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Abstract

This paper presents the Intelligent Service Experience
Fabric, a conceptual framework for autonomous internal and
external service delivery in data center environments, with a
focus on predictive customer fulfilment. Digital twins
continuously feed the observed service experience back into
operations, creating a closed loop for orchestrating and
controlling service experience operations. This loop also
supplies evidence-based inputs for the ongoing calibration
of algorithms and Al systems. Governance services adapt
their controls as conditions change and as risks emerge in
the physical world. Within this Fabric-as-a-Service (FaaS)
layer, human resources and the institution's human-centred
services are also exposed as consumable Faa$S services.

Infrastructure Service Experience Operations support
intelligent consumption, advisement, prediction, and
fulfilment of services through five components: Data
Ingestion and Integration; Data Management and
Governance; Data Quality and Semantics; Data Enrichment
and the Semantic Layer; and Analytical and Predictive
Modelling. A small set of autonomous control loops governs
machine-learning-driven consumer models. These loops
enable autonomous data center operations, continuous
demand forecasting, digital twin reflection of the service
experience, and autonomous fulfilment, advisement, and
experience adjustment.

Predictive Customer Fulfilment builds on this foundation to
let a consumer service construct a supply-side model of how
a product or service is being, or will be, delivered. The
model draws on three inputs: consumer preferences derived
by machine learning, a product or service recipe derived by

machine learning, and service delivery support requests
handled by machine-learning and agent-driven processes.

Keywords—Intelligent service experience; data center
operations; autonomous operation; predictive fulfilment;
predictive service analysis; intelligent fabric; supply chain;
online services; customer fulfilment.

1. INTRODUCTION

Autonomous operations and predictive fulfilment in
service-oriented industries are driven by cloud-based
technology ingredients. These capabilities are not utilized to
their full potential by data centers in the IT sector. While
automation helps scale physical infrastructures, enable self-
healing and adaptive provisioning, and minimize or eliminate

human interventions, current service management and
support models remain largely telephone-based. These
human-centric service experiences are not well positioned to
address the changing nature of services delivered with high
levels of automation. Continuous monitoring and self-healing
capabilities need to be backed by intelligent processing to
preempt service disruptions and provide proactive
remediation steps to customers and other stakeholders. An
intelligent Service Experience Fabric aligned to the
Autonomous Data Center Operations and Predictive
Customer Fulfilment concept provides these capabilities.

An Autonomous Data Center Operations model derives
service resources with varying workloads and round-trip
times on demand. The cloud consumer experience is no
longer severely dependent on Service Level Agreements, and

l|Page



shortening of these round-trip times with minimal or no
human intervention is an industry-wide need. The Integrated
Datacenter ~ Management  Environment  consolidates
monitoring tools and products across leading solution
providers, enabling data ingestion from disparate tools. Work
is in progress to enhance the system's capability to perform
intelligent remediation and alerting by leveraging the
ingestion and data symbiosis concepts from the Intelligent
Service Experience Fabric for Autonomous Operations and
Predictive Customer Fulfilment.

Table 1. Functional Components of the Intelligent Service
Experience Fabric

Primary - Expected
Component Function Al Technique Outcome
Data Collect telem etry Streaming Real-time
Ingestion and service Analytics monitoring
events
Data Organize Metadata Unified data
Management operational data Management repository
Data Qualit Validate and Rule-based & Trusted
Y Cleansedata ML validation datasets
Semantic Contextualize Knowledge Intelligent
Layer information Graphs reasoning
Predictive  Forecast failures Machine Proactive
Analytics and demand Learning fulfilment
Governance Policy Policy-based Secure
- autonomous
Engine enforcement Al .
operations

Table 2. Autonomous Control Loop Performance

Stage Input Processing Output
Perception Sensors, Data Collection Event Stream
Logs

Analysis Event Stream Al Analytics Predictions

Decision  Predictions Opt|m|_zat|on Control Decision
Engine

Action Decision  Automation Scripts Service Execution

Learning  Feedback  Model Retraining Improved
Accuracy

2. Conceptual Framework

Three core areas define the concept of an Intelligent
Service Experience Fabric for Autonomous Data Center
Operations and Predictive Customer Fulfilment: an
intelligent service experience fabric enabling an autonomous
control layer for data center operations supporting fully
managed, pay-per-use experiences; a predictive fulfilment
layer supporting customer needs before fulfilment requests
are submitted; and an autonomous operations model capable
of delivering B to N exponential fulfilment economies of
scale effect, at VV to F demanding levels of service experience
and price performance. The relationships among the core
components are depicted in Figure.

The concept of Intelligent Service Experience Fabric for
Autonomous Data Center Operations and Predictive
Customer Fulfilment is guided by the following assumptions.
First, an autonomous Data Center operations control
abstraction layer with end-to-end operational management
capabilities eliminates or at least reduces the need for Manual
Command Control. Second, remaining Manual Command
Control volume will demand time-sensitive service
experience performance levels typically enabled by external
human domain controllers. Third, intelligent Data Center
service experience definition management ensures sufficient
directed service experience economic appeal to influence
customer demand direction and volume over time. Fourth,
remaining operational service experience performance
requirements set Natural Operations boundaries for AV
processing complexity and scale without Service Experience
Burns. Finally, Natural Operations powered Autonomous
Data Centers will enable autonomous Data Center Service
experience B to N economies of scale effect during the
transformation to Networked Clouds.

Table 3. Predictive Customer Fulfilment Metrics

. _— Desired
Metric Description Value
Demand Prediction Forecast precision >95%
Accuracy
Response Time Time to fulfil request <2 sec
Automation Rate Autonomous fulfilment >90%
SLA Compliance Successful service >99%
delivery

Customer Satisfaction Experience score >4.7/5

Table 4. Data Quality Assessment
Dimension  Measurement
Completeness Available Records / Expected Records
Accuracy Correct Values / Total Values
Consistency  Consistent Records / Total Records

Timeliness On-Time Records / Total Records



A. Autonomous Data Center Operations

Autonomous data center operations constitute a key
enabler of an intelligent service experience fabric. An
intelligent service experience fabric supports autonomous
data center operations and predictive fulfilment of customers’
digital service requirements. Operational Intelligence
enhances data center self-healing and adaptive provisioning
through supporting frameworks, tools, and methods
integrated into governance and risk processes — a set of
systems and practices designed to identify, manage, and
mitigate critical risk and range-of-control issues. Each
autonomous control loop comprises management and control
software, sensors, actuators, infrastructure components, and
service management systems/feeds tagging detected trends
based on machine learning algorithms to signal trigger points
for action. A large-scale data center generates massive
amounts of telemetry data, including performance parameters
such as Mean Free Times, failure signatures,
configuration/maintenance interactions, and utilization
trends of systems across the Data Center. Proprietary and
open source data mining systems support Operational
Intelligence loops by providing Infrastructure Knowledge
Bases containing models of infrastructure and its main failure
modes, tuned by a set of local and global refinements of
automatic remediation procedures.

Achieving a high degree of operational autonomy
requires the implementation of risk-confinement boundaries
for each autonomous operational loop, thus identifying,
assessing, and acting upon risk areas. Governance and risk-
control processes therefore monitor the ‘“health” of the
autonomous control loops, establishing strong technological,
organizational, and management governance in order to
maintain overall control of the operations in areas such as
security, data privacy, resilience to service disruption,
infrastructure  reliability, service compliance, and
environmental sustainability.

Mathematical Formulas:

(1) Prediction Accuracy

TP+TN

PA= G TN ¥ FP T FN

(2) Customer Fulfilment Rate

Completed Requests

CFR =
Total Requests

(3) Resource Utilization

Used Resources

Available Resources 00

(4) Data Quality Score

DQS
_ Completeness + Accuracy + Consistency + Timeliness
- 4

(5) Service Availability

Operational Time
SA=—7F——F——x%x100

Total Time

(6) SLA Compliance

Successful Services
SLA = - X 100
Total Services

(7) Mean Response Time

Y. R esponse Time

MRT =
N

(8) Predictive Demand

Dt = aXt + (1 - a)Dt_l

(9) Customer Satisfaction Index

C ustomer Ratings
cs1 =2 g

Total Customers

(10) Overall Autonomous Performance

Automation + Accuracy + Availability

OAP = 3

3. Architecture and Components

The independent layers—service experience and
autonomy—are depicted in a simplified architecture diagram.
The service experience layer consists of four components
aligned with the perception, decision, action, and learning
layers of the autonomous control loop. The corresponding
autonomous data center operations diagram simplifies the
service experience and adds five key data structure discussion
points.

The perception layer comprises the data ingestion and
integration component, where relevant data from diverse on-
premise and external sources is collected. On the integration
front, both real-time ingestion of event-based data and batch
processing of high-volume data are considered. Schema
mapping ensures correct mapping from diverse producers to
a common physical schema. Data provenance and lineage
management support traceability. Synchronization of real-
time and batch processes ensures the feedback loop for
autonomic control within the full-control frequency range.

The decision layer comprises the data management,
governance, and analytics components. Data management
focuses on creating appropriate models for structured data,
managing key metadata, establishing a data asset ontology,
creating a semantic layer, and ensuring semantic consistency,
quality, and coverage. Governance sets policies, processes,
and technologies to enable controllable access to data at rest,
in use, and in motion, ensuring compliance with legal and
organizational guidelines, detecting and managing breaches,
and enabling audits for transparency. Analytics ensures the
availability of sufficiently capable and trusted analytic assets
in on-premise and cloud environments.
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A. Data Ingestion and Integration

Data sources, including service management systems
(e.g., ServiceNow), fulfillment orchestration engines,
network and device inventory repositories, fault and alarm
repositories, application performance monitoring tools, and
third-party business applications, provide information crucial
to autonomous operations and indicative of a positive service
experience. Relevant events and measures are ingested in real
time and stored in a common integration area using
technology that meets requirements for scalability, high
availability, and fault tolerance. Data from business
performance dashboards and customer satisfaction indicators
are treated as signals for predictive customer fulfilment and
sourced through dedicated or customized connectors.

Real-time data from various sources is enriched with
metadata, and a schema corresponding to the data semantic
model is mapped to the integration area. Data conforming to
the appropriate schemas is then ingested on a near-real-time
basis. Historical data required for batch processing is also
integrated, and both real-time and batch-process data are
stored in the same common data repository. A data-
provenance model and lineage are proactively captured and
data-source synchronisation is ensured. A separated storage
area is used for operational data that do not require detail-
level provenance management.

4. Data Management and Governance

Data management and governance constitute critical
enablers of a data-driven enterprise's service experience
fabric. Data models define business and operational data
structures; a metadata management layer keeps track of data
systems, sources, structures, and relationships; an ontology
layer provides domain semantics essential for business-
intelligence applications and for improving the quality of

customer and business experience through automation and
intelligent monitoring and learning; and a governance
framework through policies, rules, and procedures ensures
the appropriate level of quality, consistency, usability, and
security of the data.

Data models for business and operational data can be
derived from the schema of major business and operational
systems, such as a customer relationship management
(CRM)-system schema for business data and an enterprise
resource planning (ERP) schema for operational data. A
sophisticated layer focusing on metadata management is
critical. Ontologies, understood as vocabularies providing
definitions of domain concepts together with the relationships
between them, offer another crucial layer. They enable
semantic consistency and concordance across all data and
information systems of the enterprise. Such a layer is
essential for automating data integration and supporting
business-intelligence  applications. ~ Such  semantic
concordance could potentially enhance product and service
personalization.
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A. Data Quality and Semantics

Quality is a key prerequisite to providing accurate, timely,
and trustworthy services and products. Data anomaly
detection, identification, and rectification can be resource-
intensive; however, implementing improved precision in data
capture, integration, and storage procedures reduces the need
for further intervention. Adopting a data quality gate strategy
augments quality when crucial data are processed or
reperformed. Essential dimensions in data quality are
completeness, correctness, consistency, and timeliness.

Measurement methods for completeness include cross-
checking with other sources or external statistics and analyses
based on historical patterns and data relationships, with
statistical tests testing significance. Undetected discrepancies



at lower levels render analyses invalid at higher levels,
making attempts at correcting them largely futile. Correct
data quality is achieved at the end of integration processing,
although lesser levels may be acceptable for specific
processes such as monitoring, reporting, and training. A
certain degree of data correctness can also be estimated
through a combination of related input signals, rules, and
expectations. Consistency of different types of events within
and across systems needs to be ensured since differences may
arise from variations in measurement methods and
parameters across systems, which distort the overall
perception of the environment. For many types of data,
quality gates should make a decision based on data from other
systems every time that data are processed (i.e., not only for
abnormal conditions). Timeliness remains an issue primarily
when requesting older data from other systems; data provided
by external services are often years old when accessed,
making timely delivery impossible.

Shader complexity is often very high on current graphical
processors owing to several factors, including a focus on
visual richness rather than real-time performance. A very low
frequency within the clear components of these systems
induces a minimal capacity to deliver multi-channel services.
Filtering and blending fields can be grouped according to
assignments in such a way that the blending of large
multichannel bits becomes an efficient operation rather than
a non-affordable one. Delivering a requested amount of
virtual space without considering the final destination creates
inefficiencies in resource allocation and diminishes service
quality. Consequently, changes of destination should induce
special operations on the data colours; changing the channel
needs to be accompanied by a colour remapping, and colour-
grayscale operation on fixed position channels should also be
distinguished.

5. Conclusion

The service experience fabric for autonomous data center
operations and predictive fulfilment integrates the
autonomous service ecosystem and a smart experience
platform, adapting to data-source supply demands and
service-consumption return levels. Multi-domain intelligent
service experience capability, united through data, empowers
intelligent decision-making at all service layers and mitigates
the risk of control failures—through independent self-healing
and action operations consolidated by the intelligent
experience capability ecosystem to maintain service-level
agreements. Enhanced autonomous operation delivery
optimizes predictive fulfilment capability, providing
customers with closure satisfaction. Integrating all-source
data and simplifying flavor arrangement—with the least
resource consumption for day-to-day operations—closes
fulfillment concerns, allowing customers to concentrate on
core business needs. Data confidence, congruency through
different systems, and thus real demand-supply balance are
of prime importance for autonomous operation fulfillment.

Service experience fabric concept applicability and
development for real service engagement and operation
autonomy has yet to be validated in operation and deployed
for intelligent enablement via operations. Future
considerations therefore concentrate on active exploration of

the relationships, indicators, and concepts of integration
nuances to govern service experience and enable an
intelligent experience platform capable of real delivery. The
broad-domain-connected autonomous experience ecosystem
concept  targets intelligence-enhanced  non-domain-
controlled, supply-return, experience-closed operations that
limit operational-domain depth and associate with supporting
intelligent systems for engagement delivery at high
satisfaction levels—closure rather than cost being the true
driver. Implementation remains considered in relation to Al
service for data delivery for real accreditation and
acceleration of build efforts.
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