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Scaling Generative Al (GenAl)
from proof of concept (PoC) to
production ready introduces a set
of complex challenges. Many
organizations aiming to bring
GenAl into production struggle
with issues such as data readiness
gaps, infrastructure bottlenecks,
and the need for robust
governance frameworks.
According to the Deloitte State
of Enterprise survey, 68% of
organizations reported moving
30% or fewer of their GenAll
experiments into production’,
primarily due to legacy constraints,
data readiness issues, and
insufficient expertise in managing
large-scale language models. This
paper addresses these key barriers
and provides tangible
recommendations for scaling
GenAl successfully.

GenAl deployment requires a
strategic approach across each of
the three phases introduced in Part
1. In the PoC Build phase,

organizations must focus on
ensuring data quality, addressing
fragmented data silos, and
establishing automated pipelines
to process unstructured data
efficiently. As the system
transitions to the Deploy and Test
phase, hybrid cloud and edge
architectures play a crucial role in
managing latency, while Retrieval-
Augmented Generation (RAG)
enables real-time access to
external data, enhancing model
accuracy and relevance. In the
Scale and Operate phase,
continuous optimization through
LLMOps pipelines and multi-agent
systems becomes essential for
maintaining performance, while
compliance and security are
reinforced through robust
governance frameworks.

Throughout each phase, aligning
GenAl deployments with
measurable business outcomes is
critical and many organizations fail
to connect technical deployments



with business objectives and
outcomes. This paper emphasizes
the importance of business
alignment, cross-functional
collaboration, and proactive
governance to address
challenges like model drift, data
security, and regulatory
compliance. By addressing these
barriers to success, ITDMs can
avoid common pitfalls such as
model underutilization, siloed
workflows, and operational
inefficiencies, and utlimately
unlock the full potential of GenAl.

GenAl Deployment
Common Challenges and
Best Practices

Many organizations that struggle
to progress from POC to

Production Ready often face
similar challenges. Intentionally
approaching the six barriers
below will better position ITDMs
to get to scale faster. These
include the following - Data
Readiness Gaps, Infrastructure
Bottlenecks, Continuous Model
Optimization and Performance
Drift, Lack of Business Alignment,
Governance, Integration and
Resource Constraints. Addressing
these challenges systematically
across the phases of deployment
can significantly improve the
chances of scaling successfully.

Data Readiness Gaps

Building a GenAl solution with an
LLM as a core component
requires careful attention to the
quality, structure, and availability
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Figure 1: Barriers to Scale

contextually relevant outputs.
Organizations need to establish
robust data pipelines to ensure
that LLMs receive high-quality
data in a compliant and efficient
manner. Key data-related
challenges include ensuring data
availability, consistency, and
efficient processing to support
near real time or batch-based use

of input data. This is especially
critical when dealing with
unstructured data, which is
essential for tasks such as prompt
engineering, fine-tuning, and near
real time interfaces like chatbots.
Data inconsistencies and
fragmented pipelines can
significantly degrade the system'’s
ability to produce accurate,



cases. A few such challenges are
listed below:

* Unstructured Data Silos:
Unstructured data (e.g., text,
chat logs, documents) often
resides in disparate silos
across the enterprise,
fragmented across multiple
storage systems and formats.
The lack of interoperability
between data sources makes
it difficult to standardize and
preprocess the data for LLM
ingestion. This creates
bottlenecks in tokenization,
embedding generation, and
contextual understanding
required for fine-tuning and
inference.

* Inconsistent Data Quality:
Input data for LLMs frequently
lacks completeness,
consistency, and contextual
accuracy, leading to degraded
model performance.
Inconsistent labeling,
incomplete datasets, and data
that lacks the necessary
contextual depth can result in
biased or irrelevant outputs.

Data quality metrics, such as
label accuracy, data
completeness, and semantic
consistency, often don’t exist,
making it difficult to evaluate
new data and isolate issues
efficiently. This variability in
data quality significantly
impacts the model’s ability to
generate reliable results.

Data Security and
Compliance Risks: Handling
sensitive data (e.g., PII,
healthcare records, financial
data, employment records)
during LLM development,
fine-tuning, and inference
requires strict enforcement of
data privacy regulations (e.g.,
GDPR, HIPAA). Many
organizations lack automated
mechanisms for data
encryption, anonymization,
and access control, leaving
them vulnerable to breaches,
non-compliance, and data
leakage during model
inference or training
processes. Additionally, data
lineage tracking is often
missing, making it difficult to



» audit data flows across LLM
pipelines and ensure
compliance across all stages
of the model lifecycle.

Addressing data readiness gaps is
crucial during the PoC Build
phase, where fragmented data
silos and inconsistent quality can
hinder prompt engineering and

Best Practices:

early model validation.
Implementing automated data
preprocessing pipelines at this
stage ensures that unstructured
data is standardized and
efficiently processed, preventing
bottlenecks during tokenization,
embedding generation, and
contextual understanding.

Automated Data Preprocessing Pipelines: Implement end-to-end preprocessing pipelines that automate
tokenization, embedding generation, and text cleaning. These pipelines should support asynchronous batch

processing for offline data and real-time streaming for live input sources.

Data Governance Automation: Introduce centralized data governance platforms that manage data lineage, version
control, and access policies. Use metadata tagging to enforce consistency in labeling and versioning across data

streams.

Real-Time Data Quality Validation: Set up real-time validation tools that flag incomplete or inconsistent data as it’s
ingested, ensuring that only high-quality, contextually relevant data is processed. Use techniques like semantic

validation to ensure that data is aligned with the model’s requirements.

Data Security Governance: Leverage data encryption and anonymization protocols to secure sensitive data inputs
before they are processed by the LLM. Implement automated compliance checks to ensure adherence to privacy
regulations (e.g., GDPR).

Figure 2: Best Practices to Counter Data Related Challenges

In the Deploy and Test phase,
data quality validation and data
governance automation are key
for managing live data streams.
Ensuring that only high-quality,
consistent data reaches the
model is critical for maintaining
compliance and optimizing
performance as the system
transitions to production-like
environments. Centralized
governance tools help manage
data lineage and enforce privacy
regulations, such as GDPR, by
ensuring transparency and
control over data flows.

During the Scale & Operate
phase, data security governance
becomes even more essential as
the system scales and handles
larger volumes of sensitive data.
Automated compliance checks,
encryption, and anonymization
protocols protect against
breaches and ensure ongoing
adherence to regulatory
standards. These best practices
help ensure smooth scaling and
fast-track organizations toward
fully production-ready
deployments.



Infrastructure Bottlenecks

As organizations scale GenAl
deployments, infrastructure
scalability becomes a critical
bottleneck, especially given the
computational intensity of LLM-
powered solutions. Unlike
traditional machine learning
models, these systems require
substantial compute resources,
storage, and, in some cases,
networking infrastructure due to
the complex interplay of
services involved in inference,
fine-tuning, and deployment. It’s
not just the model itself that
strains the infrastructure, but the
full solution, which often
integrates multiple services—
such as retrieval-augmented
generation (RAG), logging, and
real-time inference—working
together to deliver business
value. Storage becomes a
primary concern due to the need
to manage large volumes of
data, including documents for
retrieval, audit logs, and
potentially storing outputs for
compliance purposes. While
networking may not be a
primary concern for most

organizations, compute
resources remain the most
critical bottleneck due to the
high demands of running LLMs
and associated services at scale.
Organizations encounter
infrastructure bottlenecks
because:

* Insufficient Compute
Resources: LLM inference
and fine-tuning demand
high-performance
environments like GPUs and
TPUs. For organizations self-
hosting models, the
challenge is dynamically
provisioning resources to
handle variable demand.
Without orchestration tools
(e.g., Kubernetes, OpenShift)
to auto-scale, compute
resources may be under- or
over-utilized, causing
inefficiencies. Hosted model
services abstract these
issues but come with higher
compute costs. Choosing
between self-hosting and
LLM-as-a-Service involves
balancing performance
control with cost
considerations.




* Latency in Near Real Time
Applications: Traditional
infrastructure, optimized for
batch processing tasks, is
unsuitable for near real time
GenAl applications such as
conversational agents,
recommendation engines, and
content generation. The high
frequency of inference
requests can overwhelm
legacy systems, which were
designed for periodic

Best Practices:
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 execution rather than

continuous near real time
inference. Latency issues are
exacerbated when compute
resources are distant from
data sources or end-users,
leading to network-induced
delays. While ultra-low latency
(e.g., sub-100ms) may not be
critical for chatbots, reducing
delays remains important to
ensure a smooth and
responsive user experience.

Elastic Compute Provisioning with Kubernetes: Implement Kubernetes-based auto-scaling solutions to dynamically
allocate GPU/TPU resources based on on-demand inference workloads. Ensure that compute resources are
efficiently scaled to match fluctuating traffic demands.

Hybrid Cloud and Edge Deployments: Utilize edge computing to offload latency-sensitive GenAl tasks closer to the
data source, while centralizing compute-heavy tasks (e.g., fine-tuning) in the cloud. This ensures lower latency for
on-demand applications while maintaining the computational power needed for large-scale inference.

Distributed Storage and High-Bandwidth Networking: Use distributed file systems (e.g., Ceph, Lustre) to handle
large-scale data and ensure high throughput for data transfers. Implement high-bandwidth networking solutions
(e.g., SD-WAN) to optimize data flow between storage and compute nodes.

Figure 3: Best Practices to Counter Infrastructure Related Challenges

In the PoC Build phase,
infrastructure readiness is crucial.
Early implementation of elastic
compute provisioning with
Kubernetes ensures smooth
scaling as data demands grow,
preventing performance issues.
Setting up distributed storage
and high-bandwidth networking
early also optimizes data flow for
prompt engineering and model
fine-tuning.

In the Deploy and Test phase,
hybrid cloud and edge
deployments—along with Al PCs

as part of the target
architecture—minimize latency
for near real-time GenAl
applications. Offloading latency-
sensitive tasks to the edge while
leveraging cloud compute for
heavy operations ensures low-
latency, high-throughput
performance. Efficient compute
resource allocation based on
demand prevents bottlenecks
during rigorous testing.

In the Scale and Operate phase,
elastic compute provisioning and
distributed storage support high



I/O operations and large-scale
data transfers. Optimizing
compute and storage
infrastructure ensures low-latency
performance as the system scales
to full production, enabling
seamless large-scale GenAl
deployment.

Continuous Model Optimization
and Performance Drift

LLMs deployed for near real time
inference require constant
monitoring and optimization to
ensure sustained performance.
Over time, as input data
distributions shift or user
interactions evolve, models are
prone to data drift, resulting in
degraded accuracy, relevance,
and response quality. Without a
robust framework for continuous
optimization, organizations risk
deploying models that
underperform or fail to meet
business expectations.
Automated optimization
processes are critical to
preserving model accuracy and
contextual relevance, especially
for dynamic environments with

frequently changing inputs.
Organizations encounter
challenges in model optimization
due to several technical factors:

* Model Drift: In GenAl models
(LLMs), drift occurs when
production data diverges
from the training data,
causing outputs to become
outdated or irrelevant. This
impacts applications like
customer support and content
generation, where evolving
language trends and user
preferences are crucial.
Detecting drift requires
continuous monitoring of
input data and prompt
distributions, with techniques
like semantic drift detection
and tracking shifts in language
patterns to ensure output
relevance.

 Manual Fine-Tuning and
Optimization: Fine-tuning
LLMs to adjust for new data
patterns or domain-specific
nuances is resource-intensive,
often requiring significant
compute resources and time



* toretrain. Many
organizations lack
automated fine-tuning
pipelines, forcing teams to
rely on manual, periodic
optimization efforts. This
leads to delays in addressing
model drift, inefficient
resource allocation, and
suboptimal model
performance during critical
business windows. The
absence of transfer learning
workflows further
complicates the adaptation
of models to new domains
without full retraining.

* Lack of Real-Time
Monitoring: Without LLMOps
pipelines in place,
organizations often fail to
detect early signs of model
performance degradation.
Key metrics like, and output
variability are frequently
under-monitored, leading to
reactive rather than
proactive optimization. This
lack of real-time monitoring
prevents organizations from
making incremental
adjustments to models,
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* resulting in prolonged
periods of degraded
performance before
corrective actions are taken.

In addition to continuous model
optimization, multi-agent and
RAG architectures play a crucial
role in scaling GenAl to meet
high-demand, real-time
requirements. Multi-agent
systems divide responsibilities
among specialized agents—such
as those handling language
processing, context retrieval,
and response generation—
allowing each agent to be finely
tuned for its task. This setup not
only accelerates processing but
also improves contextual
relevance, as agents can
dynamically adjust responses
based on the specific demands
of each task.

RAG further enhances scalability
by enabling models to retrieve
up-to-date external data during
inference, which helps mitigate
data drift without requiring
constant retraining cycles. This
approach is particularly valuable
in applications like customer
service, recommendation




engines, and real-time content
generation, where accessing the
latest information significantly
boosts response accuracy and
relevance. Together, multi-agent
and RAG architectures provide a

Best Practices:
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full retraining.

real-time applications.

flexible, adaptable foundation
for GenAl systems, ensuring
sustained performance, low-
latency responses, and relevance
as data environments evolve.

Deploy LLMOps Pipelines: Establish LLMOps frameworks that continuously monitor key performance metrics such
as cross-entropy loss, token log-likelihood, and output variability. Automate drift detection and trigger alerts or
retraining workflows when the model’s performance begins to degrade.

Transfer Learning for Fine-Tuning: Automate scheduled fine-tuning using transfer learning techniques to periodically
adapt the pre-trained model to new data patterns, ensuring that it remains contextually accurate without requiring

Real-Time Feedback Integration: Use real-time feedback loops to collect user interaction data and dynamically
adjust model parameters. This ensures that the model adapts to changing inputs and maintains high performance in

Figure 4: Best Practices to Counter Model Related Challenges

In the PoC Build phase,
addressing potential model drift
is key to validating LLM
performance. Implementing real-
time feedback integration during
this phase helps detect shifts in
data patterns and allows for
prompt adjustments to model
parameters. Introducing transfer
learning for fine-tuning ensures
models can adapt to new data
efficiently without the need for
full retraining.

In the Deploy and Test phase,
transfer learning enables models
to be fine-tuned based on
evolving data patterns, allowing
organizations to quickly adapt
models without extensive

retraining. Additionally,
integrating RAG enables real-time
data retrieval, enhancing
response relevance by
dynamically accessing up-to-date
external information. Real-time
feedback loops also help collect
user interaction data and
dynamically adjust model
behavior, ensuring performance
stability and responsiveness as
the system moves closer to
production.

In the Scale and Operate phase,
deploying LLMOps pipelines
becomes critical for continuous
monitoring of key metrics like
cross-entropy loss and token log-
likelihood. These pipelines



automate drift detection and
trigger optimization workflows to
ensure models remain aligned
with changing data. Multi-agent
systems further enhance
scalability by dividing tasks
across specialized agents,
enabling efficient handling of
complex, high-demand processes.
By automating these processes
and leveraging multi-agent
systems, organizations maintain
high performance and efficiency
as the GenAl system scales to full
production.

Lack of Business Alignment

Scaling GenAl solutions
effectively requires a deep
alignment between technical
deployments and business
outcomes. However, many
organizations struggle with this
alignment, as GenAl projects are
often driven by technical
experimentation rather than
being anchored in measurable
business objectives. Without clear
ties to business metrics or well-
defined use cases, these projects

risk becoming siloed,
underutilized, or misaligned with
the organization’s broader goals.
This disconnect between
technology and business value
ultimately impedes adoption and
scalability. Several factors
contribute to the misalignment
between GenAl deployments and
business outcomes:

« Technology-Driven Focus:
Many GenAl projects are
initiated by technical teams
(e.g., data science, Al
engineering) with minimal
involvement from business
stakeholders. This leads to
projects that focus on model
experimentation and technical
performance metrics (e.g.,
model accuracy, latency)
without considering how the
solution will impact core
business problems. The
absence of business-driven
KPIls means that these models
are often evaluated on
technical success rather than
their real-world business
impact.



* Underutilized Models:  Siloed Teams: In many

Without clearly defined organizations, Al teams
business use cases or operate in isolation from
specific KPIs tied to business product managers and
objectives, GenAl models business stakeholders. This
frequently remain siloed approach results in a
underutilized after lack of collaboration between
deployment. Organizations the teams responsible for
may deploy models without building the models and those
clearly articulated goals, responsible for defining the
resulting in ad-hoc usage that business needs. The resulting
fails to maximize the model’s disconnect means that
potential. For instance, a technical teams may build
conversational LLM may be highly advanced models that
deployed as a customer fail to solve the specific
support tool but without a challenges faced by the
defined metric for measuring business, leading to low

its impact on customer adoption or misaligned
satisfaction or operational priorities.

efficiency, its contribution to
business success remains
unclear.

Best Practices:

Business-Centric GenAl Roadmaps: Develop a roadmap that directly links GenAl use cases to measurable business
goals (e.g., increasing revenue, reducing operational costs). Define business-driven KPIs and ensure they are tracked

alongside technical metrics.

Cross-Functional Teams: Create cross-functional teams that include product managers, data scientists, and business
stakeholders to ensure business needs are aligned with technical capabilities. Regular alignment ensures that the

technology is solving real business problems.

Al Performance Dashboards: Use real-time dashboards that tie GenAl model performance metrics (e.g., inference
@ time, output quality) directly to business outcomes (e.g., improved customer retention, cost reduction). Provide

these dashboards to business leaders to foster engagement and ensure buy-in.

Figure 5: Best Practices to Counter Business Alignment Related Challenges

In the PoC Build phase, metrics from the start ensures
establishing business-centric that models are built to solve
GenAl roadmaps ensures that relevant business problems,
GenAl initiatives are directly tied avoiding misalignment later.

to measurable business goals
(e.qg., revenue growth, cost
reduction). Defining business-
driven KPIs alongside technical

During the Deploy and Test
phase, cross-functional teams
consisting of both technical and
business stakeholders help



maintain focus on both
performance metrics and
business outcomes. This ensures
that model iterations and new
features directly align with
business objectives, preventing
the underutilization of models
post-deployment.

In the Scale and Operate phase,
using Al performance
dashboards to link technical
metrics (e.g., inference time,
output quality) to business KPlIs
(e.g., customer retention, cost
efficiency) allows continuous
evaluation of GenAl's impact on
business goals. This ensures
long-term scalability while
maintaining business alignment.

Governance and Explainability
in GenAl

As GenAl systems scale across
organizations, the need for
robust governance frameworks
becomes critical to ensure
compliance, security, and
explainability. The non-
deterministic nature of LLMs
introduces challenges in
maintaining transparency,
especially in sectors where
auditability and regulatory

compliance are essential.
Organizations that fail to
implement governance early in
the GenAl lifecycle risk non-
compliance, model
inconsistencies, and operational
inefficiencies, particularly as
models interact with sensitive
data or make decisions that
require clear justifications.
Governance and explainability
challenges arise due to several
technical factors:

« Delayed Governance
Implementation: As GenAl
systems scale, robust
governance frameworks
become essential for
compliance, security, and
explainability. While
governance is crucial,
introducing this oversight
too early—such as during the
PoC phase—can stifle
innovation before models are
fully validated. However,
delaying governance until
production creates risks of
non-compliance, inconsistent
outputs, and inefficiencies,
especially in handling
sensitive data and making
justifiable decisions. A




balanced approach is key:
organizations should establish
foundational governance
during development to ensure
audit trails and regulatory
alignment, without impeding
early experimentation. This
proactive yet flexible
approach avoids the pitfalls of
reactive governance and
supports sustainable,
compliant GenAl growth.

Explainability Gaps: LLMs are
often seen as "black boxes”
due to their complexity and
probabilistic nature, making it
challenging to provide
explanations for specific
outputs. This lack of model
interpretability creates
problems in industries where
decision transparency is
mandated (e.g., finance,
healthcare). Inadequate
explainability frameworks
make it difficult to trace how
the model arrived at a
particular decision, leading to
challenges in regulatory audits
and trust issues with end
users.

Incongruent Governance:
While centralized governance
frameworks provide strong
oversight and ensure uniform
compliance, they often stifle
innovation by slowing down
model iteration and
experimentation. On the other
hand, decentralized
governance without sufficient
oversight mechanisms leads
to inconsistencies in security
protocols, model validation
processes, and compliance
enforcement, making it harder
to maintain enterprise-wide
standards.

Data Governance: Without a
centralized data governance
framework, organizations
struggle with inconsistent
data standards, version
control issues, and
fragmented access
management. This lack of
cohesive governance leads to
inefficiencies in the model
lifecycle, from fine-tuning to
inference, due to the absence
of uniform labeling standards,
data validation policies, and



and makes it difficult to
maintain data consistency
across different teams and
systems.

role-based access control.
Fragmented governance
results in delays in model
deployment

Best Practices:
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Hybrid Governance Model: Implement a hybrid governance model that balances centralized control over
compliance and security with decentralized flexibility for operational innovation. Central governance teams should
enforce compliance audits and security policies, while operational teams can handle model fine-tuning and

optimization.

Explainability: Leverage explainability techniques such as attention visualization or counterfactual analysis to ensure
that all model outputs are auditable and interpretable. These methods are better suited for LLMs, allowing insight
into how models process input and generate output. Establish policies that require explainability as part of the
governance process, especially in industries with strict regulatory requirements.

Guardrails for Compliance and Security: Deploy automated guardrails that enforce compliance with data privacy
laws (e.g., GDPR), detect bias in model outputs, and ensure security protocols are applied consistently across all

environments.

Figure 6: Best Practices to Counter Governance Related Challenges

In the PoC Build phase,
integrating a hybrid governance
model early ensures that
compliance and security are
embedded from the start. This
avoids reactive governance later
in the lifecycle. Introducing
explainability tools like SHAP and
LIME ensures transparency and
auditability, especially in
regulated industries.

In the Deploy and Test phase,
implementing guardrails for
compliance and security is critical
as models handle live data.
Automated guardrails ensure
adherence to privacy laws (e.g.,
GDPR), and explainability
frameworks support auditing,
ensuring decisions can be
justified in sectors like finance or
healthcare.

In the Scale and Operate phase,

the hybrid governance model
allows centralized teams to
maintain compliance oversight,
while operational teams can fine-
tune models and innovate. This
ensures consistent security
protocols and compliance across
environments without stifling
innovation.

Integration and Resource
Constraints

Scaling GenAl systems from PoC
to full production requires
overcoming complex challenges
related to integrating advanced
Al models with legacy systems
and optimizing resource
management. Unlike traditional
machine learning models, LLMs
might require on-demand data
processing, higher throughput,
and greater computational
power, which legacy



infrastructure and systems are
often ill-equipped to handle.
Integrating these models into

existing workflows while ensuring

efficient resource allocation adds
layers of complexity. The key
challenges include:

+ Legacy System
Dependencies: Legacy

systems such as CRM and ERP

platforms are not built to
support the near real time
inference, high throughput,
and advanced processing
requirements of LLMs.
Integrating GenAl outputs
into these older workflows
requires extensive
customization, modifications
to APIs, and adjustments to
data pipelines. This mismatch
often leads to deployment
delays and increased
operational overhead, as

Best Practices:

models must be retrofitted to
work within the constraints of
outdated systems.

Rigid Data Pipelines: Legacy
data pipelines often lack the
agility needed for real-time
data retrieval, a key
component of RAG systems
that GenAl models
increasingly rely on. These
pipelines were typically
designed for static, batch-
processing tasks and are not
optimized for handling the
high data volumes and
dynamic data access that
RAG implementations require.
This creates bottlenecks,
limiting the ability to retrieve
relevant external data in real
time and thus constraining the
performance and scalability of
GenAl applications.

Modular Data Pipeline Adaptation: Adapt legacy data pipelines to handle the dynamic, real-time processing

@ requirements of GenAl models. Implement modular data pipeline components that can transform static batch-
processing workflows into real-time data streams, ensuring that LLMs receive the necessary inputs for inference

without causing bottlenecks in legacy systems.

API-Driven Integration: Build API-driven models that integrate seamlessly with existing workflows. Ensure the
@ models can operate as plug-and-play components within legacy systems, reducing the need for manual configuration

and enabling faster scaling.

Efficient Resource Management: Implement compute resource management policies that prioritize LLM inference

| workloads based on predefined rules (e.g., latency requirements, traffic patterns). Use techniques like resource
allocation throttling to prevent resource contention between GenAl tasks and other workloads, ensuring that high-
priority inference tasks get the necessary compute power without degradation.

Figure 7: Best Practices to Counter Infrastructure Related Challenges

streams, ensuring LLMs can
process dynamic inputs without
bottlenecks. This lays the
foundation for seamless
integration as the system scales.

In the PoC Build phase,
addressing legacy system
integration early is key.
Implementing modular data
pipeline adaptation transforms

static workflows into data During the Deploy and Test



phase, API-driven integration is
critical to ensure GenAl models
operate as plug-and-play
components within existing
workflows. By minimizing
manual configuration and
adapting APIs, organizations can
reduce deployment delays and
operational overhead, ensuring
smoother integration with
legacy systems.

In the Scale and Operate phase,
efficient resource management
becomes vital to prioritize LLM
workloads. Implementing
dynamic resource allocation
policies ensures that GenAl
tasks do not conflict with legacy
system demands, maintaining
high performance even as
workloads grow and scale.

Deploying and scaling GenAl
systems from PoC to production
requires overcoming challenges
related to data readiness,
infrastructure scalability, model
optimization, business
alignment, governance, and
seamless integration. By
adopting these best practices,
organizations can ensure their
GenAl systems scale efficiently,
remain secure, and deliver high-
value outputs aligned with
business goals.

Unlocking the Power of
GenAl: Driving
Innovation, Efficiency,
and Enhanced Experience

Scaling GenAl from PoC to
production ready is a
multifaceted challenge that
requires a careful alignment of
infrastructure, models,
processes, and talent. Successful
GenAl deployment depends on
overcoming technical and
operational hurdles while
keeping outcomes closely tied
to business objectives.
Organizations need to build
robust, scalable architectures
that facilitate continuous model
development, deployment, and
monitoring. This involves
focusing on key areas such as
data readiness, model
optimization, infrastructure
scalability, and governance
frameworks.

When data pipelines are
restructured to support real-
time, unstructured data
processing and high throughput
demands, GenAl models can
access and leverage critical
information instantaneously.
Automated data validation,
encryption, and compliance
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protocols ensure that data flows
efficiently and securely through
each phase of deployment,
enabling near real-time insights
and contextual accuracy in
customer-facing applications and
internal tools. In turn, teams wiill
benefit from reliable, clean data,
which enables GenAl models to
deliver actionable outputs that
enhance productivity and reduce
operational friction.

Advanced resource management
frameworks, such as elastic
compute provisioning and hybrid
edge-cloud deployments, ensure
that high-intensity workloads are
handled seamlessly across
distributed environments. Al PCs
and edge devices strategically
deployed at key points across the
infrastructure allow latency-
sensitive tasks to run locally,
reducing network delays and
creating faster, more responsive
GenAl applications. This enhances
customer experiences with
quicker interactions, real-time
recommendations, and highly
personalized services, while also
providing employees with Al-
driven tools that streamline
workflows and decision-making.

A well-implemented governance
framework, introduced early in
the deployment lifecycle,
enforces compliance and ensures
explainability without stifling
innovation. Additionally,
embedding automated
compliance checks, role-based
access controls, and model
interpretability tools (e.g., SHAP,
LIME) into LLMOps pipelines,
helps organizations maintain
robust audit trails and
transparency. This approach
allows models to make reliable,
justifiable decisions even in high-
stakes environments, unlocking
trust with both end-users and
regulators.

Finally, aligning GenAl
deployments with business-
driven KPIs and fostering cross-
functional collaboration between
technical and business teams
ensures that every GenAl solution
delivers measurable impact. By
investing in best practices and
advanced optimization strategies,
organizations can realize the full
value of GenAl, positioning
themselves to create sustainable,
adaptable, and highly efficient Al-
driven operations.



Ultimately, scaling GenAl is
about building systems that are
not only adaptable and efficient
but also future-proofed. By
addressing the range of
challenges outlined in this paper,
ITDMs can ensure their GenAl
initiatives move beyond
experimentation to become
engines of sustained innovation
and business growth. Through
thoughtful planning and
execution, organizations can
unlock the full potential of
GenAl to drive operational
efficiency, enhance decision-
making, and deliver meaningful
business outcomes.

About Lenovo

Lenovo is a US$57 billion revenue global
technology powerhouse, ranked #248 in
the Fortune Global 500, and serving
millions of customers every day in 180
markets. Focused on a bold vision to
deliver Smarter Technology for All,
Lenovo has built on its success as the
world’s largest PC company with a
pocket-to cloud portfolio of Al-enabled,
Al-ready, and Al-optimized devices (PCs,
workstations, smartphones, tablets),
infrastructure (server, storage, edge, high
performance computing and software
defined infrastructure), software,
solutions, and services. Lenovo’s
continued investment in world-changing
innovation is building a more equitable,
trustworthy, and smarter future for
everyone, everywhere. Lenovo is listed
on the Hong Kong stock exchange under
Lenovo Group Limited (HKSE: 992) (ADR:
LNVGY).

You can access additional white papers covering a
range of Al topics here. These resources will help you
fuel your Al journey and explore themes like Hybrid
Al, Al PC 101, Measuring Al Value, Accelerating from
POC to Production, The Role of Human Intervention in
Al, Al Security Considerations, and The Power of Al-
Driven Storytelling.
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