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The part of MLOps less talked about
Successful operationalization of
machine learning at scale requires i
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Organizations that implement and
enforce MLOps are twice as likely to
achieve their goals. They are also about
two times more likely to report being
prepared for the risks associated with
Al, and nearly two times as confident
that they can deploy Al initiatives in a
trustworthy way.

State of Al in the Enterprise - Edition 4, 5
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The need for an operating
model approach to
machine learning at scale

It's not news that Artificial Intelligence
(Al) is fundamentally reshaping how com-
panies run and improve their business,
and Machine Learning (ML) is the main
contributor to its success’. Yet successful
operationalization of ML, key to captur-
ing the immense value Al brings, proves
challenging according to the State of Al in
the Enterprise 4 and again 5% Tackling this
challenge has led to the rise of Machine
Learning Operations (MLOps).

MLOps is a set of practices that aims

to develop, deploy, and maintain
machine-learning models in production,
reliably and efficiently.

While the tech community has focused on
MLOps with countless tools and technolo-
gies emerging in recent years?, there's more
to the story: simply having the right technol-
ogies is not enough to operationalize ML at
scale. Two additional and equally important
components deserve attention: People and
Processes have emerged as “missing links”
in our work with clients.

This high-level and non-technical guide
shows leaders from business and IT alike
how to navigate the complex and continu-
ously evolving MLOps landscape by exam-
ining the People, Process, and Technology
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components in MLOps from a halistic
perspective. Against this backdrop, we intro-
duce a maturity assessment that will help in
identifying and filling any gaps in reaching
the MLOps level you need.

Organizations still struggle to capture
lasting value from Machine Learning
Even though much effort and resources
have been invested in harnessing the power
of Al, most organizations still struggle to
retain real, sustainable value from it%>¢7.
Lasting impact will only come from ML
models that have been designed, operation-
alized, and embedded into business pro-
cesses at scale. The inability to move from
ML experimentation to operationalization
will only lead to sunk costs. The operation-
alization of ML solutions should thus not be
treated as an afterthought.®

The inability to operationalize
the ML model will only lead to

sunk costs.
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How can you ensure that your
machine-learning endeavors
deliver value and return on your

investment?

MLOps: More than just a set of tools
and technologies

How does MLOps pave the way for enter-
prise-grade Al at scale? MLOps overcomes
the challenges in operationalizing Machine
Learning by encompassing a set of prac-
tices around people, processes, and tech-
nologies. It enables the continuous exper-
imentation, development, and operation
of ML systems. According to our research?,
companies that are successful in their Al
journey make heavy use of MLOps.

Inspired by DevOps, a set of practices to
bridge the gap between the development
and operation of software, MLOps stream-
lines and standardizes the end-to-end ML
lifecycle. MLOps aims to close the loop
between ML modeling and its operational-
ization, thereby optimizing the ML release
process.

But make no mistake: It's not just the right
tools and technologies. Bridging the gap
between the people involved in the ML
lifecycle and the appropriate processes is
equally important and crucial to success.

Just as Al requires rethinking approaches
and processes, ML requires a new approach
to the novel elements that make its opera-
tionalization so different. Three of the more
popular ones are:

* ML code represents only a tiny fraction of
real-world ML systems (see Figure 4). The
infrastructure surrounding the ML code
and containing the model at its heart is
vast and complex. Operationalization of
ML implies integrating and running the
solution with the entire sociotechnical
system within which the ML model works,
including the workforce, data provision-
ing, and serving infrastructure.

Data influences the results of ML-enabled
solutions more than the code itself. This
strong data dependency requires more
tests and validations than “classical”
software. There must thus be processes
in place that support the validation, mon-
itoring, and continuous iteration of the
“data-to-prediction” lifecycle.

* High talent scarcity in the data and
ML market requires guardrails, solid
practices, and access to education (e.g.,
through colleagues in cross-disciplinary
team setting).

MLOps is designed to address these and
other specificities implied by ML and the
surrounding environment. It's here to stay.
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The three pillars of
succesful MLOps

A holistic operating-model approach to
the implementation of ML systems at
enterprise-scale requires three pillars
(see Figure 1):

People
Put people at the center with a focus on
roles and culture.

Processes
To ensure operational feasibility you need to
have the right processes in place.

Technologies
Use appropriate technologies to ensure
technological feasibility.

Bear in mind that these pillars are not mutu-
ally exclusive. Together they form an inter-
dependent system that, when integrated,
serves as a foundation for successful ML
system operationalization at scale.
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Fig. 1 - Intertwinement of People, Process, Tech in MLOps setting

Holistic operating model
approach to implement ML
at enterprise-scale.

Processes
Operational Feasibility

People
Roles & Culture

Technologies
Technological Feasibility
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Put People at the center

The results from our study on the State of
Al'in the Enterprise, Edition 5, show that
establishing clear structures and (re)defining
roles, supplemented by an open culture,
result in improved outcomes (see Figure 2).

Business Experts/SMEs define the project
goal on the basis of the business problem.
They are specialists in their field.

Data Engineers build, prepare and run
data pipelines that serve as a foundation for
ML training.

Data Scientists translate the business
problem into ML by using available data.

ML Engineers focus on developing, deploy-
ing and monitoring ML solutions and its
surrounding infrastructure.

Fig. 2 - Interdisciplinary teams capable in end-to-end delivery

Use Case Use Case
team 1 teamn
POs POs
(Tech & (Tech &
Business) Business)
Business Business
Expert/SME Expert/SME
Tech Lead Engineers Engineers
Chapter/Role (DE, ML, DS) (DE, ML, DS)




Have the right Processes in place

“If you're not changing how you work, you
might be leaving value on the table”. How you
redesign your operations to accommodate
the unique demands of ML will impact how
successful deployment at scale will be? (see
Figure 3).

Modeling

Starts with scoping the business problem
and data acquisition, and ends with the train-
ing and evaluation of carefully selected ML
model(s).

Validation

After sufficient testing of the different ML
pipeline components, additionally model
performance is validated, thereby bridging
the gap between experimentation and oper-
ationalization.

Operations

Machine learning pipelines are deployed

to serve the customer. Once running, ML
models and respective components are then
monitored and validated against specific KPIs.

Use of the appropriate Technology
While companies invest a lot into ML, they
often neglect the surrounding system
landscape that the ML model depends upon
to deliver value. This includes, among other
things, automating data/feature engineering
pipelines, using orchestration tools as well
as monitoring models in production, essen-
tial to detecting and analyzing unexpected
behavior before it causes major problems.

Note that this article focuses on the people
and process components, as countless tech-
nologies, used in the setting of MLOps, have
already been covered extensively.

08

Fig. 3 - MLOps Phases - Based on '° and adapted for the purpose
of this document

Validation

Modeling

Operations

Fig. 4 - ML System Components - Based on'" and adapted for the purpose
of this document
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Starting your journey

to MLOps

Don't miss out on the potential of ML
unlocked by MLOps. Having seen what it

is and why it exists, let's take the next step
to see who is affected by MLOps, as well as
where and how to start the journey.

Who should care about MLOps?

Any company that wants to capitalize
onAl!

Regardless of their experience with ML and
which industry they operate in, all com-
panies will benefit from applying MLOps
practices to ML projects aligned with their
people, processes, and technologies. It
ensures reproducibility and transparency,
and enables fast pivoting in response to
changing objectives.

Where to start with MLOps? Start by
identifying what is missing!

The idea is not to start from scratch but
to capitalize on the status-quo in your
organization. Any organization wishing to
implement MLOps must ask itself several
questions:

* What works in our organization?
* Where should we start?

¢ Which actions should we take?

We have designed a maturity assessment
to help paint an accurate and complete
picture of any gaps by using the operating
model pillars as follows:

People

Assess whether you have the right talent
working on ML and its surrounding envi-
ronment. Find out if you need to hire new
talent or upskill existing employees. Clarify
what is required to set up a sound team
structure, capable of end-to-end delivery,
and propagate an open culture to facilitate
collaboration and knowledge exchange.
High inter-/intra team collaboration will lead
to better team dynamics and efficiencies,
and greater impact.

Processes

The assessment of gaps in processes is
crucial. MLOps requires reliable data pipe-
lines, automated workflows/orchestration,
and agility. Pinpoint what is needed to
follow standards and best practices that
improve reliability in data provisioning, time
to market, and adaptation speed to change.

Technologies

Identify gaps early in the process by assess-
ing your technological landscape and eval-
uating it against novel requirements of ML
use cases. Clarify how to fill gaps by adapt-
ing to new ML requirements. Choosing the
right technologies, including feature stores,
orchestration and ML pipeline tools, will
create a more efficient ML system.
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Fig. 5 - Maturity Level Assessment and main characteristics for each category

MLOps Level 0

MLOps Level 1

MLOps Level 2

Homogenous, completely
decoupled, teams (e.g., data
scientist team, Software
Engineer team etc.)

First signs of interdisciplinary
teams (e.g., data scientists pai-
red with data engineers)

Highly interdisciplinary teams
capable in the end-to-end deli-
very of ML solutions

People
Manual experimentation and Orchestrated experimentation  Standard, highly automatized,
deployment with low collabora-  and continuous training pipeline  process intertwining modeling,
tion between roles/teams with data and model validation  validation and ops

Process

No use of enabling technologies
such as orchestration, versio-
ning etc.

o

Technologies

Feature - and metadata stores,
(data) version control and first
orchestration techniques

Orchestration tools, CI/CD/

CT enabling capabilities, Infra-
structure as Code, observability
techniques

Knowing your maturity is interesting, but
not actionable. Our maturity assessment
helps lay out a roadmap towards efficient
and effective MLOps implementation,
suited to your needs. The speed at which
your MLOps capabilities improve largely
depends on the starting point with regard
to people, process, and technology, as well
as organizational flexibility. By identify-

ing quick wins along the MLOps lifecycle,
efficient MLOps capability can evolve to
support powerful ML systems. Growing
your MLOps capabilities along with your ML
systems will help identify and mitigate risks
linked to the latter.
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Crossing the chasm

ML-based systems are constantly evolving
to boost not only business efficiency but to
allow for new business models. But current
slipshod approaches lead to risky experi-
menting with ML solutions, as well as the
operation and maintenance of ML systems
for costly one-off activities. In fact, every
second respondent in our recent survey?
reported Al related risks and lack of mainte-
nance or ongoing support of ML solutions
as highly challenging.

MLOps is key to capitalizing on the prom-
ise of Al, enabling business to use ML in

a structured, de-risked and efficient way.
However, there are many MLOps pitfalls;
from experimentation and continuously
deploying the model to keeping it working
as intended.

Some of these pitfalls come to light
when asking questions like:

* Do you have the right people working on
ML projects?

* Are your ML systems deployed quick
enough to create ROI?

* Canyou update and operate dozens to
hundreds of ML models and ensure they
are trustworthy and working reliably?

While these are just examples, leaving
these questions unaddressed could risk
falling short of expected results or worse.

MLOps cannot exist in a vacuum. There

is a cultural shift that the top of business,
jointly with technical decision makers, must
understand and push for to ensure the
organization makes full use of MLOps, and
thereby Al at an enterprise level.
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