
Why the next layer of 
enterprise AI won't be a model. 
It will be meaning.

For the past few years, the enterprise conversation 
about AI has been a conversation about models. 
Which foundation model is smartest, which is 
cheapest, which can be fine-tuned, which runs 
on-premises? That conversation mattered. But it is 
rapidly changing as organizations move from 
chatbots that answer questions to agents that take 
actions, such as booking, reconciling, approving, 
escalating, and transacting. A harder problem 
surfaces. The bottleneck is no longer how well a 
model reasons. It is whether the agent shares the 
organization's understanding of what things are, 
how they relate, and what is permitted to be done 
with them. This shift is seen in nearly every 
enterprise AI conversation now, well before a single 
agent reaches production.

That shared understanding has a name. It is the 
enterprise ontology. And it is quietly becoming the 
control plane for AI agents.

 

Meaning sits above the machine: agents act on models, tools, 
and data, but the ontology defines what those things are and 
how they relate to one another.

Going from models to agents 
changes everything

A model that answers a question is forgiving. If it 
phrases something imperfectly or conflates two 
concepts, a human reads the output and corrects 
course. The reader bears the cost of ambiguity.

An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.

Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.

Ontology is Becoming 
the Control Plane for 
AI Agents
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How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
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every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.
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Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
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question that ontologies are uniquely suited to 
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launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.
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An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.
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Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.
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Permission
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constrains

Queries before 
acting
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Why the next layer of 
enterprise AI won't be a model. 
It will be meaning.

For the past few years, the enterprise conversation 
about AI has been a conversation about models. 
Which foundation model is smartest, which is 
cheapest, which can be fine-tuned, which runs 
on-premises? That conversation mattered. But it is 
rapidly changing as organizations move from 
chatbots that answer questions to agents that take 
actions, such as booking, reconciling, approving, 
escalating, and transacting. A harder problem 
surfaces. The bottleneck is no longer how well a 
model reasons. It is whether the agent shares the 
organization's understanding of what things are, 
how they relate, and what is permitted to be done 
with them. This shift is seen in nearly every 
enterprise AI conversation now, well before a single 
agent reaches production.

That shared understanding has a name. It is the 
enterprise ontology. And it is quietly becoming the 
control plane for AI agents.

 

Meaning sits above the machine: agents act on models, tools, 
and data, but the ontology defines what those things are and 
how they relate to one another.

Going from models to agents 
changes everything

A model that answers a question is forgiving. If it 
phrases something imperfectly or conflates two 
concepts, a human reads the output and corrects 
course. The reader bears the cost of ambiguity.

An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.
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Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.

Customer Order Product

Discount

places contains has

applies to

Stock

The Rules (what the ontology also knows)
▪ Don't confirm an order if product is out of stock
▪ Two special discountscan’t be combined on the same item.
▪ An item can be returned within 30 days, unless it's final sale.



Why the next layer of 
enterprise AI won't be a model. 
It will be meaning.

For the past few years, the enterprise conversation 
about AI has been a conversation about models. 
Which foundation model is smartest, which is 
cheapest, which can be fine-tuned, which runs 
on-premises? That conversation mattered. But it is 
rapidly changing as organizations move from 
chatbots that answer questions to agents that take 
actions, such as booking, reconciling, approving, 
escalating, and transacting. A harder problem 
surfaces. The bottleneck is no longer how well a 
model reasons. It is whether the agent shares the 
organization's understanding of what things are, 
how they relate, and what is permitted to be done 
with them. This shift is seen in nearly every 
enterprise AI conversation now, well before a single 
agent reaches production.

That shared understanding has a name. It is the 
enterprise ontology. And it is quietly becoming the 
control plane for AI agents.

 

Meaning sits above the machine: agents act on models, tools, 
and data, but the ontology defines what those things are and 
how they relate to one another.

Going from models to agents 
changes everything

A model that answers a question is forgiving. If it 
phrases something imperfectly or conflates two 
concepts, a human reads the output and corrects 
course. The reader bears the cost of ambiguity.

An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.

Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.
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Why the next layer of 
enterprise AI won't be a model. 
It will be meaning.

For the past few years, the enterprise conversation 
about AI has been a conversation about models. 
Which foundation model is smartest, which is 
cheapest, which can be fine-tuned, which runs 
on-premises? That conversation mattered. But it is 
rapidly changing as organizations move from 
chatbots that answer questions to agents that take 
actions, such as booking, reconciling, approving, 
escalating, and transacting. A harder problem 
surfaces. The bottleneck is no longer how well a 
model reasons. It is whether the agent shares the 
organization's understanding of what things are, 
how they relate, and what is permitted to be done 
with them. This shift is seen in nearly every 
enterprise AI conversation now, well before a single 
agent reaches production.

That shared understanding has a name. It is the 
enterprise ontology. And it is quietly becoming the 
control plane for AI agents.

 

Meaning sits above the machine: agents act on models, tools, 
and data, but the ontology defines what those things are and 
how they relate to one another.

Going from models to agents 
changes everything

A model that answers a question is forgiving. If it 
phrases something imperfectly or conflates two 
concepts, a human reads the output and corrects 
course. The reader bears the cost of ambiguity.

An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.

Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.
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Why the next layer of 
enterprise AI won't be a model. 
It will be meaning.

For the past few years, the enterprise conversation 
about AI has been a conversation about models. 
Which foundation model is smartest, which is 
cheapest, which can be fine-tuned, which runs 
on-premises? That conversation mattered. But it is 
rapidly changing as organizations move from 
chatbots that answer questions to agents that take 
actions, such as booking, reconciling, approving, 
escalating, and transacting. A harder problem 
surfaces. The bottleneck is no longer how well a 
model reasons. It is whether the agent shares the 
organization's understanding of what things are, 
how they relate, and what is permitted to be done 
with them. This shift is seen in nearly every 
enterprise AI conversation now, well before a single 
agent reaches production.

That shared understanding has a name. It is the 
enterprise ontology. And it is quietly becoming the 
control plane for AI agents.

 

Meaning sits above the machine: agents act on models, tools, 
and data, but the ontology defines what those things are and 
how they relate to one another.

Going from models to agents 
changes everything

A model that answers a question is forgiving. If it 
phrases something imperfectly or conflates two 
concepts, a human reads the output and corrects 
course. The reader bears the cost of ambiguity.

An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.

Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.

© Zensar Technologies, 2026     |     Page # 7



At Zensar, we’re ‘experience-led everything.’ We are committed to conceptualizing, 
designing, engineering, marketing, and managing digital solutions and experiences for 
over 145 leading enterprises. Using our 3Es of experience, engineering, and engagement, 
we harness the power of technology, creativity, and insight to deliver impact.

Part of the $4.8 billion RPG Group, we are headquartered in Pune, India. Our 10,000+ 
employees work across 30+ locations worldwide, including Milpitas, Seattle, Princeton, 
Cape Town, London, Zurich, Singapore, and Mexico City.

For more information, please contact: info@zensar.com | www.zensar.com

Why the next layer of 
enterprise AI won't be a model. 
It will be meaning.

For the past few years, the enterprise conversation 
about AI has been a conversation about models. 
Which foundation model is smartest, which is 
cheapest, which can be fine-tuned, which runs 
on-premises? That conversation mattered. But it is 
rapidly changing as organizations move from 
chatbots that answer questions to agents that take 
actions, such as booking, reconciling, approving, 
escalating, and transacting. A harder problem 
surfaces. The bottleneck is no longer how well a 
model reasons. It is whether the agent shares the 
organization's understanding of what things are, 
how they relate, and what is permitted to be done 
with them. This shift is seen in nearly every 
enterprise AI conversation now, well before a single 
agent reaches production.

That shared understanding has a name. It is the 
enterprise ontology. And it is quietly becoming the 
control plane for AI agents.

 

Meaning sits above the machine: agents act on models, tools, 
and data, but the ontology defines what those things are and 
how they relate to one another.

Going from models to agents 
changes everything

A model that answers a question is forgiving. If it 
phrases something imperfectly or conflates two 
concepts, a human reads the output and corrects 
course. The reader bears the cost of ambiguity.

An agent is unforgiving. When an agent decides 
that "the customer's account" refers to the billing 
account rather than the service contract, or that 
"close the ticket" means resolve rather than archive, 
it acts on that interpretation. It writes to systems. It 
triggers downstream processes. The cost of 
ambiguity is now borne by the business, in 
production, often before anyone notices.

This is the structural shift that changes the 
architecture. Agents do not just need access to 
data; they need a governed model of meaning that 
tells them what an entity is, which other entities it 
connects to, what state it can legitimately be in, 
and which actions are valid against it. Without that, 
an agent is a confident actor operating on guesses. 
With it, the agent operates inside a defined world 
with defined rules. That governed model of 
meaning is precisely what an ontology provides.

What ontology means and why it 
is more than a data model

It is worth being precise, as the word is used 
loosely. A data model describes how information is 
stored. A schema describes the shape of a table or 
a document. An ontology describes the semantics: 
the concepts in a business domain, the 
relationships between them, the constraints that 
make some states valid and others impossible, and 
the vocabulary that lets humans and machines 
refer to the same thing without ambiguity.

In a bank, an ontology knows that a "customer" can 
hold multiple "accounts," that an account has a 
lifecycle, that a "dormant" account cannot receive 
certain transactions, and that "exposure" is 
calculated across a specific set of related 
instruments. In a data platform, it knows that the 
"customer" record landing from the CRM is the 
same customer referenced in two downstream 
systems under a di�erent key, that a "reconciled" 
transaction cannot be re-ingested, and that a 
failure in one entity should not silently corrupt 
three others downstream. None of these lives 
cleanly in a database schema. It lives in mapping 
documents, in tribal knowledge, in the heads of the 
engineers who have patched the same pipeline for 
years. The ontology makes that knowledge explicit, 
machine-readable, and, more importantly,  
enforceable.

The control plane analogy

In modern infrastructure, engineers distinguish 
between the data plane and the control plane. The 
data plane does the work: it forwards packets, 
processes requests, and performs the 
computation. The control plane decides how the 
work should be done: it holds the routing rules, 
policies, and configuration that govern every action 
the data plane takes.
Map that onto AI agents. The models and tools 
form the data plane that generates text, calls APIs, 
and manipulates records. But what governs them? 
What tells an agent that this action is permitted 
and that another is not, that this entity relates to 
that one, and that this request violates a business 
rule and must be refused?

Increasingly, the answer is the ontology. It sits 
above the agents as a layer that defines the world 
they operate in and the constraints they face. It is 
where meaning, relationships, and permissions are 
declared once and enforced everywhere. That is 

the definition of a control plane. The ontology is no 
longer a documentation artifact that lives in a wiki. 
It is becoming an operational layer that agents 
query in real time before acting.

 

The ontology as control plane: it governs and constrains the 
data plane, which queries it before acting.

Four things the ontology controls

The shift becomes concrete when you look at what 
the ontology actually governs for an agent.

 

Four roles the ontology plays for every agent.

▪ Grounding. When an agent retrieves 
information, the ontology disambiguates it. 
"Revenue" maps to a specific definition, not 
three competing ones across finance, sales, and 
operations. This is what turns 
Retrieval-Augmented Generation from a 
plausible-sounding guess into a grounded 
answer.

▪ Relationships and reasoning paths. An agent 
who is asked to assess a supplier's risk needs to 
traverse from the supplier's contracts, through 
the components it provides, to the products 
that depend on them, and to the customers 
those products serve. The ontology encodes 
those connections, so the agent reasons across 
the business's real structure.

▪ Permissions and policy. The ontology is the 
natural place to declare what actions are valid 
against which entities, and under what 
conditions. An agent does not need to infer that 
refunds above a threshold require approval; the 
rule is encoded, queryable, and enforced. 
Governance moves from after-the-fact review to 
in-the-loop constraint.

▪ Interoperability between agents. As enterprises 
deploy not one agent but dozens, they need a 
shared language. When a procurement agent 
hands o� to a finance agent, both must mean 
the same thing by "invoice" and "approved." The 
ontology is the shared vocabulary that enables 
multiple AI agents to understand one another. 
Without it, they'd all talk past each other like 
people speaking di�erent languages.

How ontology enables context 
engineering

There is a simpler way to see all of this. Context 
engineering is the practice of deciding what 
information an AI sees before it acts, and the 
ontology is what makes that context precise. Ask 
an agent, "Should we extend credit to this 
customer?" Without an ontology, retrieval dumps 
every document that mentions the customer's 
name and hopes the model sorts it out. With one, 
the agent follows the map: this customer, their 
accounts, their outstanding invoices, the one credit 
policy that applies. The context window receives a 
handful of connected, well-defined facts rather 
than pages of loosely related text. Same model, 
same question, but a far better answer, because 
the ontology turned raw data into engineered 
context.

A retail example: 
The ontology at work

The idea gets simpler with a concrete case. Think 
of an online store. The ontology specifies three 
things in a way software can read: what the 
business has, how those things connect, and the 
rules for what is allowed.

 

A simple retail ontology: the "things" connected by plain verbs, 
plus the rules the ontology also knows.

Now imagine a shopper tells a support agent: 
"Reorder my usual co�ee pods and give me the 
best discount you've got." Without an ontology, the 
agent is guessing what "my usual" means, whether 
it's in stock, and which discount is even allowed. 
With the ontology, the agent looks things up. It 
follows the customer to past orders to find the 
exact product. It checks stock before promising 
anything. It finds the discounts that apply to that 
product and honors the rule that two special o�ers 
can't be combined. It never invents a policy; it 
reads the one you wrote down. That is the control 
plane in action.

Swap "co�ee pods" for "the record flowing through 
last night's batch job," and the logic doesn't 
change. An agent reconciling a failed pipeline run 
still needs to know that the "customer" key in the 
source system and the "account" key in the 
warehouse are the same entity, that a reconciled 
record can't be re-ingested, and that a schema drift 
on one field shouldn't silently break the tables three 
hops downstream. That is the exact problem we 
walk into on most agentic-pipeline engagements, 
long before any model gets deployed.

How to build an ontology?

Building an ontology is less about clever 
technology and more about clearly writing down 
your business. Six simple steps get you started.
 

Six steps to a working ontology. Start small, then expand.

Pick one small area rather than the whole company, 
something like placing an order. List the things 
involved: customer, order, product, stock, discount. 
Connect them with plain verbs: a customer places 
an order, an order contains products, a product has 
stock. Then write down the rules your team already 
knows in their heads: "don't confirm an order if it's 
out of stock," “these two discounts can’t be 
combined.”

The next step is to store all of this in a form that 
software can read and reason over. The primary 
tool for this is OWL (Web Ontology Language), an 
open, widely supported W3C standard. Think of 
OWL as the sheet music for your ontology: a 
precise, agreed notation that captures not just the 
things and their connections but the logic behind 
them. Because the meaning is written down 
formally, software can automatically enforce your 
rules and even work out facts you never spelled 
out. For example, tagging any shopper who spent 
over a threshold last year as a “premium customer” 
without anyone doing it by hand. You typically 
author OWL using a free editor called Protégé and 
query it using SPARQL.

Where does OWL actually live? In a database built 
to hold it, such as a triple store like GraphDB or 
Stardog. So, OWL is the primary tool that defines 
and stores the ontology’s meaning, and GraphDB is 
the secondary, supporting tool that houses it and 
serves answers to your agents at speed. Teams 
that don’t yet need OWL’s formal logic sometimes 
start with a simpler property-graph database like 
Neo4j and add OWL later, but when rules and 
automatic reasoning matter, which is exactly the 
agent case, OWL is the standard worth building on.

Finally, give your agents a way to look it up, so they 
check the ontology before they act. Start with one 
process, get it right, then add the next. The whole 
point is that you teach the system your business 
once, clearly, and every agent shares that same 
understanding.

Why does this matter now?

Three forces are converging to make this urgent 
rather than theoretical. Foundation models have 
become good enough that reasoning is no longer 
the limiting factor. Context and constraint are. The 
marginal gain from a smarter model is small; the 
marginal gain from giving the model an accurate, 
governed view of the enterprise is enormous.

Agentic architectures are moving into production, 
where the tolerance for ambiguity collapses. A pilot 
can absorb a wrong answer. A production agent 
processing thousands of transactions cannot. And 
regulators, boards, and risk o�icers are asking a 
question that ontologies are uniquely suited to 
answer: can you explain, govern, and constrain 
what your AI does? An ontology gives you a 
declarative, auditable answer rather than a 
probabilistic shrug.

Industry signal 
Databricks Genie Ontology

At its 2026 Data + AI Summit, Databricks 
launched Genie Ontology. This live context 
layer grounds its Genie agents in a governed 
business model, fed by defined metrics in 
Unity Catalog. In Databricks’ own testing, 
answer accuracy rose from roughly 50% to 
about 85% once that context was applied. 
The lesson mirrors the argument here: the 
gains came not from a smarter model, but 
from giving agents a shared, governed 
understanding of what the business actually 
means.

Industry signal 
Snowflake Ontology-grounded 
Cortex Agents

Snowflake is making the same move. In May 
2026, its engineering team published a 
benchmark showing that Cortex Agents 
were grounded in an ontology, stored 
natively as a knowledge graph, and 
traversed within the warehouse, rather than 
left to reason over raw tables alone. Answer 
success climbed from 50% on a plain 
semantic-view baseline to 78% once 
ontology structure was layered in. 
Snowflake’s own conclusion echoes the 
point of this piece: the gains “correlated 
more strongly with structural context than 
with increased computational reasoning.” 
The company has also released an 
open-source “Ontology on Snowflake” 
reference implementation that turns the 
warehouse from a data store into a model of 
business concepts and relationships.

Zensar signal 
Agentic Pipeline Creation in Databricks

We see the same pattern in our own delivery 
work. When agents query a governed entity 
model before touching a pipeline, they need 
far fewer human corrections than agents 
working solely from raw table and column 
names. The pattern holds regardless of the 
vendor: agents do not become more reliable 
by adopting a smarter model. They become 
more reliable when given the business’s 
actual meaning to work with.

The Zensar point of view

We believe the organizations that win with agentic 
AI will not be those with the best access to models, 
which are becoming a commodity. They will be the 
ones who have done the harder, less glamorous 
work of making their business meaning explicit and 
operational. We see the alternative constantly: a 
team stands up an agent in a week, then spends 
the next two months untangling why it quietly 
reconciled the wrong account, because “customer” 
meant three di�erent things across the systems it 
touched.

This reframes where the investment should go. 
Before rushing to deploy a fleet of agents, 
enterprises should ask whether they have a single, 
governed definition of their core entities, 
relationships, and rules, or whether that knowledge 
is still scattered across systems and people. The 
ontology is the foundation that determines 
whether agents amplify your operations or quietly 
corrupt them.

In our work with clients, we approach this as an 
engineering discipline, not an academic one. It 
starts with the domains where agents will create 
the most value, captures the implicit meaning 
across systems and stakeholders, and renders it as 
a living, governed layer that agents can query and 
the business can evolve. The ontology is not built 
once and frozen; it is operated, versioned, and 
extended as the business changes, exactly as you 
would operate any control plane.

The model gets the headlines. 
The ontology will decide who 
actually scales.

The question for every leader is no longer “Which 
model should we use?” It is “Do our agents 
understand our business well enough to act on its 
behalf?” Ontology is how you make sure the 
answer is yes.


