MLOps Reference Handbook

A source-grounded guide structured from The Big Book of

MLOps
Asjad

Contents
INtrOdUCHION . ..o c et e 3
S 7 o) o) 1o 3
Source Grounding .. .....ooouuui ittt e 3
How to read this handbook ... 3
MLOps = DataOps + DevOps + ModelOps .......uuuuniiiii i 4
Foundations . .........ooiiiii e 4
Why should I care about MLOPS? ......oiiiiiii e 4
GUIdING PrINCIPLES . ... oottt 5
Semantics of development, staging and production ..................... 5
ML deployment PAtLEIIIS .. .. ... ettt e ettt ettt 6
Recipe: Choose a promotion pattern .............uuuiieeeeiiiiiiiiiii e, 8
Platform Capabilities .......... ... 9
Summary: Databricks Tooling ...............oooii 9
Unity Catalog . ... ooooiiiii 10
Benefits and architecture implications ... 11
Recipe: Register and promote a governed model ..., 11
MOdel SEIVING ...t 12
Benefits and architecture implications ... 12
Lakehouse MONItOTIng .......ooviiiiiii ittt 12
Benefits and architecture implications ............ ..o 12
Recipe: Monitor model quality and drift ........... ... 12
Design DECISIONS ...ttt ettt ettt e e 13
MLflow, Model Registry, and Reproducibility ...l 13
Unity Catalog . ... .oooeiii 14
Organizing data and AT asSets ..........uuuuuutntii e 14
L0703 0 o) 14
ConSIAerations ........ouiiittt et 14
Recommended organization ...............uuuuuiniiiiiii i 14
Recipe: Set up experiment tracking and reproducibility .............................. 15
Model SErVINg ... oot 15
Pre-deployment testing ..........ooummuuuuiui 15
Real-time model deployment ......... ..o 15
Implementing in Databricks ................. 16
Recipe: Choose batch, streaming, or real-time inference ............................. 16



Multi-environment VIEW ............ooiiiii e 16
DeVelopPmEnt ... ... e 17
Data .. 17
Exploratory data analysis (EDA) .......oooiiiiiiiii e 18
Recipe: Use AutoML and AutoGluon responsibly in an MLOps workflow .......... 18
Project Code .. ..vnii 19
Model training development ..ottt 19
Model validation and deployment development ..................coooiiiiiiiiiiia, 19
ComMUE COAR ...t 19
SHAGIIIE . . .t 19
Data ..o 19
MeTZe COUE ..ottt 19
Integration tests (CI) ......ooiiiiiiitt e 19

JA ) = 20
Cutrelease branch .......... ..o 20
Production ... ..ooieii e 20
Model training . .......ooueiii 20
Model validation .............oooiiiiii e 21
Model deployment . ...t 21
Model Serving ....oooiiiiii i 21
Inference: batch or streaming .............. 21
Lakehouse MONItOring ..........ooiiiiiiiiiiii 21
Retraining ..o 22
Recipe: Design a retraining loop ... 22
Implementing MLOps on Databricks .............ooooii 23
Recipe: Build CI/CD for an ML pipeline ..., 23
Recipe: Apply MLOps Stacks or Asset Bundles ................ooooiiiiiiiiiiiiiinn, 24

31 D01 (' 24
What changes with LLIMS? . ... ...t e 25
Key components of LLM-powered applications ................ccooiiiiiiiiiiiiiiiiin... 25
Prompt engineering ........ ... 25
Leveraging your oW data .........oooeveiiieieiiiiiiiiiiiiiieeeann 25
Retrieval augmented generation (RAG) ........ooviiiiiiiiii i 25
Vector database ........o.o.uuuuiiii it 26
Recipe: Use vector search and retrieval workflows ................................... 26
Fine-tuning LLMS ... ... o e e 27
Pre-training . ...o.oueii e 27
Third-party APIs vs. self-hosted models ..., 27
Model evaluation ......... ... 28
Packaging models or pipelines for deployment ..., 28
LLMINFEIENCe . ...ttt et 28
Recipe: Operate LLMOps with inference logging and governance .................. 29
Reference architecture ....... ... e 29
RAG with a third-party LLM APL ... 30
RAG with a fine-tuned OSS model .......... ... i 30



COMCIUSION .ottt e 30

GLOSSATY . e e ettt 31
Bibliography and Local Source Index ... 31
Introduction

This handbook is a working reference for building and operating machine learning systems
on Databricks. Its structure follows the table of contents of The Big Book of MLOps, 2nd Edition,
using that book as the organizing backbone. The short PDF, MLOps Questions (1).pdf, and
the archived web sources in sources/ enrich the relevant sections with Databricks-specific
implementation detail.

The book is intended to be a compact operating manual: concepts first, then repeatable
processes.

Key Topics

This handbook focuses on the operational controls that make machine learning reproducible
and promotable. MLflow provides the tracking layer for experiments, parameters, metrics,
artifacts, model signatures, input examples, and model packages. Reproducibility comes from
connecting each run to the code version, data snapshot, execution environment, model
configuration, and evaluation evidence that produced it.

Model versioning turns model artifacts into governed assets. In Databricks, Unity Catalog
registered models provide immutable versions, metadata, access control, lineage, and aliases
such as @champion and @challenger. Git remains the source of truth for pipeline code,
validation logic, deployment configuration, and infrastructure definitions. The preferred pro-
motion workflow is therefore code-first: move reviewed code from development to staging to
production, then train, validate, register, and deploy the model inside the target environment.

Execution environments are the boundary that makes this workflow trustworthy. Develop-
ment should support exploration, staging should prove that the full pipeline works under
production-like constraints, and production should run approved jobs with controlled permis-
sions, observability, and rollback paths.

Source grounding
The local knowledgebase for this handbook is:

« The Big Book of MLOps, 2nd Edition

« MLOps Questions (1).pdf

« Local source manifest, containing 22 archived sources extracted from the short PDF
« Archived source snapshots under sources/

Substantive sections include “Sources used” notes. These notes point to local files, so a reader
can trace the claim back into the available knowledgebase.

How to read this handbook

Read the main chapters in order if you want the operating model: MLOps foundations,
platform changes, design decisions, reference architecture, implementation, LLMOps, and
conclusion. Use the recipes when you need a repeatable process for a concrete scenario, such


2023-10-EB-Big-Book-of-MLOps-2nd-Edition.pdf
MLOps%20Questions%20%281%29.pdf
sources/source-manifest.json
sources/

as registering a model, building CI/CD, rolling out a challenger, monitoring production, or
operating a RAG system.

MLOps = DataOps + DevOps + ModelOps

MLOps is the discipline of making machine learning reliable as software and trustworthy as
a data product. The Big Book frames MLOps as the combination of DataOps, DevOps, and
ModelOps. That framing is useful because production ML fails at the boundaries: a model
may be statistically sound but trained on stale data, deployed by unreviewed code, registered
without lineage, or monitored only after business users notice a decline.

The practical goal is to create a system where data, code, models, execution environments,
and monitoring all move through controlled lifecycles. The system should answer ordinary
production questions without heroics:

« Which code trained this model?

« Which data snapshot did it use?

+ Which validation checks passed before promotion?

+ Which model version is serving traffic now?

« How do we roll back?

« How do we know the model is still performing?

« Who approved the promotion, and where is that decision recorded?

The handbook uses one consistent operating principle: do not make machine learning pro-
duction readiness depend on memory, notebooks, or manual handoffs. Encode conventions
into experiments, registries, bundles, CI/CD workflows, monitors, and templates.

Sources used: Big Book pp. 5-6; MLflow on Databricks; Manage model lifecycle in Unity
Catalog.

Foundations

Why should I care about MLOps?

MLOps matters because ML systems degrade in more ways than normal software. Code can
break, but so can data contracts, feature distributions, labels, model behavior, serving latency,
monitoring assumptions, and governance metadata. A model that was correct at training time
can become unreliable in production without a code change.

The Big Book’s central claim is that effective MLOps accelerates time to business value while
reducing ongoing operational burden. That is not because MLOps adds process for its own
sake. It is because repeatable promotion, validation, deployment, and monitoring let teams
move faster without losing control.

The AWS Databricks workflow documentation makes the operating scope explicit: MLOps
is the automated management of code, data, and models so ML systems remain performant,
stable, and efficient over time. That definition is useful because it prevents a narrow reading of
MLOps as “model deployment.” A production ML system is governed by the interaction be-
tween source code, data assets, model versions, execution environments, validation evidence,
monitoring signals, and retraining decisions.


sources/learn-microsoft-com-en-us-azure-databricks-mlflow-f0cc6d2546.html
sources/learn-microsoft-com-en-us-azure-databricks-machine-learning-manage-model-lifecycle-e6161375bf.html
sources/learn-microsoft-com-en-us-azure-databricks-machine-learning-manage-model-lifecycle-e6161375bf.html

A mature MLOps workflow gives data scientists room to experiment, gives ML engineers a
tested path to production, and gives platform or governance teams a way to enforce lineage,
access control, and auditability without turning every release into a manual negotiation.

Guiding principles

The Big Book emphasizes a data-centric view of machine learning. In practice, most ML work
is a set of data pipelines: feature engineering, training, validation, inference, monitoring, and
retraining all consume and produce data. Treating those pipelines as first-class production
assets is more reliable than treating the model artifact as the only important output.

Three principles follow:

1. Unify data and ML governance. Data, features, runs, model versions, inference logs, and
monitoring tables should live in a governance layer where permissions and lineage are
visible.

2. Promote code through environments. Training and deployment logic should move
through review and CI/CD. Production models should be produced by production-
approved code, not manually carried from development.

3. Close the loop. Production predictions should feed monitoring, evaluation, and retraining
decisions. If inference is a one-way output, the system cannot learn when it is becoming
stale.

Semantics of development, staging and production

The Big Book describes an ML solution as data, code, models, and execution environments
moving through development, staging, and production. These stages are not just labels. They
encode access controls and quality guarantees.
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Semantics of development, staging and production
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the assumption of three distinct execution Code Data Models

Note: Throughout this paper we operate under

environments — development, staging and
production — in the form of three separate

Databricks workspaces. There can be variations . . .
atabricks workspaces. There can be variation; An ML solution comprises data, code and models. These assets need to be developed, tested (staging)

of these three stages, such as alternative . L N
B and deployed (production). For each of these stages, we also need to operate within an execution

naming conventions or splitting staging into . . . . - .
environment. As such, each of data, code, models and execution environments are notionally divided into
separate “test” and “QA” substages. Although not R R
development, staging and production.
recommended, it is also possible to create three
distinct environments within a single Databricks
workspace through the use of access controls

and Git branches. Regardless of how environment
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separation is achieved, the core principles of the
workflow and recommendations presented are . )

P development staging production
generally applicable.

Each of these stages has distinct access controls and quality guarantees, ranging from the open and
exploratory development stage through to the locked-down and quality-assured production stage.

& databricks

Figure 1: Development, staging, and production semantics from the Big Book of MLOps, p. 7.

« Development should allow exploration and fast iteration.
« Staging should mirror production enough to validate integration and deployment behavior.
+ Production should be locked down, automated, monitored, and governed.

The short PDF applies this to Databricks by pairing workspaces with Unity Catalog catalogs.
Workspaces provide execution and access isolation. Catalogs provide data and model isolation.
The pattern can vary by organization, but the underlying discipline stays the same: separate
exploratory work from production authority.

In Databricks terminology, an execution environment includes compute, runtimes, libraries,
and automated jobs. Keeping development, staging, and production as distinct execution
environments lets a team vary permissions and quality guarantees deliberately: open-ended
exploration in development, production-like integration testing in staging, and tightly con-
trolled automated execution in production.

ML deployment patterns

The Big Book distinguishes two promotion strategies:
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ML deployment patterns

Code and models often progress asynchronously through these stages. Thus, it becomes crucial to
leverage a solution that allows for the management of model artifacts independently of code, making it
possible to update a production model without necessarily making a code change. Data, much like code
and models, can be labeled as development, staging or production, indicating not only its origin but also
its quality and reliability.

Given the independent lifecycles of code and models, there are two opposing strategies to moving code
and ML models from development, through staging and subsequently to production:
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= Code for an ML project is developed in the development environment, and this code is then
moved to the staging environment, where it is tested. Following successful testing, the project
code is deployed to the production environment, where it is executed.

= Model training code is tested in the staging environment using a subset of data, and the model
training pipeline is executed in the production environment

= The model deployment process of validating a model and additionally conducting comparisons
versus any existing production model all run within the production environment

& databricks

Figure 2: Deploy-code pattern from the Big Book of MLOps, p. 8.

+ Deploy code. Promote code from dev to staging to prod, then train/register the model in
each environment using that environment’s data and permissions.
« Deploy models. Promote a trained model artifact from one environment to another.
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= Model training is executed in the development environment. The produced model artifact is then
moved to the staging environment for model validation checks, prior to deployment of the model to

the production environment.

= This approach requires a separate path for deploying ancillary code such as inference and
monitoring code. Subsequently, any pipelines that need to run in the production environment to
support the operationalization of the model will necessarily need to go through a separate “deploy
code” lifecycle — the code for these components being tested in staging and then deployed to

production.

= This pattern is typically used when deploying a one-off model, or when model training is expensive
and read-access to production data from the development environment is possible

As in our prior paper, we recommend a deploy code approach for the majority of use cases, and the
reference architecture presented in this update continues to follow this recommendation.

& databricks

Figure 3: Deploy-model pattern from the Big Book of MLOps, p. 9.

The recommended pattern in the source material is code-first promotion. This creates a
cleaner audit chain because the production model is produced by reviewed production code.
Model aliases then provide a controlled way to move serving traffic between immutable model
versions. Code-first deployment also makes automated retraining safer: the training code,
feature code, inference code, and monitoring support code all pass through the same review
and integration path before they can affect production.

Model-artifact promotion can still appear in some organizations, especially when training is
expensive, hard to reproduce, or constrained to a single workspace. It is the exception rather
than the default because it shifts more burden onto provenance and operational controls. If
artifact promotion is used, the process must preserve the training code version, data snapshot,
run metadata, validation record, approval trail, and any supporting feature, inference, and
monitoring code that still needs to move separately.

Recipe: Choose a promotion pattern
Scenario: A team needs to decide whether to promote code or manually promote trained
model artifacts.

When to use it: Use this during platform design, onboarding a new ML project, or replacing
a notebook-driven release process.

Inputs and prerequisites: Environment map; data access model; model registry; CI/CD
system; expected training cost; validation requirements.

Process steps:



1. Identify which assets change independently: feature code, training code, model artifact,
inference code, prompt/config, endpoint configuration.

2. Prefer code-first promotion when production can train or validate from governed produc-
tion data.

3. Use immutable model versions and mutable aliases to separate model identity from serving
choice.

4. If artifact promotion is required, store the full provenance chain: code version, data
snapshot, run ID, validation result, approver, and target environment.

5. Define rollback as either reverting code or repointing an alias to a previous immutable
version.

Design checks and best practices: Production models should be reproducible from source-
controlled code and governed data. The live model should be referenced by alias, not by a
hard-coded version.

Common failure modes: Hand-carrying an artifact without provenance; retraining in dev
and serving in prod; changing inference code and model version together without independent

rollback.

Outputs/artifacts: Promotion policy; environment-specific registry naming; alias conven-
tion; CI/CD release workflow.

Sources used: Big Book pp. 7-9; MLOps workflows on Azure Databricks; MLOps workflows
on Databricks AWS; Model deployment patterns on Databricks AWS; Manage model lifecycle
in Unity Catalog.

Platform Capabilities

Modern MLOps is less a hand-built collection of scripts and more a governed platform
workflow. Data, models, serving endpoints, inference logs, and monitoring outputs can be
managed within a single lakehouse-oriented control plane. The capabilities in this section
explain the platform building blocks used throughout the architecture.

Summary: Databricks Tooling

Databricks supports the machine learning lifecycle as a connected platform rather than a loose
set of notebooks. The same operating model can ingest data, transform it into governed tables,
develop candidate models, track experiments, register versions, serve predictions, monitor
behavior, and trigger retraining workflows.

Capability Role in the MLOps workflow

Auto Loader and Spark Ingest and transform streaming or incre-
mental data for feature, training, and infer-
ence pipelines.

Delta tables Store raw data, features, labels, predictions,
and monitoring outputs with ACID transac-
tions, schema management, and time travel.

Delta Live Tables Define reliable data pipelines with managed
dependencies and data quality expectations.


sources/learn-microsoft-com-en-us-azure-databricks-machine-learning-mlops-mlops-workflow-25185b4384.html
sources/docs-databricks-com-aws-en-machine-learning-mlops-mlops-workflow-d081593b84.html
sources/docs-databricks-com-aws-en-machine-learning-mlops-mlops-workflow-d081593b84.html
sources/docs-databricks-com-aws-en-machine-learning-mlops-deployment-patterns-8f9b887b07.html
sources/learn-microsoft-com-en-us-azure-databricks-machine-learning-manage-model-lifecycle-e6161375bf.html
sources/learn-microsoft-com-en-us-azure-databricks-machine-learning-manage-model-lifecycle-e6161375bf.html

Capability

Role in the MLOps workflow

Unity Catalog

Databricks SQL, dashboards, and notebooks

Workflows

Feature Store / Feature Engineering

AutoML and AutoGluon

MLflow

Optuna and tuning libraries

Git integration

Lakehouse Monitoring and MLflow Evalu-
ate

Govern data, features, functions, and regis-
tered models across environment-specific
catalogs and schemas.

Explore data, review metrics, and commu-
nicate production behavior to technical and
business users.

Schedule and orchestrate training, valida-
tion, deployment, inference, monitoring,
and retraining jobs.

Reuse governed feature definitions and keep
training and inference feature computation
aligned.

Generate baseline models and candidate
workflows during exploration while still
requiring tracking, validation, and registry
controls.

Track experiments, log metrics and artifacts,
package models, compare runs, and connect
training outputs to registered model ver-
sions.

Search  hyperparameter while
recording trial metadata and best-run evi-

dence through MLflow.

spaces

Version pipeline code, tests, notebooks, bun-
dle configuration, and deployment logic.

Profile data and predictions, evaluate model
quality, detect drift, and provide evidence
for retraining decisions.

The practical pattern is straightforward: use Delta and Unity Catalog for governed data and
model assets, MLflow for run-level evidence, Git and Asset Bundles for code and deployment
definitions, Workflows for repeatable execution, and monitoring tables for the production

feedback loop.

Sources used: MLOps workflows on Databricks AWS; MLflow on Databricks; Data profiling /
Lakehouse Monitoring; Machine learning with AutoGluon, an open source AutoML library.

Unity Catalog

Unity Catalog is the governance layer in the source material. It provides a namespace for
data and Al assets, including registered models. The short PDF emphasizes a three-level
registered-model namespace such as catalog.schema.model, with immutable model versions
and mutable aliases such as @champion, @challenger, and optional @shadow.

10
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The conceptual move is important: a model is not just a file. It is an asset with lineage, access
control, version history, metadata, evaluation evidence, and deployment semantics.

Benefits and architecture implications
Using Unity Catalog as the shared governance layer supports:

- consistent permissions over data and model assets,

+ lineage from data to features to runs to model versions,

+ model version metadata and descriptions,

« aliases for lifecycle state,

« clearer separation between dev, staging, and production assets.

The main architecture implication is that naming matters. Catalogs, schemas, experiments,
registered models, and aliases become part of the operating system of MLOps. Teams should
encode naming in templates rather than relying on documentation alone.

Recipe: Register and promote a governed model
Scenario: A trained model needs to move from candidate to production use.

When to use it: Use for supervised ML models, batch inference models, real-time endpoints,
and model variants that need auditable lifecycle control.

Inputs and prerequisites: MLflow run; model signature; input example; validation dataset;
Unity Catalog registered model; alias convention.

Process steps:

1. Log the model, parameters, metrics, artifacts, signature, and input example to an MLflow
run.

2. Register the candidate model to the correct Unity Catalog model name.

3. Attach model version metadata: source run ID, data version, validation status, owner,
approval status, and relevant segment metrics.

4. Run validation checks for format, metadata completeness, performance, and domain-
specific constraints.

5. If the candidate passes validation, assign or move the @challenger alias.

6. Compare @challenger against the current @champion.

7. Promote by repointing @champion; roll back by repointing it to the previous immutable

version.

Design checks and best practices: Use aliases for lifecycle state. Avoid deprecated stage-
style thinking when working with Unity Catalog model lifecycle. Keep versions immutable
and make promotion a metadata operation.

Common failure modes: Treating aliases as documentation instead of deployment control;
missing signatures; registering multiple unrelated problems under one model; failing to log
the training data version.

Outputs/artifacts: Registered model version; validation report; alias update; promotion
record.

Sources used: Manage model lifecycle in Unity Catalog; MLflow on Databricks; MLOps
Questions (1).pdf Topic 1.

11
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Model Serving

Model Serving provides managed real-time serving endpoints. In the Big Book architecture,
it reduces the amount of custom infrastructure required to expose models for low-latency
inference. The linked Model Serving source positions serving as a deployment target for
models and endpoints that can be governed and monitored.

Benefits and architecture implications

The architecture benefit is separation of concerns. Training pipelines produce and validate
model versions. Deployment logic chooses which model version or alias should serve.
Serving infrastructure handles request/response operation, traffic management, and endpoint
behavior.

For many systems, not every prediction path should be real time. Batch and streaming infer-
ence remain valid, often preferable, deployment modes. Real-time serving should be chosen
when the product or process needs low-latency decisions.

Lakehouse Monitoring

Lakehouse Monitoring provides a way to monitor data and model behavior using profile and
drift metrics. In the short PDF, the relevant monitor type for model monitoring is an inference-
log monitor: it works over inputs, predictions, and optionally ground truth.

Benefits and architecture implications

Monitoring changes the architecture from “deploy and hope” to “deploy and observe” A
production ML system should record enough inference data to detect changes in input distri-
butions, prediction distributions, data quality, and model quality once labels arrive.

Monitoring is also a governance primitive. Without inference logs and monitoring tables,
post-deployment review depends on fragmented logs or custom reporting.

Recipe: Monitor model quality and drift
Scenario: A model is in production and needs ongoing monitoring for drift, quality, and
operational behavior.

When to use it: Use after any production deployment, especially when input distributions,
labels, or business policies may change over time.

Inputs and prerequisites: Inference table; prediction outputs; optional ground-truth labels;
baseline table or baseline period; monitor owner; alert thresholds.

Process steps:

1. Capture inference records with request inputs, prediction outputs, model version or alias,
timestamp, and relevant identifiers.

Attach an inference-log monitor where supported.

Define baseline and comparison windows.

Track profile metrics, drift metrics, and quality metrics once labels arrive.

Review metrics by important segments, not only globally.

Route significant drift or quality loss to an investigation and retraining decision.

Store monitoring outputs where they can be joined to model versions and deployment

Nk e

events.
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Design checks and best practices: Monitor data behavior and model behavior separately.
A stable model can still fail if data changes. A stable data profile can still hide segment-level
harm.

Common failure modes: No ground-truth join path; monitoring only aggregate accuracy;
missing model version in inference logs; retraining automatically without validation.

Outputs/artifacts: Inference table; profile metrics table; drift metrics table; monitoring
review; retraining ticket or run trigger.

Sources used: Data profiling / Lakehouse Monitoring; Monitor model services using infer-
ence tables; Big Book pp. 49-50.

Design Decisions

Design decisions are where MLOps becomes concrete. A useful platform has opinions about
asset organization, environment separation, CI/CD, validation gates, deployment modes, and
monitoring loops. The goal is not to eliminate judgment. The goal is to ensure teams make
recurring decisions consistently.

MLflow, Model Registry, and Reproducibility

MLflow is the evidence system for model development. Each meaningful training or evalu-
ation run should record parameters, metrics, artifacts, tags, model signatures, input examples,
and model packages. Manual logging is still important even when autologging is available:
domain-specific metrics, validation plots, drift reports, feature importance files, and segment-
level evaluation artifacts often need explicit Log _metric, log artifact, or log model calls.

The MLflow UI supports run comparison, metric review, artifact inspection, lineage review,
and handoff between experimentation and model registration. The MLflow Client API makes
those same actions automatable: search runs to identify the best candidate, register the
selected run output to a Unity Catalog model, set or remove tags, update descriptions, and
move aliases when validation or deployment decisions change.

Reproducibility depends on recording more than a score. A useful run contains the Git SHA,
branch, data version or table snapshot, environment, training configuration, dependency
context, evaluator version, and validation result. The registered model version should inherit
enough of that context for an operator to understand why it exists and whether it is eligible
for deployment.

Unity Catalog is the preferred registry target for governed workflows. It uses a three-level
name such as catalog.schema.model, stores immutable model versions, and supports aliases
for lifecycle roles. A common production flow is to register a new candidate, tag it with
validation evidence, assign @challenger after checks pass, compare it against the current
@champion, and promote by moving the @champion alias. This keeps deployment decisions
reversible without rewriting model artifacts.

Sources used: MLflow on Databricks; Manage model lifecycle in Unity Catalog; MLOps
Questions (1).pdf Topic 1.

13


sources/learn-microsoft-com-en-us-azure-databricks-data-governance-unity-catalog-data-quality-moni-f04aa2ca3f.html
sources/learn-microsoft-com-en-us-azure-databricks-ai-gateway-inference-tables-e58d09cde5.html
sources/learn-microsoft-com-en-us-azure-databricks-ai-gateway-inference-tables-e58d09cde5.html
sources/learn-microsoft-com-en-us-azure-databricks-ai-gateway-inference-tables-e58d09cde5.html
sources/learn-microsoft-com-en-us-azure-databricks-mlflow-f0cc6d2546.html
sources/learn-microsoft-com-en-us-azure-databricks-machine-learning-manage-model-lifecycle-e6161375bf.html

Unity Catalog

Organizing data and Al assets

A practical organization scheme should make environment, ownership, and purpose visible.
The short PDF proposes environment-specific catalogs, team or domain schemas, and prob-
lem-specific registered model names. That pattern is strong because it maps directly to access
control and operational ownership.

For example:

catalog: dev | staging | prod

schema: team or domain

model: problem variant

alias: champion | challenger | shadow

Experiments should also be structured. Workspace experiments are better than notebook-
scoped experiments for production-oriented work because they are discoverable, shared, and
easier to govern. A useful convention is one experiment per model problem per environment.

Concepts
The key concepts are:

« Experiment: A container for runs for a model problem or project.

« Run: A single training or evaluation execution with parameters, metrics, artifacts, tags, and
inputs.

+ Registered model: A governed named asset containing immutable versions.

« Model version: A specific registered artifact plus metadata.

« Alias: A mutable pointer to a model version, used for lifecycle or deployment intent.

 Serving endpoint or inference pipeline: The production consumer of a model alias or
version.

This hierarchy lets a reader trace from a prediction back to the serving configuration, model
alias, model version, MLflow run, code version, and data snapshot.

Considerations

The main tradeoff is between freedom and consistency. Development teams need enough flex-
ibility to explore, but production systems need conventions that scale. The best compromise is
to encode conventions in templates and automation. Naming rules, required tags, validation
checks, and deployment gates should be built into the project skeleton.

Important run tags include environment, Git SHA, branch, author, trigger, data version, model
type, and domain-specific segments. Tags are not decoration. They are the connective tissue
of traceability.

Recommended organization
Use a layered convention:

« Workspace experiment paths identify team, environment, and problem.
+ Unity Catalog catalogs identify environment.
+ Schemas identify team or domain ownership.
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» Model names identify problem and variant.
« Aliases identify deployment state.
« Tags identify provenance and validation context.

Recipe: Set up experiment tracking and reproducibility
Scenario: A team is beginning a new ML initiative and needs consistent experiment tracking.

When to use it: Use at project creation, before the first serious training run.

Inputs and prerequisites: Project name; team/domain; environment names; Git repository;
training data table; MLflow tracking.

Process steps:

1. Create a workspace experiment per model problem and environment.

2. Define a required run tag taxonomy: environment, Git SHA, branch, author, trigger, data
version, model type, and business segment.

Log parameters, metrics, artifacts, model signature, and input example.

Log dataset information or table version so training inputs are traceable.

Use parent/child runs for sweeps, variants, or deployment cycles.

S kW

Store evaluation artifacts such as confusion matrices, SHAP outputs, calibration plots, or
segment metrics in governed storage.
7. Make the tracking setup part of the project template, not a wiki page.

Design checks and best practices: A future operator should be able to answer “what trained
this model?” from the run record alone.

Common failure modes: Random run names; missing Git SHA; one giant experiment for
unrelated models; no data version; metrics logged only globally.

Outputs/artifacts: Experiment path; run tag schema; reusable training template; evaluation
artifact convention.

Sources used: MLflow on Databricks; MLOps Questions (1).pdf Topic 1; Big Book pp. 34-38.
Model Serving

Pre-deployment testing

Pre-deployment testing should verify both software behavior and model behavior. Unit tests
cover transformation logic. Integration tests verify that the pipeline can run in the target
environment. Model validation checks the artifact, metadata, signature, input/output shape,
and performance thresholds.

For regulated or sensitive workloads, validation should include segment-level metrics. A high
global score can hide unacceptable behavior for a subgroup or operating region.

Real-time model deployment

Real-time deployment is appropriate when inference latency affects the user experience or
business process. It is less appropriate when predictions are naturally periodic, when inputs
arrive in large files, or when decisions are consumed in downstream batch processes.
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Implementing in Databricks

Use Model Serving when a governed endpoint is required. Use aliases so the endpoint can
refer to the current production model without hard-coding a model version. Combine this
with monitoring so serving records are observable after deployment.

Recipe: Choose batch, streaming, or real-time inference
Scenario: A model is ready for production, but the serving mode is undecided.

When to use it: Use during architecture design or when replacing ad hoc notebook inference.

Inputs and prerequisites: Prediction latency requirement; input arrival pattern; output
consumption pattern; cost constraints; monitoring needs.

Process steps:

1. If decisions are periodic and consumers can wait, choose batch inference.

2. If inputs arrive continuously and outputs feed near-real-time downstream systems, con-
sider streaming.

3. If a user or service needs a low-latency response, consider real-time serving.

4. Define how each mode records model version, inputs, predictions, and timestamps.

5. Define rollback before deployment: job rollback for batch/streaming or alias/traffic rollback
for serving endpoints.

6. Confirm that monitoring can observe the chosen mode.

Design checks and best practices: Serving mode is a product and operations decision, not
a prestige decision. Real time is not automatically better.

Common failure modes: Building a REST endpoint for weekly predictions; batch jobs
without model version logging; streaming pipelines without data quality checks; real-time
endpoints without traffic rollback.

Outputs/artifacts: Serving-mode decision record; inference pipeline or endpoint design;
monitoring plan.

Sources used: Big Book pp. 46-49; Model deployment patterns; Deploy models using Model
Serving.

Reference Architecture

The Big Book reference architecture is the heart of the handbook. It describes how work moves
through development, staging, and production in a multi-environment setup.

Multi-environment view

The architecture separates workspaces and catalogs across environments. Development is
optimized for exploration, staging for integration validation, and production for governed
execution. Code moves through Git and CI/CD. Data and models remain governed in the
environment where they are used.
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Multi-environment view
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Figure 4: Multi-environment reference architecture overview from the Big Book of MLOps,
p- 32.

The short PDF emphasizes that this resolves a common tension: teams want realistic data for
validation, but they also need environment separation. Unity Catalog permissions can allow
governed read access without collapsing dev, staging, and prod into one uncontrolled space.

Development

Development is where hypotheses become code. It includes data exploration, feature engi-
neering, model training development, validation logic development, and deployment logic
development.

Data

Development data should be useful enough to support meaningful experimentation but
controlled enough to protect production assets. Where production data is required, access
should be governed and read-only unless the project has a deliberate sandbox copy.

Databricks recommends that development workspaces have read-only access to relevant
production assets where appropriate. This can include production data, inference tables,
metric tables, and production model versions. The point is not to let development mutate
production; it is to let data scientists diagnose current behavior, compare candidate models
against production models, and understand whether the available data can solve the business
problem. If direct read-only access is not possible, a governed production snapshot can be
written to the development catalog.
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Exploratory data analysis (EDA)
EDA should produce reusable knowledge, not only notebook cells. The durable outputs are
data assumptions, candidate features, data quality checks, and failure cases.

AutoML and AutoGluon

AutoML is useful in EDA because it creates baselines quickly. In the Databricks workflow,
AutoML can generate trial runs, notebooks, summary statistics, and candidate model code
that a team can review and reproduce. The important boundary is that AutoML accelerates
exploration; it does not replace source control, MLflow tracking, model registry governance,
validation gates, or production monitoring.

AutoGluon is an open source AutoML library that exposes a compact workflow for tabular
problems: load data with Dataset (), train with fit(), and score new data with predict().
Behind that simple interface, AutoGluon performs preprocessing, chooses feature handling
strategies, trains multiple model families, and combines models through ensembling and
stacking. It can also work within a time budget, returning the best models trained within the
allowed time.

In an MLOps workflow, an AutoGluon model should be treated like any other candidate
model. The training run should log the code version, data version, AutoGluon configuration,
time budget, metrics, artifacts, and selected model. If the candidate is promising, it should be
registered, validated, compared to the current champion, and monitored through the same
lifecycle as a hand-built model.

Recipe: Use AutoML and AutoGluon responsibly in an MLOps workflow
Scenario: A team wants a fast baseline or candidate model without bypassing production
controls.

When to use it: Use during EDA, early model selection, or benchmark creation for tabular
classification/regression problems.

Inputs and prerequisites: Training dataset; target label; evaluation metric; time budget;
MLflow tracking; registry location; validation criteria.

Process steps:

1. Start with a clearly versioned training dataset and target label.

2. Run AutoML or AutoGluon to generate baseline trials, using a time budget when cost or
iteration speed matters.

3. Log the AutoML configuration, data version, metrics, artifacts, selected model, and gener-
ated code or notebook.

4. Review the generated model and preprocessing assumptions; do not promote the output
blindly.

5. Package the selected candidate so it can enter the normal registry and validation workflow.

6. Compare it against the current champion using the same holdout, segment, and operational
criteria used for hand-built models.

7. Promote only through the normal alias, deployment, and monitoring path.

Design checks and best practices: AutoML is a baseline accelerator, not a governance short-
cut. Generated models still need reproducibility, explainability appropriate to the domain, and
production validation.
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Common failure modes: Treating the leaderboard winner as production-ready; failing to log
AutoML settings; ignoring preprocessing assumptions; skipping segment metrics; promoting
a model that cannot be reproduced.

Outputs/artifacts: Baseline run set; selected candidate model; generated notebook/code;
evaluation report; registered model candidate.

Sources used: MLOps workflows on Databricks AWS; Machine learning with AutoGluon, an
open source AutoML library; MLflow on Databricks.

Project code
Project code should move out of notebooks into versioned modules as soon as logic becomes
reusable. Notebooks can remain useful interfaces, but production behavior should live in
testable code.

Model training development

Training development should create the training pipeline and log its runs. The goal is not only
to find a strong model but also to build the repeatable procedure that can train it again.

Model validation and deployment development

Validation logic should be developed with the model, not added after the model is “done”
Define the checks that decide whether a candidate can become a challenger and whether a
challenger can become champion.

Commit code

Committing code is the boundary between exploratory work and shared engineering. A pull
request should include code, tests, configuration, and enough run evidence to review the
change responsibly.

Staging

Staging is where the system proves it can run outside a data scientist’s personal workflow.

Data

Staging data should mirror production shape and constraints. It may use samples, governed
copies, or read access to production-like features depending on the organization’s policy.
Assets written into the staging catalog are often temporary and retained only long enough
to complete testing, but the environment should still be production-like enough to expose
integration failures before release.

Merge code
Code is merged only after review and automated checks. The staging environment should
catch integration errors that unit tests cannot see.

Integration tests (CI)

Integration tests should deploy or exercise the pipeline in staging, run a smoke train/inference
path, and verify that expected artifacts are created. Unit tests should run first against trans-
formation, feature, validation, and packaging code; integration tests should then prove that
the pieces work together in the target environment. For a real-time serving system, staging
should test the serving infrastructure as well as the model pipeline. Expensive training can be
shortened with smaller samples or fewer iterations, but the smoke test should still prove that
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feature computation, training, validation, deployment, inference, and monitoring components
work together.

Merge
Merge should be a controlled transition. Once code merges to the protected branch, CD can
deploy to production using service principal authority rather than individual user authority.

Cut release branch

Release branches are useful when production deployments need stabilization or coordination
across teams. In the Databricks workflow pattern, the release branch can be the signal that
CI/CD should update production jobs with reviewed code and environment-specific configu-
ration. It should not become a long-lived fork that hides production behavior from mainline
development.

Production

Production is where the ML system becomes an operated service.

BIG BOOK OF MLOPS - 2ND EDITION

Production

The production environment is where ML pipelines are operationalized and start directly serving the
business or application. Managed by select ML engineers and admins, this environment is where the
pipelines of the ML project are deployed and executed. These pipelines trigger model training, validate and
deploy new model versions, publish predictions to downstream tables or applications, and monitor the
entire process to avoid performance degradation and instability. While we illustrate batch and streaming
inference alongside real-time model serving below, it's worth noting that most ML applications typically
only use one of these methods, based on business needs.

Data scientists usually do not have write or compute access in the production environment. However, it is
important to provide them with visibility to test results, logs, model artifacts and the status of ML pipelines
in production. This visibility allows them to identify and diagnose problems in production. Data scientists
working in the development environment can be granted read access to model artifacts and monitoring
tables in the prod catalog. Furthermore, this allows data scientists to load registered models from the prod
catalog to compare against models in development.

& databricks

Figure 5: Production workflow from the Big Book of MLOps, p. 42.

Model training

Production training should be run by production-approved code with production permissions.
This is what makes code-first promotion auditable. The production training task should log
model metrics, parameters, tags, data versions, and the model artifact to the production
tracking context, then register the resulting model version to the production catalog.
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Model validation

Validation should be a gate, not a report that nobody reads. It should check metadata, schema,
performance, segment behavior, and operational readiness. Validation outcomes should be
written back as model metadata or tags. A tag such as model validation status can move
from PENDING to PASSED or FAILED, giving operators and data scientists a visible record of why
a model did or did not become a challenger.

Model deployment

Deployment should update controlled production pointers such as aliases or endpoint config-
uration. It should be reversible. A typical deployment step compares the validated challenger
with the current champion using offline evaluation or an online comparison. If the challenger
wins, deployment repoints the champion alias or updates endpoint traffic. If there is no
champion, the challenger should still be compared against a business heuristic or acceptance

threshold.

Model Serving

Model Serving is appropriate for real-time inference paths. Production endpoints should have
ownership, access controls, monitoring, and rollback. When updating an existing endpoint,
Model Serving can keep the current configuration running while the new configuration
becomes ready, enabling zero-downtime updates. Endpoints can also serve multiple models
with traffic splits, which supports online champion/challenger comparisons.

Inference: batch or streaming

Batch and streaming inference are first-class production patterns. They still need model
version logging, input/output capture, monitoring, and retraining hooks. Production inference
should load the governed model through an alias such as @champion whenever possible, so
promotion is decoupled from scoring code and the next run automatically uses the approved
model version.

Lakehouse Monitoring
Monitoring should be part of the production architecture from the start. It should observe
data quality, drift, prediction behavior, and accuracy once labels are available.
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Figure 6: Inference, monitoring, and retraining loop from the Big Book of MLOps, p. 49.

Retraining

Retraining should be a governed response to evidence, not a reflex. A retraining loop should
specify the trigger, data window, validation criteria, promotion path, and rollback plan.
Scheduled retraining is appropriate when fresh labels or data arrive predictably. Triggered
retraining is appropriate when monitoring detects drift, degraded quality, or another anomaly

Lakehouse Monitoring
Lakehouse Monitoring monitors statistical properties (data drift, model performance, etc.) of input data
and model predictions. These metrics are published for dashboards and alerts.

= DATA INGESTION

This pipeline reads in logs from batch, streaming or online inference.

= CHECK ACCURACY AND DATA DRIFT

The pipeline then computes metrics about the input data, the model’s predictions and the
infrastructure performance. Metrics that measure statistical properties are generally chosen by
data scientists during development, whereas metrics for infrastructure are generally chosen by ML
engineers. Note that custom metrics can be defined and monitored with Lakehouse Monitoring.

= PUBLISH METRICS AND SET UP ALERTS

The pipeline writes to Lakehouse tables in the prod catalog for analysis and reporting. These tables
should be readable into the development environment to allow data scientists to perform granular
analysis if required. Tools such as Databricks SQL are used to produce monitoring dashboards,
allowing for health checks and diagnostics. The monitoring job or the dashboarding tool issues
notifications when health metrics surpass defined thresholds.

= TRIGGER MODEL TRAINING

When the model monitoring metrics indicate performance issues, or when a model inevitably
becomes out of date, the data scientist may need to return to the development environment and
develop a new model version. SQL alerts can be used to notify data scientists when this happens.

Retraining

This architecture supports automatic retraining using the same model training pipeline above. While we
recommend beginning with a simple schedule for periodic retraining, organizations can add triggered
retraining when needed.

and sends an alert or webhook into the training workflow.

Recipe: Design a retraining loop

Scenario: A production model needs periodic or event-driven retraining.

When to use it: Use when model quality depends on changing data, labels, behavior,

products, or policy.

Inputs and prerequisites: Monitoring metrics; label availability; training pipeline; valida-

tion gate; registry aliases; deployment workflow.

Process steps:

1. Define retraining triggers: schedule, drift threshold, accuracy drop, business event, SQL

alert, webhook, or manual review.

ARl

Define the training data window and label maturity rule.

Run the production training pipeline with logged data version and code version.
Register the result as a new immutable model version.

Run validation against holdout, recent data, and required segments.

Assign @challenger only if validation passes.
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7. Compare challenger against champion and promote only if the deployment criterion is met.
8. Monitor post-promotion behavior and keep rollback available.

Design checks and best practices: Retraining is not deployment. A retrained model still
needs validation and promotion.

Common failure modes: Automatic retraining that silently worsens performance; labels
arriving too late or inconsistently; no record of training window; overwriting the champion
without comparison.

Outputs/artifacts: Retraining policy; scheduled workflow; validation report; model version;
promotion record.

Sources used: Big Book pp. 42-50; MLOps workflows on Azure Databricks; MLOps workflows
on Databricks AWS; Data profiling / Lakehouse Monitoring.

Implementing MLOps on Databricks

Implementation should start from templates. Databricks Asset Bundles describe jobs,
pipelines, and resources as configuration with environment-specific targets. MLOps Stacks
builds on that idea as an opinionated project scaffold. A new stack can be initialized with
databricks bundle init mlops-stacks, after which the generated project can be customized
to match the organization’s process.

MLOps Stacks is organized around three components. ML code gives data scientists a stan-
dardized project structure for notebooks, training, testing, and batch inference. ML resources
as code defines jobs, pipelines, workspaces, and other deployment resources through bundle
configuration. CI/CD wires the project into GitHub Actions or Azure DevOps so staging
tests and production deployments run through automation. The role split is deliberate: data
scientists and ML engineers can develop model code, while ML/platform engineers configure
service principals, workspace targets, and production deployment workflows.

Recipe: Build CI/CD for an ML pipeline
Scenario: A team wants to replace manual notebook execution with automated promotion.

When to use it: Use for any ML pipeline that must move from dev to staging to production.

Inputs and prerequisites: Git repository; CI system; Databricks workspaces; service prin-
cipal; Asset Bundle; tests; environment targets.

Process steps:

Define the deployable unit as a Databricks Asset Bundle.

Create targets for development, staging, and production.

Run unit tests on pull request.

Deploy to staging and run an integration smoke test.

On merge to the protected branch, deploy to production through a service principal.

AR o e

Run production training, registration, validation, and alias promotion as controlled work-
flow steps.
7. Keep rollback explicit: revert code, rerun a previous release, or repoint model alias.

Design checks and best practices: The CI/CD service principal should own production
deployment authority. Humans approve where judgment is needed; automation executes
repeatable steps.
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Common failure modes: CI tests only Python importability; production deployment from
a user’s notebook session; environment-specific configuration hard-coded in code; no smoke
test.

Outputs/artifacts: Bundle configuration; CI workflow; CD workflow; service principal per-
missions; release record.

Sources used: CI/CD for ML; Declarative Automation Bundles; MLOps Stacks; MLOps
Questions (1).pdf Topics 2-4.

Recipe: Apply MLOps Stacks or Asset Bundles
Scenario: Multiple ML initiatives need a shared delivery pattern.

When to use it: Use when teams repeat similar project structures, environment targets, CI/
CD workflows, and governance conventions.

Inputs and prerequisites: Standard environment names; CI provider; workspace hosts;
catalog names; team ownership; project template requirements.

Process steps:

1. Start from MLOps Stacks when the project fits the opinionated training and batch inference
pattern.

Initialize with databricks bundle init mlops-stacks.

Choose the appropriate project scope: ML code, CI/CD components, or both.

Use Asset Bundles to declare jobs, pipelines, models, resources, and environment targets.
Encode naming, tags, permissions, and validation gates into the template.

AR

Support role separation where useful: project code for data scientists and CI/CD/resource
configuration for ML/platform engineers.

7. Roll out in phases: foundation first, CI/CD integration next, stronger quality gates after the
workflow is stable.

Design checks and best practices: A template should reduce choices that should not vary
by project. It should not prevent legitimate domain-specific validation.

Common failure modes: Treating the stack as a generated one-time copy; allowing each
team to fork conventions immediately; putting secrets or environment-specific values in
source code.

Outputs/artifacts: Project scaffold; bundle config; environment targets; CI/CD workflows;
project onboarding checklist.

Sources used: MLOps Stacks: model development process as code; MLOps Stacks on Data-
bricks AWS; Databricks mlops-stacks GitHub archive; DABs for MLOps Stacks; MLOps Gym
Crawl.

LLMOps

LLMOps extends MLOps to systems where the “model” may be a hosted foundation model, a
prompt, an agent, a chain, a retrieval pipeline, a fine-tuned model, a serving endpoint, a vector
index, an evaluation dataset, or a combination of all of these. The Big Book’s LLMOps section
is valuable because it treats LLM applications as systems, not only as model calls.
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What changes with LLMs?

LLMs change the unit of control. In classic ML, the registered model artifact often represents
the main prediction behavior. In LLM applications, behavior may depend on prompt templates,
retrieval data, embeddings, reranking, tool calls, endpoint configuration, safety filters, and
evaluation rubrics.

This means version control must cover more than model weights. Prompts, agents, chains,
retrieval settings, vector indexes, evaluation datasets, endpoint choices, and cost/performance
settings are all production assets. They should move through environments with the same
discipline as feature pipelines, training code, and inference code.

The common MLOps foundations still apply. LLM projects still need separate development,
staging, and production environments; Git-based version control; MLflow tracking where
appropriate; governed data in lakehouse tables; model lifecycle management; and CI/CD. The
implementation changes because the asset graph is wider, not because the operating discipline
disappears.

Key components of LLM-powered applications

Prompt engineering
Prompts are executable behavior. Treat them like code or configuration: version them, review
them, evaluate them, and deploy them through environments.

Leveraging your own data
Enterprise LLM systems often become useful when they can access domain data. That data
access path must be governed, refreshed, evaluated, and monitored.

Retrieval augmented generation (RAG)

RAG connects a user query to relevant documents or records, then passes retrieved context to
an LLM. It is often preferable to fine-tuning when the goal is to ground responses in changing
private knowledge.

Typical RAG workflow

A typical RAG workflow includes ingestion, chunking, embedding, indexing, retrieval, prompt
construction, generation, and evaluation. Each stage can fail independently. Bad chunks, stale
embeddings, poor retrieval, or weak prompts can all produce poor answers even when the
foundation model is strong.
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TYPICAL RAG WORKFLOW

There are many ways to implement a RAG system, depending on specific needs and data nuances.
Below we outline one commonly adopted workflow to provide a foundational understanding of the process.
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Source: Databricks - Large Language Models: Application through Production

= User prompt
The process begins with a user query or prompt. This input serves as the foundation for what
the RAG system aims to retrieve.

= Embedding conversion
The user's prompt is transformed into a high-dimensional vector (or embedding). This representation
captures the semantic essence of the prompt and is used to search for relevant information in the
database.

= Information retrieval
Using the prompt’s vector representation, RAG queries the external data sources or databases.
A vector database (see below) can be particularly effective here, allowing for efficient and accurate
data fetching based on similarity measures.

= Context augmentation
The most relevant pieces of information are retrieved and concatenated to the initial prompt.
This enriched context provides the LLM with supplemental information which can be used to produce
a more informed response.

& databricks

Figure 7: Typical RAG workflow from the Big Book of MLOps, p. 59.

Vector database

The linked source on Databricks Al Search describes a managed retrieval capability built
around indexes. The short PDF highlights Delta Sync Index behavior: changed rows can be
incrementally embedded, while changing the embedding model usually implies a full re-
embedding and index rebuild.

Benefits of vector databases in a RAG workflow
Vector indexes make semantic retrieval practical at scale. They also introduce lifecycle con-
cerns: freshness, embedding model choice, index rebuild cost, access control, and evaluation.

Recipe: Use vector search and retrieval workflows

Scenario: A team needs a RAG workflow over governed enterprise data.

When to use it: Use when answers should be grounded in private or changing knowledge
rather than only in a foundation model’s pretraining.

Inputs and prerequisites: Source Delta table or document corpus; chunking strategy;
embedding model; index type; freshness requirement; evaluation questions; access controls.

Process steps:

1. Define the retrieval corpus and governance boundary.

2. Choose chunking rules that preserve useful context.
Choose managed or self-managed embeddings based on control, cost, and compliance
needs.
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4. Create an index with an appropriate sync mode: continuous for low-latency freshness or
triggered for controlled refresh.

5. Evaluate retrieval quality before evaluating generated answers.

6. Version prompt templates and retrieval configuration together.

7. If changing embedding models, plan a full re-embed and dual-index cutover.

Design checks and best practices: Retrieval quality is a first-order system metric. Do not
evaluate only final text if the retrieved context is wrong.

Common failure modes: Re-indexing surprise costs; stale indexes; unauthorized data in
retrieval results; evaluating answer style but not source relevance.

Outputs/artifacts: Index configuration; embedding policy; retrieval evaluation set; RAG
prompt/config version; cutover plan.

Sources used: Big Book pp. 58-61; Databricks Al Search; Create Al Search endpoints and
indexes; MLOps Questions (1).pdf Topic 5.

Fine-tuning LLMs

Fine-tuning changes model behavior by training on additional examples. It is useful when the
desired behavior is not achieved reliably through prompting or retrieval alone, or when style,
task format, or domain adaptation must be learned.

When to use fine-tuning?

Use fine-tuning when you have representative training examples and a stable behavior target.
Do not use it as a substitute for retrieval when the main requirement is access to changing
facts.

Fine-tuning in practice
Fine-tuning still needs the MLOps basics: dataset versioning, run tracking, evaluation gates,
registry metadata, deployment controls, and rollback.

Pre-training

Pre-training is a much heavier process than fine-tuning. It is usually relevant only when an
organization has large-scale data, infrastructure, and a strategic reason to train a model from
scratch or continue training at scale.

When to use pre-training?
Use pre-training only when the organization needs deep control over the model and has the
resources to support the full lifecycle.

Pre-training in practice

Pre-training is an infrastructure and data-governance program, not a single modeling task.
The operational burden includes data curation, compute planning, evaluation, safety, deploy-
ment, and long—term maintenance.

Third-party APIs vs. self-hosted models

Third-party APIs can accelerate experimentation and reduce operational burden. Self-
hosted or provisioned deployments can provide stronger control over cost, latency, privacy,
customization, and availability. The right choice depends on workload stability, compliance
requirements, model choice, and expected traffic. Centralized API governance is valuable be-
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cause it gives the organization a control point for credentials, auditing, fallback, and provider
switching without scattering provider-specific logic throughout applications.

Model evaluation

LLM evaluation is harder than many classic ML evaluations because outputs can be open-
ended. Evaluation often combines automated metrics, LLM-based judging, human feedback,
regression test sets, and task-specific rubrics.

LLMs as evaluators

LLMs can help evaluate outputs, but their judgments are themselves model outputs. Treat
evaluator prompts and rubrics as versioned assets, and periodically calibrate them against
human review.

Human feedback in evaluation

Human feedback remains important for subjective quality, policy alignment, and high-impact
decisions. The goal is not to make every judgment manual, but to create a reliable calibration
loop. Human review should feed evaluation sets, monitoring review, future fine-tuning deci-
sions, and regression tests for prompts or chains.

Packaging models or pipelines for deployment

An LLM application package may include prompt templates, retrieval configuration, model
endpoint references, tools, safety filters, and evaluation settings. Package these as versioned
deployable assets, not as scattered notebook state.

LLM Inference

LLM inference introduces cost, latency, throughput, and quality tradeoffs. The linked Founda-
tion Model API and Provisioned Throughput sources distinguish experimentation-style usage
from production capacity planning.

Real-time inference
Real-time LLM inference is appropriate for interactive applications. It needs latency budgets,
rate controls, fallback behavior, logging, and evaluation.

Batch inference
Batch inference is useful for offline enrichment, classification, summarization, or periodic
generation where latency is less important than throughput and cost control.

Inference with large models

Large models can improve capability but increase latency and cost. A production design
should test whether a smaller model, better retrieval, or better prompting can meet the
requirement.

Managing cost/performance trade-offs
Cost/performance management is an operating discipline. Track token usage, latency, end-
point capacity, cache opportunities, prompt length, retrieval context length, and model choice.
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Methods for reducing costs of inference

Cost controls include shorter prompts, better retrieval filtering, caching, batching, smaller
models, provisioned throughput for stable workloads, fallback routing, and regular review of
model choices.

Recipe: Operate LLMOps with inference logging and governance
Scenario: A production LLM application needs quality monitoring, cost control, and
auditability.

When to use it: Use for RAG systems, agents, prompt-driven applications, or foundation-
model API integrations.

Inputs and prerequisites: Endpoint configuration; prompt/chain version; retrieval config;
evaluation set; inference table; cost and latency targets; governance policy.

Process steps:

1. Version prompts, chain code, retrieval settings, and endpoint configuration.

2. Log requests and responses to governed inference tables where supported.

3. Track model/endpoint ID, prompt version, retrieval index version, latency, token usage,
and error state.

4. Evaluate outputs with a mix of automated checks, LLM-as-judge where appropriate, and
human feedback for calibration.

5. Use traffic splitting or fallback for new model or prompt versions.

6. Review cost/performance metrics before scaling provisioned capacity.

7. Keep rollback simple: revert prompt/config or route traffic back to the prior endpoint/
model.

Design checks and best practices: Treat prompts and retrieval config as production assets.
Logging must support quality review and compliance, not only debugging.

Common failure modes: Changing prompts without versioning; no record of retrieved
context; judging output without task-specific rubrics; ignoring token cost until after rollout.

Outputs/artifacts: Versioned LLM app config; inference table; evaluation report; traffic
routing plan; rollback record.

Sources used: Big Book pp. 51-74; LLMOps workflows; LLMOps workflows on Databricks
AWS; Al governance with Unity AI Gateway; Monitor model services using inference tables;
Foundation Model APIs; Provisioned throughput Foundation Model APIs.

Reference architecture

The LLMOps reference architecture follows the same discipline as the rest of MLOps: separate
environments, version assets, validate before promotion, observe production behavior, and
close the loop. The difference is that the asset graph is wider.
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BIG BOOK OF MLOPS - 2ND EDITION

Reference architecture

To illustrate potential adjustments to your reference architecture from traditional MLOps, we provide a modified
version of the previous production architecture for two separate LLM-based applications:

o RAG workflow using a third-party API

© RAG workflow using a self-hosted fine-tuned model.

Note that in either of these examples, the retrieval element using the vector database could be removed, and
the LLM queried directly through the Model Serving endpoint.

RAG with a third-party LLM API

e
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Figure 8: LLMOps RAG reference architecture from the Big Book of MLOps, p. 74.

RAG with a third-party LLM API

In this pattern, the application owns retrieval, prompt construction, evaluation, and gover-
nance, while the foundation model is accessed through an API The key controls are endpoint
selection, prompt versioning, retrieval evaluation, inference logging, and fallback.

RAG with a fine-tuned OSS model
In this pattern, the organization has more control over model behavior and hosting, but also
more responsibility for training, evaluation, deployment, scaling, and maintenance.

Conclusion

The central lesson of the Big Book sequence is that MLOps is an operating system for ML work.
It gives teams a repeatable way to move from exploration to production while preserving
governance, lineage, validation, rollback, and monitoring,.

For practical adoption, start with the smallest repeatable path:

Standardize experiments and run metadata.
Register models in a governed namespace.

Promote code through dev, staging, and production.
Use aliases for model lifecycle control.

Add validation gates before promotion.

Capture inference logs and monitor drift/quality.
Encode the pattern into templates and bundles.

O N

Extend the same discipline to LLM prompts, retrieval, endpoints, and evaluation.
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The point is not to make every project heavy. The point is to make the safe path the easiest
path.

Sources used: Big Book pp. 5-78; MLOps workflows; CI/CD for ML; LLMOps workflows.

Glossary
Alias: A mutable pointer to an immutable model version, commonly used for lifecycle roles
such as champion or challenger.

Asset Bundle: A declarative way to define Databricks jobs, pipelines, resources, and envi-
ronment targets.

Champion: The current production model version or model configuration.
Challenger: A candidate model version being validated against the champion.
Experiment: A container for MLflow runs related to a model problem or project.

Inference table: A governed table of model or LLM request/response records used for
monitoring, evaluation, and audit.

Lakehouse Monitoring: Databricks monitoring capability for profile, drift, and model-
quality metrics over governed data.

MLOps Stacks: An opinionated Databricks project template built on Asset Bundles for
production-oriented ML projects.

Model version: An immutable registered model artifact plus metadata.

AutoML: Automated model development tooling used to generate baselines, candidate
models, and reproducible trial artifacts during exploration.

AutoGluon: An open source AutoML library that can train, ensemble, and serve candidate
models using a compact Dataset (), fit(), and predict() workflow.

RAG: Retrieval augmented generation, a pattern that retrieves relevant context and passes it
to an LLM to ground generated output.

Unity Catalog: Databricks governance layer for data and Al assets, including registered
models.

Bibliography and Local Source Index
The source manifest is the authoritative list of downloaded references: sources/source-
manifest.json.

Primary local references:

+ The Big Book of MLOps, 2nd Edition
« MLOps Questions (1).pdf

Archived web references:

« Manage model lifecycle in Unity Catalog
+ MLflow on Databricks

+ Big Book of MLOps download page

« Model deployment patterns
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DABs for MLOps Stacks

MLOps Stacks

MLOps workflows

CI/CD for ML

Declarative Automation Bundles

Databricks mlops-stacks GitHub archive
MLOps Gym Crawl

Provisioned throughput Foundation Model APIs
Supported foundation models

Al governance with Unity Al Gateway
Databricks AI Search

Create Al Search endpoints and indexes
Foundation Model APIs

Deploy models using Model Serving

Data profiling / Lakehouse Monitoring

Monitor model services using inference tables
LLMOps workflows

MLOps workflows on Databricks AWS

Model deployment patterns on Databricks AWS
MLOps Stacks on Databricks AWS

LLMOps workflows on Databricks AWS

CI/CD for ML on Databricks AWS

Machine learning with AutoGluon, an open source AutoML library
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