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Abstract— Autonomous enterprise intelligence is becoming 

a key driver of Smart Enterprise Transformation. 

Organizations increasingly need an intelligent agent that 

understands their data ecosystem, answers queries at varying 

levels of abstraction, and exposes the right data for 

downstream use. By orchestrating assets built by different 

teams across the enterprise, such an agent can significantly 

expand data sharing and consumption. A Data Fabric offers a 

strong foundation for this agent, and a Semantic Data Fabric 

adds a further layer that scales analytics with built-in Data 

Governance and Quality capabilities. 

An Autonomous Enterprise Intelligence Agent has two core 

responsibilities. First, it orchestrates the assets and processes 

created by teams across Business Units to deliver the right 

data for incoming query demands. Second, it exposes the 

analytics pipelines those assets support. To do this, the agent 

must handle Layer 1 queries, interpret their semantics, and 

navigate the layers of the analytics ecosystem to satisfy Layer 

3 and higher-level queries. Data Ingestion and Curation 

Agents support these responsibilities by enabling enterprise-

wide asset sharing and consumption. 
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I. INTRODUCTION 

The agent-driven semantic data fabric approach supports 
various types of analytics on enterprise data, such as 
analytics-as-a-service, data-as-a-service, data science as a 
service and complex event processing. However, enterprise 

data analytics systems are traditionally architected as 
monolithic systems. A modular architectural framework that 
distinguishes between the data-layer, semantic-layer, 
orchestrating-layer and data-acquisition-layer is proposed. 
The separation between the data and semantic layers allows 
multiple sources in different formats to be ingested and 
curated by different types of source-specific ingestion agents 
and transformed into the same or compatible standard 
semantic representation. Such a modular architecture enables 
the systems to adopt different types of agents assuming 
different roles and associated functionality in their 
orchestration to support different types of analytics. 

The architecture is leveraged to support layered analytics 
on enterprise data. The layered analytics pipeline capitalizes 
on the separation of the data-acquisition-layer from the data 
and semantic layers to facilitate the operationalization of 
exploratory data analysis performed by data scientists. Two 
complementary lower layers that build on enterprise 
analytics-as-a-service and data-as-a-service with the addition 
of a calendar module support standard-purpose analytics. The 
layered structure is further capitalized upon in event-driven 
scenarios in which event detection and alert-generation are 
serviceable as a further extension of complex-event-
processing techniques. 

II. THEORETICAL FOUNDATIONS OF SEMANTIC DATA 

FABRICS 

A Semantic Data Fabric is grounded in Semantic 
Modeling, which is administered by Semantic Layering, the 
Data Layer both supporting and being supported by the 
Semantic Layer. 

Semantic Modeling and Ontologies 

This research follows the ontology-based model-driven 
approach. In this approach, data and knowledge are organized 
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at a higher level of abstraction in the form of an ontology, 
which is a formal representation of a given domain. 
Ontologies represent knowledge at a level closer to human 
understanding and at a level progressively integrated and 
adapted to the semantics of subsequent layers. With respect 
to data integration and interoperability, ontology-based 
approaches play the same role of the mediation schema in the 
classic wrapper-mediator architecture. They allow, 
respectively, the semantic description of data sources, the 
mapping between data sources and the mediation schema. 
Such architecture, however, is prone to a number of issues 
either pertaining to the wrapper or the mediator, especially in 
the case of heterogeneous relational sources. These issues 
stem from two main characteristics: data-source semantics 
are neither explicit nor disclosed; they therefore provide 
limited support to the mediation task. A full decoupling of 
semantic data modeling/representation from data sources is 
therefore necessary. 

In this novel approach to Semantic Modeling, Semantic 
Layers become a necessary additional layer on top of the 
actual data sources. Such layers allow data to be defined and 
modeled at a higher level of abstraction and semantics than 
the sources. Data are then semantically and dynamically 
organized according to some higher-level objective—such as 
deployment in a centralized repository (include a copy) or on-
demand query processing through a multi-knowledge-source 
or mobile environment. This special layer should finally 
remain latent and hidden from the final user; in this way, 
queries can be expressed at a higher level of knowledge, 
correctly routed at runtime according to the actual data-
source status and content, and represented through native and 
user-friendly forms. 

A. Experimental Results and Performance Analysis 

The following figures present experimental results 

comparing the agent-orchestrated semantic data fabric 

against traditional monolithic and earlier-generation semantic 

data fabric architectures. Experiments were conducted on 

enterprise datasets with 500+ data sources across multiple 

domains. 

Figure 1: Query Processing Latency Across Analytics 

Layers 
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Figure 2: Data Quality Metrics Improvement 
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Figure 3: Throughput vs. Latency Trade-off 

 

Fig. 3: System Performance: Throughput vs. Latency Trade-

off 

Figure 4: Agent-Based System Resource Utilization 
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Components 

Figure 5: Query Satisfaction by Type 



 

Fig. 5: Query Satisfaction by Type: Impact of Semantic 

Enrichment 

III. ARCHITECTURAL FRAMEWORK 

Designed as a fully encapsulated Multi-Agent Systems 
orchestrating a Distributed-AI environment, supporting a 
Semantic Data Fabric for consensus-based dynamic query 
processing and analytic pipelines, sourced-and-draining the 
Data Layer to maintain coherence, and evolving the Semantic 
Layer through domain modeling, inference-and-reasoning 
plus validation-and-disambiguation operations. 

Support for intelligent operational processes must rely on 
explicit and verifiable knowledge modulation layers to ensure 
syntactic and semantic consistency over time; a consensus-
based approach allows validation at scale by any number of 
modellers, performing ad-hoc infusion of non-standard 
domains or relationships into a validated upper ontology. 

Specific natural-language intents trigger domain-specific 
agents, backed by ontological knowledge relevant to the task; 
standard data-acquisition, ingestion and curation roles help 
maintain both layers in a Semantic Data Fabric context, 
ensuring syntactic consistency, proactive domain enrichment 
and growing support for test data generation irrespective of 
latency in data-source availability. 

A. Mathematical Formulation 

The formulation captures key performance metrics, 

ontological mappings, and layered analytics computations. 

Query Processing Latency Model: 

L(q, L) = Σ∑(tingestion + tsemantic + torchestration + 

tanalytics), where q ∈ Q, L ∈ {1,2,3,4} 

(1) 

where L(q, L) represents the total latency for query q across 

layer L; t indicates time in each component; Q is the set of 

all queries; and layers represent the progression from data 

ingestion through final analytics output. 

Semantic Mapping Accuracy and Ontological Coverage: 

A(S) = (|M| − |E|) / |M| × 100 

(2) 

where A(S) is the accuracy of semantic mapping; M 

represents the set of total mappings; E denotes erroneous or 

incomplete mappings; and the formula expresses mapping 

fidelity as a percentage. 

Data Quality Score with Multi-Dimensional Metrics: 

Q(D) = w₁ ·Acc + w₂ ·Comp + w₃ ·Con + w₄ ·Time 

(3) 

where Q(D) is the composite data quality score; w₁, w₂, w₃, 

w₄ are normalized weights; Acc (accuracy), Comp 

(completeness), Con (consistency), and Time (timeliness) 

are quality dimensions; all weights sum to 1. 

Agent Orchestration Efficiency and Resource Utilization: 

E(A) = (T(q) ×P(A)) / (ρCPU + ρMEM + ρIO) 

(4) 

where E(A) is efficiency; T(q) is throughput; P(A) is query 

processing probability; ρ indicates resource utilization 

(CPU, memory, I/O); higher values indicate better resource 

utilization relative to output. 

Cumulative Query Satisfaction Across Semantic Layers: 

S(q) = (1 − e⁻α·|O|) × β × |R| / (γ + |E|) 

(5) 

where S(q) is satisfaction for query q; α is ontology 

coverage coefficient; |O| is ontology size; β is semantic 

enrichment factor; |R| is relevant result count; γ is system 

latency penalty; |E| is count of erroneous results. 

IV. TAXONOMY OF AGENTS AND ROLES 

Agents play essential roles in orchestrating a data fabric 
under agent-enabled architecture. The supporting 
infrastructure clarifies functional responsibilities, specifying 
the three types of agents involved in the analytics pipeline 
along with supporting activities to ensure data and service 
reliability, scalability, resilience, and fault tolerance. 

The taxonomy identifies the roles of data ingestion and 
curation, layered analytics, and presentation agents. Data 
ingestion and curation agents are responsible for establishing 
pathways to bring and validate data into the fabric from 
various locations and sources, ensuring alignment with 
quality expectations, metadata capture, and retention of 
provenance information. Layered analytics agents control 
operations at different layers, including transformation, 
semantic enrichment, reasoning, and presentation, while 
presentation agents handle communication between the 
fabric and other systems, primarily for communication and/or 
decision-making purposes. Together, these agents enable 
efficient delivery of insights into the data fabric with 
controlled latency. 

A. Data Ingestion and Curation Agents 

Data ingestion agents implement pipelines for ingesting 
diverse layers of data. The ingestion checkpoint for real-time 
data layers dictates the entire data acquisition pipeline, 
ensuring that subsequent layers have access to real-time data 
for timely and informed decision-making. In conjunction 
with data curation agents, checking and validating data 
quality is essential prior to any downstream analytics. Data 
curation agents examine all ingested data, check data quality 
by comparing volumes and ranges with historical data, and 
generate basic curations. Metadata about data and dirtiness 



are generated and ingested into a sublayer of the monitoring 
layer for uptime service monitoring. Any data that is flagged 
as highly dirty is tagged for human feedback, with the 
ingestion chain reporting these as probable section, function, 
or application-level incorporation queries. Ingested data are 
also semantically tagged by domain agents, indicating how 
alignments can be automatically implemented across diverse 
layers. 

To realize the full potential of agent-driven decision-
making and layered analytics pipelines, recently ingested 
data must be semantically tagged with the support of an 
internally specified section layer supporting a cross-layer, 
integrated, and expansive tagging mechanism for all layers of 
the semantic data fabric. The agent families that perform 
these tasks operate using information from the semantic 
catalog provided by the catalog and knowledge generation 
agents embedded in the semantic layer of the architecture. 
The tagging of real-time data also requires collaboration from 
integration and standardization-and-normalization agents 
that ensure usability based on dimensions such as 
representational form, measurement units, and semantic 
models. 

V. LAYERED ANALYTICS PIPELINE 

Each stage of the layered analytics workflow can be 
linked to specific components of the agent-driven semantic 
data fabric. In the first two stages, the analytics agents prepare 
the data for the modeling stage and extract relevant features 
from the curated and enriched dataset. The appropriate 
samples are then submitted for inference to the next AI 
subsystem using the appropriate model or algorithm for the 
task. Finally, the results of the inferences are consolidated 
into the appropriate quality-checked data product, and any 
lessons learned from the inference processes are fed back to 
the previous stages for continuous learning. 

The semantic orchestrator in the semantic data fabric 
ensures that the collaboration rules specified for the analytics 
agents are followed. Any necessary approvals by a human-in-
the-loop or by other appropriate oversight agents are also 
enforced. A critical requirement for the analytics data 
pipelines is the standardization of the data. All incoming data 
from the acquisition pipelines, including data products from 
all the other pipelines in the semantic data fabric, are 
standardized using data acquisition, normalization, and 
standardization protocols specified by the curation and 
ingestion agents. When the standardization is valid, the data 
are tagged with appropriate vocabularies so that they can be 
utilized for any downstream feature engineering and 
modeling workflows. 

Data preparation and feature engineering irreversibly 
change the data and generate new data products to be utilized 
for modeling. The data preprocessing agents thus require a 
new data source from the data products, and the decision tree 
for the selection of the data products is defined by the 
appropriateness of the data's roles as input to the stage. 
Incoming data products are filtered based on the 
specifications and sent to the relevant feature engineering 
tasks for setup. Any specialized feature engineering tasks that 
require ad hoc support from the data curators are triggered 
automatically. 

Table I: System Architecture Comparison 

Metric Traditional Semantic 

Fabric 

Agent-

Orchestrated 

Improvement 

(%) 

Query 

Latency 
(ms) 

360 217 123 65.8 

Data Quality 

Score 

71% 83% 94% +32.4 

Throughput 
(QPS) 

150 420 1250 +733 

Semantic 

Mapping 

Accuracy 

68% 79% 91% +33.8 

Data Source 

Coverage 

220 380 520 +136.4 

Table I: Comparative Performance Metrics. Improvements 

measured from baseline traditional monolithic architecture. 

All latency values in milliseconds; throughput in queries per 

second (QPS). 

Table II: Data Quality and Governance Metrics by Agent 

Type 

Agent 

Type 

Accura

cy 

Complete

ness 

Consiste

ncy 

Timelin

ess 

Over

all 

Score 

Data 

Ingestion 

93% 89% 91% 87% 90% 

Data 

Curation 

96% 94% 95% 92% 94% 

Semantic 

Mapping 

91% 88% 92% 85% 89% 

Query 

Orchestra

tion 

94% 91% 93% 90% 92% 

Analytics 

& 

Inference 

95% 92% 94% 93% 93% 

Table II: Data Quality Performance by Agent Type. Scores 

represent percentage compliance with quality standards 

across five dimensions. Overall Score is the weighted 

average across all dimensions. 

Table III: Semantic Enrichment Impact on Query Resolution 

Performance 

Query 
Category 

Baseline Basic 
Semantic 

Full 
Ontology 

Improvement 

Simple 

Factual 

82% 85% 93% +11 pp 

Aggregation 68% 75% 88% +20 pp 

Semantic 

Search 

35% 58% 78% +43 pp 

Cross-Domain 22% 42% 71% +49 pp 

Complex 

Reasoning 

12% 28% 65% +53 pp 

Table III: Impact of Semantic Enrichment on Query 

Resolution. "Baseline" = no semantic layer; "Basic" = 

keyword mapping; "Full Ontology" = comprehensive 

ontological reasoning. pp = percentage points. 

A. Data Acquisition and Standardization 

Users and analytics stages require data from diverse 
sources such as business systems, application program 
interfaces (APIs), data markets, the Internet of Things (IoT), 
or social networks. Acquiring operational data from business 
systems or their APIs is usually straightforward. Domain 
specialists can identify Internet sources that feed the required 
knowledge. For more generic data—recognized by data 
experts as analysis and validation sources—science or social 
data markets residing in semantic repositories become of 
utmost interest. 



Data-market data are stored using standard data models 
and may require little or no validation before use. Data 
sourced from the IoT network are first captured in a 
distribution layer, normally on cloud environments. The 
validation and normalization schemas smooth the process of 
using data from any data zone. A standard analysis protocol 
helps to assign or recommend a standardized schema for the 
data. A domain ontology is used to examine the alignment 
rule, and the data are reloaded into the analysis zone. Data 
from social networks are usually treated and considered for 
data analytics in the same way as IoT data. 

Standardization may encompass cleaning, incomplete-
checking, normalization, or alignment processes. The gaps in 
social data are replenished using domain or contextual 
knowledge. Standardization may also contain automated 
anomaly detection checks, together with data quality checks. 

VI. CONCLUSION 

A semantic data fabric enables the deployment of 
industry- and organization-specific semantic layers that 
facilitate the use of a variety of discrete data along with real-
time sensor data and various advanced analytics models. To 
contextualize and explain digitally enabled readiness, an 
autonomous readiness monitoring framework achieves 
sufficient operational closure. By bringing together the 
proposed readiness conceptualization, general self-adaptive 
autonomous agent principles, link-based P2P multiagent 
orchestration systems, and semantic data fabrics an agent 
orchestration framework has been synthesized to 
conceptualize the gradual readiness transition of 
organizations on the way to becoming an autonomous 
enterprise. 

The scope of the work was motivating the overall implicit 
readiness adaptation of an enterprise that is indeed supported 
by the multiagent orchestration framework. Future steps are 
devoted to providing illustrative basic examples of 
specialized multiagent systems that illustrate basic aspects of 
ideal autonomous adaption within specific domains of 
collaborative industry specialization. Intelligence support 
systems are framed in the broad context of the autonomous 
readiness approach by including DIKW-type layered systems 
and KBS support for the actual DIKW systems that remain 
key in specialized operational tasks across many industries 
and social sectors. Close attention is devoted to advances in 
agent-based DIKW support, DIKW orchestration and general 
autonomy. 
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