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ABSTRACT 
 
Enterprises pursuing AI-driven transformation face a critical tradeoff: centralized consistency vs. 

decentralized scalability. The "Data Platform Unification Paradox" captures this dilemma. Building on 

our prior NLPI 2025 paper, this extended version integrates technical depth, mathematical models, and 

concrete architectures, especially for integrating Data Mesh with Quantum Databases and LLM Agents. A 

federated architecture is proposed using graph-theoretic models and entropy-based data valuation. We 

introduce a formal structure to evaluate platform complexity and propose intelligent agent-based 

governance models to operationalize data sharing across domains. This work aims to move beyond 

conceptual frameworks by proposing actionable blueprints for next-generation, intelligent data 

ecosystems. 
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1. INTRODUCTION 
 
The rapid increase in data volume and heterogeneity challenges the scalability of centralized data 

architectures. While monolithic platforms offer control and standardization, they often create 

bottlenecks and delay innovation. Data Mesh has emerged as a viable alternative, decentralizing 

data ownership and enabling domain teams to manage their data as products. This paper builds on 
our original NLPI 2025 publication and focuses on formalizing the architecture, quantifying 

information value, and embedding intelligence using LLM agents within decentralized platforms. 

We explore how such architectures can scale analytics, improve AI model outcomes, and 
maintain governance in increasingly complex data ecosystems. 

 

2. THE PLATFORM PARADOX: FORMALIZATION 
 

Let the enterprise data platform be modeled as a bipartite graph G = (D, C, E), where D = {d₁, d₂, 
..., dₙ} are data domains and C = {c₁, c₂, ..., cₘ} are consumers (e.g., ML pipelines, BI teams). 

Edges e_{ij} ∈ E represent data flow from dᵢ to cⱼ. 

 
 

 

https://airccse.org/journal/ijdms/current2025.html
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Platform complexity is defined as: 

 
𝒞(G) = ∑ᵢ=1ⁿ ∑ⱼ=1ᵐ wᵢⱼ · log(1 + fᵢⱼ) 

 

Where wᵢⱼ is the perceived importance or size of data transfer, and fᵢⱼ is the frequency of access. 
Centralized systems try to minimize fᵢⱼ, but this can lead to overload on central nodes and 

inefficient scaling. In contrast, Data Mesh distributes ownership and flattens wᵢⱼ variation across 

nodes, reducing systemic fragility. 
 

We define a balance coefficient: 

 

β = σ(wᵢⱼ) / μ(wᵢⱼ) 
 

Where σ is standard deviation and μ is mean. Lower β indicates a well-distributed platform. 

 

3. ARCHITECTURAL FRAMEWORK 
 

Modern decentralized data platforms necessitate a layered architectural design that integrates data 

ingestion, productization, governance, and embedded intelligence. The proposed architecture is 

structured across four layers: 
 

Layer 1: Acquisition. This layer handles ingestion of structured, semi-structured, and 

unstructured data from various operational systems, APIs, real-time sensors, and third-party 
sources. Ingestion pipelines must support change data capture (CDC), batch ingestion, and 

streaming. Provenance metadata is captured at the point of entry to ensure traceability, supporting 

future audit and explainability. 
 

Layer 2: Productization. Data within each domain is curated into products with clearly defined 

ownership, service-level agreements (SLAs), and metadata. The process includes data 

transformation, schema enforcement, enrichment, quality validation, and documentation. Each 
data product is described using metadata tuple M(p_k) = (schema, freshness, owner, SLA, access 

policy). 

 
Layer 3: Federated Governance. This layer is the backbone of Data Mesh. It facilitates inter-

domain coordination via a federated graph G_f = (P, E_f), where P is the set of all data products 

and E_f encodes lineage and governance relationships. Federated governance is realized using a 
combination of centrally defined standards and domain-level flexibility, enabling localized 

domain driven innovation without compromising compliance. 

 

Layer 4: Intelligence. The intelligence layer embeds LLM-based agents for a range of 
autonomous tasks such as generating documentation, answering user driven queries leveraging 

metadata and anomaly detection. Vector databases are used to store semantic embeddings of 

metadata and the actual data, enabling similarity-based search and retrieval. Agents are deployed 
as microservices and interact with a centralized orchestration engine. 
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Figure 1.  Federated Data Mesh architecture 

 

4. DATA PRODUCT ENTROPY AND PRIORITIZATION 
 

A key innovation in this architecture is the use of information theory to quantify the utility of data 

products. Each product p_k contains a set of variables X = {x_1, x_2, ..., x_n}. Shannon entropy 
is used to evaluate the information richness of a product: 

 

H(p_k) = -Σ P(x_i) · log P(x_i) 

 
Products with higher entropy are more informative and are prioritized for high-value analytics 

tasks, such as model training. However, entropy alone is insufficient. A quality vector Q(p_k) = 

[accuracy, completeness, timeliness] is computed based on domain-specific criteria. The 
composite quality score is: 

 

q(p_k) = α_1·accuracy + α_2·completeness + α_3·timeliness 
 

where α_i are weights summing to 1, determined via empirical studies or business priorities. 

 

The final utility function U(p_k) = H(p_k) × q(p_k) helps rank data products. Products falling 
below an entropy threshold θ_H or utility threshold θ_U are flagged for archival or 

reengineering. This scoring mechanism ensures that storage, processing, and governance 

resources are allocated efficiently. 
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Figure 2.  Entropy-Quality Trade-off for Data Product Prioritization 

   

5. INDUSTRY APPLICATIONS 
 
The proposed architecture finds utility across a wide range of domains: 

 

5.1. Healthcare 
 

Federated learning is employed to build predictive models using genomic and electronic health 

record (EHR) data without centralized data aggregation. Each hospital domain trains a local 
model M_i using private data D_i. A central coordinator aggregates models using Federated 

Averaging: 

 
M_global = (1/N) Σ M_i 

 

To preserve data privacy, cryptographic methods and differential privacy mechanisms are 

implemented. Ontologies are encoded as vectors for semantic interoperability. 
 

5.2. Finance 
 

Fraud detection systems are deployed using a multi-agent architecture. Each domain has agents 

that analyze transaction vectors T = [t_1, ..., t_m] using rule-based scoring functions Φ_i. The 

final fraud score is computed as: 
 

S(T) = Σ w_i · Φ_i(T) 

 
The mesh architecture allows for real-time correlation of suspicious activities across geographies 

and business lines. 

 

5.3. Retail 
 

In retail, decentralized forecasting models are built within each region. Time series data including 
promotional calendars, weather, and events are used to train hybrid ARIMA-LSTM models: 
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y_t = α y_{t-1} + β f(x_t) + ε_t 

 

Where f(x_t) includes contextual features. Forecast outputs are published to a shared data 

marketplace enabling collaborative planning across brands. 
 

6. LLM AGENTS & ACCESS GOVERNANCE LLM 
 

Agents are integrated within the data platform to manage and enforce access controls, improve 
user experience, and assist in data discovery. Access to a product p_k by an agent A_LLM is 

granted only if: 

 

  φ(A_LLM, p_k) = True ⇔ R_A ∩ R_p_k ≠ ∅ 
 

Where R_A is the set of roles assigned to the agent, and R_p_k defines the permissible roles for 

accessing the data. To further enhance security, a contextual trust score ζ(A, p_k) ∈ [0, 1] is 
calculated based on time, IP, user history, and sensitivity of the query. 

 

If ζ(A, p_k) < τ (a threshold), access is denied or partially masked. This mechanism is enforced 

using policy-as-code frameworks like Open Policy Agent (OPA), and agents are continuously 
monitored for behavior drift using anomaly detection models. 

 

 
 

Figure 3.  LLM Access Control Workflow 

 

7. QUANTUM-DRIVEN DATA MESH 
 

Quantum databases (QD) offer a new frontier in high-performance data systems. In a quantum-
enabled Data Mesh, each domain hosts a quantum node storing entangled data states: 

 

|Ψ⟩ = Σ c_i |d_i⟩ 
 

Cross-domain queries are executed using quantum channels that preserve entanglement. The key 

challenge is maintaining coherence: 
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ΔH = H_pre - H_post ≤ ε 

 

Where ε is the allowable decoherence. Quantum error correction codes such as Shor’s or surface 

codes are applied to protect against noise. Applications include genome similarity search, 
financial Monte Carlo simulations, and supply chain optimization. Integration with classical mesh 

nodes is achieved via hybrid quantum-classical orchestration protocols. 

 

 
 

Figure 4.  Quantum-Ready Data Mesh Node Network 

 

8. CONCLUSIONS 
 

This paper enhances the NLPI 2025 foundation with rigorous modeling of data platform 
complexity, entropy-based data valuation, and agent-based governance logic. We proposed a 

four-layer architecture that integrates LLM agents and anticipates quantum evolution. 

 

Future Research Directions: 

 

 Development of dynamic, learning-based governance agents that evolve access policies 
in response to organizational changes. 

 Application of reinforcement learning to optimize LLM agent workflows in data 

discovery, access, and compliance. 

 Research into quantum indexing structures to reduce query latency in entangled data 
systems. 

 Use of blockchain for trust orchestration in cross-organizational data mesh 

collaborations. 
 

Emerging Industry Applications: 

 

 Pharmaceutical R&D: Secure sharing of clinical trial data to accelerate multi-site drug 
discovery. 

 Smart Cities: Real-time coordination of urban services like energy, traffic, and pollution 

control. 
 Finance & Regulation: Real-time compliance auditing by regulatory bots embedded in 

the data mesh. 
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