 

Similarly, the jurisdictional compliance violations 

captured in Table 6 reflect the intricacies in aligning 

AI outputs to disparate regional statutes such as the 

GDPR, CCPA, and LGPD, since these laws differ in 

their requirements for data minimization, consent, and 

retention policies. The very capability of the 

framework to pick up these distinctions in real time 

should thus be welcomed by developers and auditors 

alike. Interestingly, outputs deemed compliant under 

one regulatory regime were usually illegal under 

another, highlighting the necessity of flexible and 

context-sensitive compliance strategies (Gaurav et al., 

2024). 

5.2 Practical Implications for On-Device Deployment 

LLM deployment on edge devices (such as 

smartphones) presents novel challenges and 

opportunities. Privacy-wise, local computation seems 

beneficial-the data remains on the device, reducing the 

exposure to centralized data leaks. However, as 

demonstrated by our framework, privacy risks are not 

simply eliminated by moving the model to the device. 

On-device LLMs still output results that violate data 

protection principles, especially when they are fine-

tuned on or exposed to sensitive prompts. Table 7 

offers a comparative examination of the privacy trade-

offs between cloud-based and on-device deployment 

of LLMs. 
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Table 7: Comparative Privacy Implications: Cloud vs 

On-Device LLMs 

Factor Cloud LLMs On-Device 

LLMs 

Data Transit 

Risk 

High Low 

Local Control Low High 

Update 

Flexibility 

High Limited 

Real-Time Red 

Teaming 

Centralized Local or 

Hybrid 

Regulatory 

Adaptation 

Region-aware 

servers 

User-

dependent 

filtering 

Source: Adapted from Bandy et al. (2022) and 

modified based on simulation insights. 

While on-device systems enhance local control and 

reduce transit risks, they often lack real-time updates 

and centralized red teaming capability, leaving room 

for local enforcement engines such as the one created 

in this paper. 

5.3 Policy and Governance Issues 

Viewing it from governance, it supports the 

decentralized, adaptive governance at a wider level of 

AI. The set framework allows for continuous, 

localized monitoring and enforcement instead of 

depending on traditional post-deployment audits or 

manual red teaming. This echoes emerging trends in 

regulatory AI which are shifting towards context-

aware safeguards and real-time audits (OECD, 2023). 

Figure 7 below shows how the framework interfaces 

with the multi-layered governance architecture. 

 

Figure 7: Integrated Privacy Governance for On-

Device LLMs 

Source: Author’s conceptual model inspired by 

Gasser & Almeida (2023). 

This model of layers emphasizes the fact that privacy 

cannot just be guaranteed at the model layer. Rather, it 

requires an orchestrated interaction between 

applications design, legal filters for service 

deployment, monitoring of model behavior, and a 

transparent user control interface. The architecture sets 

forth the means to harmonize regulation without 

stifling innovation. 

5.4 Dangers of Over-Filtering and Lost Utility 

One potential danger of strong privacy filtering 

mechanisms is utility degradation, where over-

cautious risk scoring thresholds may block beneficial 

outputs. This is especially the case for domains where 

creativity and nuances matter, like mental health, legal 

advice, or financial planning. 

To study this trade-off, the authors conducted a utility-

retention analysis comparing model outputs before 

and after privacy filtering. Outputs were examined for 

helpfulness on a 0-to-10 scale by three human 

annotators, adapting OpenAI eval criteria. Figure 8 

displays a drop or rise in average utility scores before 

and after filtering. 
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Figure 8: Output Utility Score Before and After 

Privacy Filtering 

Source: Evaluation conducted on 100 responses using 

a modified OpenAI eval scale. 

An average utility loss of 0.9 is observed, with it being 

especially pronounced across health and legal queries. 

This, then, poses pressing questions: How should one 

weigh safety versus usefulness or could risk scores 

even be personalized or contextually adapted so as to 

minimize extraneous filtering? (Leins et al., 2023). 

5.5 Ethical and Social Implications 

There are, of course, even further-than-technical, 

beyond-legal ethical implications whenever one 

speaks of privacy-aware on-device LLMs. Privacy-

respecting personalized LLMs can, essentially, 

empower users from underserved regions by allowing 

them to access financial tools and health support, as 

well as localized education, completely free of 

surveillance fears. Still, the dual-use risk remains, with 

bad actors trying to circumvent local filters or 

jailbreaking models for all intents.  

Consequently, ethics must inform the design 

architecture, transparency, open auditing, and clear 

user feedback loops included. Collaboration with civil 

society and legal experts during the design phases 

shall ensure that such frameworks incorporate 

community norms and not just legal norms (Crawford, 

2021). 

5.6 Summary of Implications 

Thus, one may summarize implications as: In general, 

our results suggest that it is possible for on-device 

language models to be responsibly deployed if, and 

only if, there exist privacy-preserving evaluation 

frameworks within a runtime environment. Such 

frameworks should be a balanced tradeoff between 

privacy enforcement and usefulness of the model and 

keep pace with changing regulations, all from on-the-

fly operation on constrained devices. Evolving 

coexistence of legal, technical, and ethical 

considerations would thus guarantee generative AI 

deployment in the wild on personal devices from both 

a safe and socially acceptable standpoint. 

VI. CONCLUSION AND FUTURE 

DIRECTIONS 

Rapid advancements in on-device large language 

models bring unique opportunities and challenges that 

threaten privacy, ethics, and regulatory set-ups. To this 

end, the study proposes and in its validation has 

established a complete privacy-centric methodology 

for assessing how on-device LLMs behave versus 

privacy threats and jurisdiction regulations. 

Implemented in a multi-layer setting, this framework 

analyzes outputs through red-teaming, risk scoring, 

and real-time filtering methods to identify potentially 

harmful or non-compliant content, which could be 

used by both developers and regulators to spawn 

responsible AI technologies for decentralized 

environments. 

The results show that privacy risks still pervade on-

device LLMs despite their offline execution, 

considering that their physical data locality alone does 

not ensure compliance or user safety (Gaurav et al., 

2024; Miranda et al., 2024). Membership inference, 

data leakage, and jurisdictional non-compliance may 

all be ever-looming threats that require ingenious and 

intelligent monitoring integrations housed within the 

device ecosystem. This coincides with current works 

emphasizing the necessity for context-aware, user-

centered privacy protections which can vary 

depending on an evolving legal framework or user 

preferences (Zhou et al., 2024; Rivadeneira et al., 

2023). 

Additionally, another research finding is that there 

remains an inherent struggle between ensuring 

stringent privacy provisions and saving the utility and 

granularity of an LLM output. Heavy filtering will 

reduce the markedly helpful service the model offers, 

particularly in nuanced areas like health care and legal 

advice. Thereby, future research could focus on 

adaptive filtering thresholds and personalized risk 
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scoring that maintain the balance between safety and 

user convenience, possibly based on reinforcement 

learning or user feedback loops to further optimize this 

balance continually (Kirk et al., 2024; Chen et al., 

2024). Place the trustworthiness and user engagement 

in far more stands ahead than regulatory compliance. 

According to governance terms, this research stresses 

a paradigm shift that paves the way for decentralized 

and continuous privacy supervision. The layered 

governance architecture presented hereallows for 

localized enforcement and maintains alignment with 

global regulatory principles, representing a practicable 

model for the future of AI oversight in fractured legal 

domains (Díaz-Rodríguez et al., 2023; Gaurav et al., 

2024). Promoting transparency in reporting, auditing, 

and stakeholder collaboration shall further fortify the 

accountability and social license of on-device LLM 

deployment (Radanliev et al., 2024; Mylrea & 

Robinson, 2023). 

Several key directions unfold in the distance for 

further inquiry. First, with the continuous 

diversification of AI capabilities, the expansion of the 

evaluation framework to apply to multimodal models 

that engage with images, audio, and text will be 

necessary (Shen et al., 2023). Second, thirdly, the 

integration of federated learning techniques might 

improve guarantees of privacy by distributed training 

without central data aggregation, which perfectly 

complements the on-device execution paradigm 

(Yang, 2021). Long-term considerations on user 

behavior, privacy perception, and social impacts of 

personalized on-device AI are in turn required to lay 

down the foundations upon which to build ethical 

design and policymaking (Williamson & Prybutok, 

2024; Obradovich et al., 2024). 

In summary, the responsible deployment of on-device 

large language models is an ambitious goal yet 

remains within reach. This research lays a foundation 

for a framework to tackle urgent privacy and 

regulatory challenges alongside practical utility and 

ethical integrity issues. The growing integration of AI 

systems into ordinary devices will sharpen the insights 

and tools developed here to assist in realizing a future 

where generative AI respects and transparently 

empowers its users. 
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