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Navigating Al/ML Adoption

Navigating Al/ML Adoption

From safe experimentation to collaborative development to scaled Al integration

I_V Stage 1: Trial Stage 2: Experiment Stage 3: Adoption & Scale

How do | evaluate models and pick the How do | build and integrate an Al : How do | deploy and operate my Al
best one for my use case? application? application?




Red Hat Al platforms

Building Al applications requires more than just models

Red Hat offers generative Al and MLOps capabilities for building flexible, trusted Al solutions at scale
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Single platform to run any model, on any accelerator, on any cloud
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Navigating Al/ML Adoption

Al/ML Adoption Is a Collaborative Journey

Every member of your team plays a critical role—from early exploration to scaled integration
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Navigating Al/ML Adoption

Stage: Trial
Evaluate Models

Strategic Goal

Establish a low-risk entry point for
Al adoption. Focus on enabling
initial infrastructure and secure
access to pre-trained models to
support evaluation and early

alignment.

Why This Stage Matters
e [Lstablishes clarity
e Aligns teams

e [ ays governance




Navigating Al/ML Adoption

Enabling Foundational Al Capabilities

Focus on establishing secure, observable, and scalable infrastructure to support early experimentation

Platform Objectives:

Provide a secure and scalable Al
infrastructure

Support model inference
Expose models through secure APIs

Provide a governed model catalog

MLOps

Al/ML
platform

Compute
accelerators

Hybrid, multi
cloud platform

!

Gather and prepare data

Develop or tune model

Integrate models
in app dev

Model monitoring
and management
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Navigating Al/ML Adoption

NVIDIA GPU Operator on OpenShift

Automated GPU provisioning and monitoring for scalable Al workloads

GPU OPERATOR
<<=+« NVIDIA Driver

NVIDIA Container Runtime

===+ NVIDIA Kubernetes Device Plugin

NVIDIA GPU Monitoring

KUBERNETES

= CONTAINER ENGINE

LINUX DISTRIBUTION

SOFTWARE

HARDWARE

NVIDIA
GPUs

1. Build NVIDIA GPU driver for RHCOS

2. Expose NVIDIA GPUs as K8s extended resources
nvidia.com/gpu:2

3. Advertise NVIDIA GPU features with Node labels
nvidia.com/gpu.count=2
nvidia.com/gpu.memory=20096
nvidia.com/gpu.family=ampere
nvidia.com/gpu.product=A100-PCIE-40GB-MIG-...

4. Expose NVIDIA GPU metrics to OpenShift
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Navigating Al/ML Adoption

OpenShift Al Data Science Projects

Unified, secure workspaces for building, managing, and collaborating on Al projects

Data Science Projects enable teams to
organize, collaborate, and manage

T — O Customer Support LLM end-to-end Al projects—offering

workbenches, data connections,

storage, pipelines, and model serving in

Home Data Science Projects » Customer Support LLM

Overview

Data Science Projects

Data Science Pipelines v Train models a unified, secure environment.
Experiments Key Features:
Model Serving &2 Workbenches @ P Pipelines @ . .
< e Scoped project workspaces:
Rasoikcas 2 i e e Kubernetes namespaces encapsulating
st s == e : = notebooks, compute, storage, and
pipelines

e Integrated development workbenches:
Launch Jupyter, VS Code, or RStudio

ST v environments directly within projects

v Serve models e Managed data & storage: Attach cluster
storage and external data connections
(e.g. S3) via Ul

& RedHat



Navigating Al/ML Adoption

vLLM Inference Server

Fast, memory-efficient, production-grade LLM serving for GenAl workloads

vLLM Inference Server enables efficient, production-grade
i Ju A3 =] H < . . . oo . .
N {; Q Google |  #A2  Eivicoot Snvibia i LLM serving while significantly reducing infrastructure and
Llama Qwen DeepSeek Gemma Mistral Molmo Phi Nemotron Granite . Lo .
compute costs—making it ideal for real-time, scalable Al

‘LLM applications across enterprises and research environments.
Key Features:
aw 1 TON . ,
nvibia. - AMDZ1 Google £ intel EEN e Faster response time: Higher throughput handles
GPU Instinct TPU Neuron Gaudi Spyre . .
more requests in less time for faster responses.
e Efficient memory management: Organized memory
Accurate model Faster and cheaper enables larger models a on existing hardware.
LLM Compression compression deployments
Tools . . ope .
e Reduced hardware costs: Efficient resource utilization
| vLLM reduces required GPUs and overall infrastructure costs.
e Designed for security and scale: Self-hosting with
ﬁ i vLLM strengthens data privacy, control, and scalable
Application
~ growth.
0 1) o O =
s & RedHat




Navigating Al/ML Adoption

OpenShift Al Model Registry

Establishing model governance from data to deployment

Applications Registered models - finance-team-registry » Fraud Detection Model

.
Enabled Fraud Detection Model A centralized AI/ML model
A machine learning model trained to detect fraudulent transactions in financial data.

registry that tracks models from

. ) Versions Details
Data Science Projects

DL el Pl = Keyword v Q Filter by keyword Register new version |
e et e ety FodDetection Hodel enabling collaboration, version

registration through deployment,

Experiments .
Version name

Enabled Fraud D ion Model ctions
Fr—— raud betection Mode control, governance, and

R . . Explore Our Advanced Fraud Detection Model represents the pinnacle of modern fraud detection technology, meticulously designed to safeguard
trained on data from multiple domains for enhanced B " A . . - ! . N 5 .
st businesses and financial institutions against the ever-evolving threat of fraudulent activities. Leveraging cutting-edge machine learning algorith...
generalization

Experiments and runs

Artifacts

Data Science Projects

streamlined MLOps workflows.

V7.0 - Adaptive Learning

Versions Details
Version of the fraud detection model with adaptive _—

Model Registry

learning capabilities to adapt to changing fraud patter... Data Science Pipelines Description Edit Model ID
Our Advanced Fraud Detection Model represents the pinnacle of modern fraud 124dsdk-jlaskw-di320a-2kjnfd-sjkwer2 |l
Model Serving V6.0 - Explainable Al Eeperimonts detection technology, meticulously designed to safeguard businesses and financial

using explainable Al techniques to provide insights into
model predictions.

institutions against the ever-evolving threat of fraudulent activities. Leveraging

Owner K F t .
cutting-edge machine learing algoithms, satistcal analysis, and behavioral ey reatures:

Haley Wang
analytics, our model offers unparalleled accuracy and efficiency in identifying
v5.0 - Ensemble Artifacts fraudulent transactions, activities, and patterns.

3 : 7 Last modified at .
Settings Ensemble version of the fraud detection model as} mocHRea [ ] ( e ntra | h u b : Sto reS m Od els
Executions At its core, our model utilizes a sophisticated ensemble approach, combining the 1minute ago. 12

strengths of multiple machine learning techniques to achieve superior performance.

Resources Experimen
P

combining multiple base models for improved accuracy.

ster settings

VA ANERES At NGO ST EraGd D STEEHah By aggregating insights from various algorithms, including decision trees, random Created at pa ra mete rs m etrlcs an d
i & : : : : i f , log ion, I 3 ] ivel ;
rving runtimes incorporating advanced features and machine learning Model Registry o‘rtestst ogns:c reg;ssmn and neural networks, our model can effectively detect and 1 ’ ’
; mitigate a wide r... Show more
Model Registry settings algorithms
Model Serving ) d | .t t
TRem—— ¥3.0 - Real-time babals Edit # eployment events

optimized for low-latency processing of transactions 5 Classification ' Transformers  PyTorch = ONNX ' distilbert
esources

v2.0 - Enhanced generated_from_trainer = English ' Transformers.js  Eval Results ' 24 papers

e Model versioning: register models

improve accuracy and performance Settings Predictive Analytics  Real-time Detection = Ensemble Learning

Feature Engineering | Enterprise Solution ' Cloud Deployment

and versions with object storage

Serving runtimes

e e Collaboration & governance:
Key* Value*
r management
team H

; role-based access control
code_format dif“prmt,pr'\m(n): H ‘ Red Hat

Print all primes between 1and n
Show more
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Navigating Al/ML Adoption

Early Role Alignment for Al Trial

Introducing core teams to Al through goal-setting and hands-on evaluation of pre-trained models

R U I I I - » Business Ieadership Sets initial goals and success
v : criteria

1 | N—
» Data scientists evaluate pre-trained models to test

Business leadership F

Data engineer » IT operations enables secure access and controlled
...................................................................................................................................................................... Infrastructure

IT operations



Navigating Al/ML Adoption

Laying the Groundwork for Enterprise Al

Establishing an Al/ML foundation with secure infrastructure, and early alignment across teams

Stage: Trial - Outcomes:

e Platform Enablement

Foundational infrastructure is operational (GPU provisioning, platform metrics).
Secure access to models and usage controls is enabled via curated catalog and secure APIs.
As-a-Service capabilities activated (GPU, MaaS) to accelerate experimentation.

e Team Enablement

Cross-functional alignment between platform teams, data scientists, and business stakeholders.
Al roles and responsibilities clarified across cross-functional teams.
Teams gain first hands-on Al experience in a controlled environment.

e Business Readiness

Early success criteria and Al use cases align with business goals.
Clarity on Al value through trial workloads using pre-trained models.
A governance foundation is established to prevent “shadow Al” and support safe experimentation.



Navigating Al/ML Adoption

Stage: Experiment
Fine-tune Models

Strategic Goal

Enable experimentation with real
enterprise data. Focus on building
collaborative environments,
customizing models, and defining
repeatable workflows to support
scalable and secure Al

development.

Why This Stage Matters
Introduces enterprise data
Promotes collaboration

Enables model customization

& RedHat



Navigating Al/ML Adoption

Enabling Collaborative Al Experimentation

Focus on establishing secure, observable, and scalable infrastructure to support early experimentation

Platform Objectives:

e Ingest, store, and prepare enterprise data

e Enable collaborative development
environments

e Support model training for differentiated Al

Al/ML
platform

Compute
accelerators

Hybrid, multi
cloud platform

!

|Gather and prepare data

Develop or tune model

Integrate models
in app dev

Model monitoring
and management
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Navigating Al/ML Adoption

OpenShift Data Foundation and OpenShift Operators
Scalable, resilient storage for Al/ML workloads with integrated vector database support

OpenShift Data Foundation provides the scalable, resilient
storage backbone for Al/ML workloads, supporting object,

’ A block, and file storage. Combined with OpenShift Operators,
- and it enables seamless deployment and lifecycle management of

) more vector databases like:
PostgreSQL Milvus elasticsearch red |s

e PostgreSQL.: Stores structured data, model metadata,

N
[ Databases and vectors via pgvector.
J
e Milvus (Vector DB): High-performance embedding
‘ ‘ ng?gﬁndation storage and vector search in RAG pipelines.

Storage e Elasticsearch: Hybrid text and vector search for RAG

andlarge-scale indexing.

e Redis: Low-latency feature serving, caching, and vector
search for real-time inference workloads.

Infrastructure (public, private, edge)

‘ RedHat




Navigating Al/ML Adoption

Docling

Automated document transformation for GenAl and retrieval-augmented generation (RAG)

)
/4 JSON,
=1/ MD,
g Figures

Chunking,
Llamalndex,
LangChain

docling

Context-Aware Chunking
Text, tables, figures, lists, columns

User-Provided
Docs

7498 GenAl App

Docling simplifies document processing by converting
complex files into structured, Al-ready formats—making it
easier to use documents and audio in search, RAG, and
analytics workflows.

Key Features:

e Multi-format parsing: supports PDF, DOCX, PPTX,
HTML —even scanned or layout-complex formats

e Advanced layout & table extraction: leverages
DoclLayNet and TableFormer models for accurate
structure, formulas, code, and tables

e Built-in Automatic Speech Recognition: transcribes
audio (WAV/MP3) into structured text



Navigating Al/ML Adoption

JupyterLab on OpenShift Al

Web-based notebooks for scalable, containerized Al development

e JupyterLab delivers a web-based notebook IDE running on
_— T Kubernetes—empowering teams to develop, train, and deploy
- O trustyai-trial Al workflows with cluster-grade compute, storage, and data
Data Science Projects Overview Workbenches Pipelines Models Cluster storage Data connections Permissions integ rations'
Data Science Pipelines v Train models Key Featu res:
Experiments
P & Workbenches © e Managed notebook server: Launch JupyterlLab

_ 0 o containerised environments for secure and scalable
Model Serving Stopped ~ Starting  Running

development.

Resources trusty 4

10of 1workbenches View all

e Integrated IDE options: Choose from Jupyterlab,
VS Code, or RStudio—all containerized within projects.

Create workbench

v Serve models

e Persistent storage & data access: Attach cluster or
S3-compatible external data sources seamlessly.

Select the type of model serving platform to be used when deploying models from this project

&3 Single-model serving platform

Each model is deployed on its own model server. Choose this option when you want to deploy a large model such as a large language model (LLM) . Cl USte r_ pOWe red Com pute: Ru n COde On pOWe rful
CPUs/GPUs in the cluster.

: & RedHat
7 ;ML TR Y PR Sy U PRy, P WU (WL (Y NG - Yot TR [ [ JPY VA PR | SO | X NP, YR i] ¥ 1WAy { O T RS 1 A 1 | SY Ry i [y gy gy
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Navigating Al/ML Adoption

Role Expansion for Al Experimentation

Enabling hands-on collaboration with enterprise data, pipelines, and model customization

: ......................................................... g ’ Data engineers build pipelines and prepare data for
v . : modeling.
@) [\ %0 A [o1G)
» Data scientists customize and evaluate models with
Set goals (CEUETENE [PRERETE Develop model i
9 data ? enterprise context data.
Business leadership
e e — R, » ML engineers fine-tune models and manage
Date ceiontiot | : experimentation workflows.
ML i I | . . . .
et ssssssces [N ................... .. SN ......................- N > IT operations maintains environment and storage
App developer aCcess
IT operations
21
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Navigating Al/ML Adoption

Accelerating Collaborative Al Development

Establishing scalable, secure, and reusable foundations for experimentation and model customization

Stage: Experiment - Outcomes:

e Platform Enablement

Enterprise data pipelines operational (ingestion, storage, reuse).
Training-ready environments available to support model fine-tuning.
As-a-Service capabilities enabled (Data as a Service, Data Science as a Service) to streamline experimentation.

e Team Enablement

Cross-functional collaboration extends across data engineers, scientists, and platform teams.
Shared environments in place for collaborative development.
Automated workflows in use for reproducibility and governance.

e Business Readiness

Real enterprise data in use to test business-aligned use cases.
Differentiated Al development enabled via model fine-tuning and customization.
Compliance controls introduced to support scale and secure use.
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Navigating Al/ML Adoption

Stage 3: Adopt
Scale & Integrate

Strategic Goal

Operationalize Al at scale across the
enterprise. Focus on automating
model delivery, embedding Al into
business applications, and ensuring
trust, governance, and observability

in production.

Why This Stage Matters
Integrates Al

Establishes trust
Sustainable Al operations



Navigating Al/ML Adoption

Enabling Scalable and Trusted Al Integration

Focus on automating delivery, ensuring trust, and embedding Al into enterprise applications

Platform Objectives:

e Embed trust, observability, and accountability I L e

MLOps
. . . . Gather and prepare data Develop or tune model Inteirg‘r:;: :‘:‘:’EIS Zd:dd::ar::;::gﬁ
e Integrate Al models into enterprise applications

Rledsldeyslopments Model serving Model monitoring
e Automate model delivery workflows AyML tuning
platform
Red Hat Distributed workflows Data & model pipelines i HES detec'tlon and
N Al guardrails
OpenShift Al
Compute
API OpenShift e OpenShift o OpenShift OpenShift
Management > ( Data @ Pipelines O’ \r Serverless DUDDU Monitoring Q
(3scale) Foundation  ““= o (Tekton) No”/ (Knative) (Prometheus)
Hybrid, multi
cloud platform N
Openshift o o OpenShift OpenShift Authorization
‘ Red Hat Streams o-[Jo GitOps C@D Service $ Service I’
OpenSh|ft (Kafka) o/ ‘o (ArgoCD) Mesh (Istio) (Authorino)

m Bare metal Virtualization Cloud Cloud (Secure: d) Edge

& RedHat

24



Navigating Al/ML Adoption

TrustyAl on OpenShift Al

Automate monitoring, fairness checks, and safety enforcement for responsible Al

TrustyAl a comprehensive toolkit for responsible Al offering
explainability, fairness, drift monitoring, and guardrails.
Integrated via an Operator, it empowers teams to deploy

transparent, auditable models with automated monitoring and
safety enforcement as part of their MLOps pipelines.

MMLU Evaluation of Granite-7b-Instruct Key Fe a t u res:

e Explainability built-in: Offers local and global model
explainers (e.g., LIME, SHAP, counterfactuals) to
interpret predictions.

core (%)

Bi d Drift Monitori . . . . . .
s and it Honrtoring e Fairness & drift detection: Continuously monitors bias

and data drift metrics in production.

m e Al guardrails: Deploys modular detectors (e.g.,
profanity, prompt injection) to enforce safety and policy
compliance on LLM inputs/outputs.

Language Model Evaluation ‘ Red Hat

25



Navigating Al/ML Adoption

@ team-1 (Owner) ¥

q’ f.‘ Kubeflow

A Home

Quick shortcuts

4 Create a new Notebook
Kubeflow Notebooks

+ Upload a Pipeline
Kubeflow Pipelines

4 View Pipeline Runs

Pipelines

Kubeflow on OpenShift Al

Run scalable, reproducible ML workflows across hybrid environments

Dashboard Activity

Recent Notebooks

Recent Pipelines

o [Tutorial] DSL - Control structures
Created 5/10/2024, 9:07:42 PM

.c [Tutorial] Data passing in python components
Created 5/10/2024, 9:07:40 PM

Recent Pipeline Runs

0 pipeline_v2.yaml 2024-05-10 21-45-03
Created 5/10/2024, 9:45:03 PM

o pipeline_v1.yaml 2024-05-10 21-42-31
Created 5/10/2024, 9:42:31 PM

0 pipeline_v2_compatible.yaml| 2024-05-10 21-34-49
Created 5/10/2024, 9:34:49 PM

05.10.21.22.20

Documentation

Kubeflow Website

The Kubeflow website

g
Kubefl p

Documentation for Kubeflow Pipelines

ks D

Documentation for Kubeflow Notebooks

Kubeflow Training Operator Documentation
Documentation for Kubeflow Training Operator

Katib Documentation

Documentation for Katib

>

N

&

&

&
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Kubeflow a Kubernetes-native MLOps platform that
supports the full Al lifecycle—from model development to
distributed training and serving. It offers multi-tenancy,
GPU autoscaling —empowering Al/ML teams to build
scalable, composable, and cloud-portable workflows.

Key Features:

e Modular pipeline: Includes Kubeflow Pipelines for
building, scheduling, and managing reproducible ML
workflows.

e Distributed training operators: Scale training jobs with
built-in support for TensorFlow (TFJob), PyTorch
(PyTorchJob), and MPI-based workloads.

e Hyperparameter tuning (Katib): Automate model
optimization using scalable search algorithms across

distributed training jobs.
& RedHat



Navigating Al/ML Adoption

|_lama Stack on OpenShift Al

Standardize and accelerate Al agent development with modular components

Llama Stack a modular, agent-capable Al framework that
Llama Stack combines LLM inference, RAG, and tool integration. It
simplifies building intelligent agents by offering standardized
Datasets Inference APIs and seamless orchestration—accelerating Al application
Al/ML Vectorio Telemetry Other Agent development with agentic workflows and operational tooling.
platform frameworks .
Agents Evaluation Key Features:
. Tool Calling e Unified API: Standard interface for inference,
Y (MCP) embeddings, RAG, and tool execution.
e MCP-based tool integration: Use the Model Context
Platform e Over the air updates e Egress e Authorization Protocol to discover and invoke external tools via APls
services . l,:l/lonitorling ° Etor?cge | . Regifltry
o Net i . i e inst G e . .
Srwerking egentarding e e Built-in RAG support: Natively ingests documents and

retrieves context using vector-DB backends
Hardware accelerators
e Interactive agents: Build multi-step agents that retrieve,
reason, and act with real-time context.
27
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Navigating Al/ML Adoption

Full Role Integration for Scaled Al Delivery

Operationalizing models across apps with ClI/CD, monitoring, and business impact in mind

R R R . > Data scientists validate fairness, exp|ainabi|ity, and
v N : post-deployment performance.
© B o > o

» ML engineers manage MLOps pipelines for model

Gather and prepare Integrate models Model monitoring .
Develop model in app dev and management lifecycle, from deployment to rollback.

Business leadership | |
R —— R + App developers integrate Al models into production
Da:tas.(;ie;'l.tis.t ........................................................................................................................................................ appllcatlons us'ng APIS, SerVICe mesh, or Custom |OgIC.
ML i } ] . . .

e . 00 s » IT operations deliver secure, compliant, and stable
Acpdeveioper IS @@ infrastructure for model deployment.
IT operations

29
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Navigating Al/ML Adoption

Operationalizing Al Across the Enterprise

Scaling delivery, embedding Al into business systems, and reinforcing trust in production

Stage: Adopt - Outcomes:

Platform Enablement

Production platform fully operational with automated governance controls.
MLOps as a Service enabled for model lifecycle management, promotion, and rollback.
Al as a Service enabled for scalable access and reuse.

Team Enablement

End-to-end collaboration established fromm model training to monitoring.
Al knowledge extended across Al/ML engineers, App developers, and IT operations.
Governed delivery in place with clear ownership and measurable outcomes.

Business Readiness

Al integrated into business applications through secure APIs and workflows.
Trust and compliance reinforced with drift detection, explainability, and fairness checks.
Scalability foundation established for enterprise-wide Al adoption.
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Navigating Al/ML Adoption: What We've Achieved

A milestone-driven journey from safe experimentation to scalable, responsible Al adoption

e o oJ
8 Data engineer ) Data scientists @ App developer
r A N\ A N\ A N\
R R R ) ® Stage 1: Trlal
1o A foundational platform
Gather and prepare data Develop model Deploy models in an application Model monitoring and management
Data storage . Monitor / alerts .
Data preparation ML nc?teb?oks Model lifecycle Model visualization o Sta g e 2 . EXp erme nt
. ML libraries Cl/CD .
Stream processing Model drift

An Al development

Hybrid, multi cloud platform with self service capabilities

environment
Compute acceleration
P = = 1y ) ‘- e Stage 3: Adopt & Scale
Physical Virtual Private cloud Public cloud Edge .
N y Al models are integrated
»
31 &88 IT operations
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