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Section]

The problem

The industry spent 10 years building the wrong

foundation

Between 2015 and 2025, enterprise technology investment shifted toward data infrastructure. Cloud data
warehouses, lake houses, streaming pipelines, and governance platforms absorbed hundreds of billionsin
cumulative spend. The implicit assumption was that once data was accessible, Al would follow.

That assumption was flawed, accessibility matters just as much as capability. But accessible data without
governed meaningis noise. And Al that runs on noisy, decontextualized data produces confident-sounding
answers that are subtly or seriously wrong. This whitepaper shows you exactly where that gap lives, why it stalls
enterprise Al, and what it takes to close it permanently.

Recentresearch shows thatintegrating a knowledge graphimproves LLMresponse accuracy by 54.2%,
delivering more than three times the performance of SQL alone. Yet fewer than 15% of enterprises have moved
semantic modeling and knowledge graph projects beyond pilot stage. That gap between potential and

+

executionis the context gap, and it explains why most enterprise Al programs stall before they scale.

40%

of agentic Al projects will
be canceled by 2027 not
due to technology failure,
but due to flawed human
decisions and missing
datafoundations

Gartner Press Release, June
2026

<40% <10%

of technology leaders
are confident their
enterprise’s current Al
investments willhave
apositiveimpact on
financial performance.
The majority still have not
built a shared semantic
foundationunderneath
their Al

Gartner State of Al-Ready
Data Survey, 2025

of enterprises that
experiment with Alagents
scale themto deliver
measurable value. Data
quality is cited as the
primary blocker by 80% of
organizations.

McKinsey State of Al, 2025

40%

of Alinitiatives failed
in2025up from17%
in2024. Architectural
incompatibility between
agentic Alandlegacy
systemsis the primary
driver.

Article onLegacy systems
sabotaging Alagents

“By 2027, organizations that prioritize semantics in Al-ready data will increase their agentic AI accuracy by up to 80% and

reduce cost by up to 60%.”

Gartner Top D&A Predictions, 2025

s
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Section2

Root cause analysis

Four failure modes. One structural deficit.

Enterprise Al projects failin predictable patterns. The tooling changes year over year. The failure modes do not. Each traces

back to the same structural deficit: enterprise systems generate data continuously, but institutional context — what that

datameans, how it connects, what businesslogic governsit —is never capturedin machine-readable form.

Theresult: every Alinitiative, every migration program, every governance effort starts from the same fragmented,

contextless baseline. There isno compound value. The cost of rebuilding context manually is paid again on every project.

Schema changesin one system break down-
streamreports, ML features, and dashboards.
No one knows what depends onwhat until
something breaks in production.

adataincident: 6.9 hours. Multiply by the
frequency of schema changes across amod-
ernizing enterprise stack.

The failure mode What it actually costs How Wingspanresolves it

01 Discovery debt At $150-300k per discovery sprint, a five-proj- | Wingspan builds the Semantic Twinin 4-6
6-8 weeks of human interviews before every Al ectdatamodernization program carries weeks on existing infrastructure. All subse-
or migration project. No permanent record is $750k-$1.5Min pure rediscovery cost before a | quent projects start from that foundation.
created. The next project starts the same way. | line of migration code is written. Discovery as a project phase s eliminated.

02 Context fragmentation Gartner finds that organizations without se- Onix will help you stitch a single canonical
28+ tools, each maintaining its own metric mantic modeling are 2.2xless likely to achieve ontology across all source systems, enforce it
definitions. “Revenue” means something dif- Al engineering effectiveness. Every model across the enterprise, and answer in business
ferentin six systems simultaneously. Al trained | trained onfragmented context degrades at language grounded init. One definition,
on one definition fails on another. the same rate context drifts. everywhere.

03 Al pilot trap McKinsey: fewer than 10% of enterprises that Wingspan monitors semantic drift, not just
Models trained on curated, hand-picked data- experiment with Alagents scale them to deliver | statistical thresholds but business-meaning
sets pass pilot evaluation. Production data measurable value. Data quality cited as the violations. Training data generated within the
is ungoverned, drifts continuously. Models primary blocker by 8in10 organizations. platform preserves actual KPllogic. 82% of
degrade within weeks of deployment. models trained onit pass production quality

gates on first attempt.

04 Lineage blindness Average time to identify the root cause of Wingspan maps end-to-endlineage, from

source schemato ETL to report to Almodel,
preserving lineage integrity through migration.
Impact analysisis available before the change
ismade.
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Section 3

The solution category

The context layer: What enterprise Al actually needs

InMarch 2026, Gartner formally defined the context layer as a non-negotiable architectural component for
production agentic Al. The finding was direct: without a context layer, agents cannot reliably reason about
business data, cannot maintain consistent metric definitions across systems, and cannot be trusted with
autonomous decisions.

The context layeris not a product category that can be purchased. Gartneris explicit: it must be engineered
from the specific structure and behavior of the enterprise that needs it. Three components are required to
make it work.

> The three required components

Semantics — machine-readable business meaning

Ontologies and knowledge graphs that encode what business data means, not just
what fields exist, but what they represent, how they relate, and what rules govern them.
Business entity definitions, KPI calculationlogic, metric ownership, and compliance
policies expressed as formal semantic relationships that Al systems can query directly.

@ Technical note: Why ontologies, hot documentation

A wikior data dictionary encodes meaning as prose, readable by humans, invisible to Al. An ontology
encodes the same meaning as structured, formal relationships machines can traverse. Eagle builds
the enterprise ontology and knowledge graph as queryable infrastructure that LLMs and agent
frameworks resolve programmatically. This is the difference between ‘revenue is documented
somewhere’ and ‘revenue is programmatically resolvable from any system.

+
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Operational state — right-time context

Right-time awareness of key business entities, customers, products, orders, processes,
and their current status. Enables Alagents to act on current reality, not stale snapshots
from a batch pipeline thatran 18 hours ago. Delivered through event-driven data feeds,
structured and unstructured sources, GraphRAG retrieval, and Model Context Protocol
(MCP)integration.

@ Technical note: GraphRAG vs Standard RAG

Standard RAG retrieves the most semantically similar text chunk. GraphRAG (Graph Retrieval-
Augmented Generation) traverses the knowledge graph to find contextually related entities and
relationships, then uses them to ground the LLM response. A question about ‘top-performing
customers last quarter’ resolved via GraphRAG returns answers grounded in the enterprise’s actual
definition of ‘customer’ and ‘top-performing’, not a statistical approximation. Phoenix uses GraphRAG
overthe Semantic Twin asits retrieval mechanism.

Provenance — traceable decision history

Systematic tracking of data lineage, agent decisions, outcomes, and feedback. Enables
continuous improvement, audit readiness, and regulatory compliance. Every Al answer
traceable to the KPI definition it was based on, the data source it queried, and the lineage
path fromraw schema to the metric returned. This is not optional forregulated industries.

@ Technical note: Why lineage is an Al architecture problem

When an Al agent returns an answer grounded in a metric whose upstream data source has drifted, the
answer is wrong, confidently, silently wrong. Without end-to-end lineage, there is no way to detect
this at query time. Eagle’s lineage graph maps every dependency from source schema through ETL
transformations to report columns to Al feature definitions. Pelican monitors that graph continuously,
surfacing drift before it propagates to downstream consumers.

“The context layer cannot be bought off the shelf: it must be engineered to fit your organization’s unique needs — a
collection of services, capabilities, and custom modeling that transforms the tacit knowledge of the organization into
machine-readable, explicit knowledge.”

Niraj Kumar, CTO at Onix
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Section4

Product architecture

The Semantic Twin: The context layer, automated

:: Knowing what the context layerrequires doesn’t build it. That gap kept surfacing, project after project, even
inside Onix’s own delivery teams. It pushed Onix’s R&D team to build Wingspan, an Al agent platform, to
construct all three components automatically instead of by hand.

Wingspan builds the context layer autonomously through Eagle, the Semantic Twin Engine. Where Gartner
describes the context layeras a collection of engineering efforts, Eagle automates its construction.In4to 6
weeks on existing infrastructure, Eagle mines SQL executionlogs, traces data lineage end-to-end, profiles
workloads, maps hidden dependencies, and constructs a knowledge graph that capturesinstitutional context
from actual system behavior, not documentation, whichis always incomplete and usually wrong.

Theresultis the Semantic Twin: aliving, continuously maintained model of what the enterprise’s data means,
how it connects, and how it should be interpreted. Every agent within Wingspan reads from and writes to this ‘
shared foundation.
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> The 4-layer architecture

Make the enterprise Al-ready

Connect context across the
enterprise

Model structured enterprise
meaning

Establish shared enterprise
language

Agent-ready intelligence - Policy-aware decisions -
Context-aware Al

LLMs and Al agents query the Semantic Twinvia structured APIs. Every
responseis grounded in governed KP| definitions and traceable lineage, not
statisticalinference fromraw tables.

Knowledge graph - Datalineage - Single entity view

The Enterprise Knowledge Graph (EKG) connects every business entity to
itsrelated systems, processes, and metrics. Asingle entity like “customer”
resolves to one authoritative definition across 28+ source systems.

Canonical data model - Metadata standards - Ontology

Domain ontologies encode businessrules in machine-readable form. KPI
calculationlogic, metric ownership, and governance policies are expressed as
formal semantic relationships.

Business glossary - Taxonomy - Controlled vocabulary

Eagle mines SQL executionlogs, ETL scripts, reports, and agent workflows to
construct a business glossary automatically. No manual definition. No human-
in-the-loop forinitial construction. SME approval is optional, not required to
golive.

@ Technical note: How Eagle builds the Semantic Twin without manual ontology definition

Eagle’s discovery engine parses SQL execution logs to identify every query pattern that has everrun
against the enterprise’s data estate. From those patterns, it infers entity relationships (what tables join
towhat, on what keys), business metric proxies (what SELECT expressions recur across reports and
suggest KPI definitions), and temporal patterns (what queries run at what business cadence, implying
process alignment). This statisticalinference over actual system behavioris then reconciled against
code artifacts (ETL scripts, stored procedures, DDL/DML), yielding a draft ontology with no human-
in-the-loop construction cost. The resultis higher accuracy than manual definition because it reflects
what the enterprise actually does, not what someone documented five years ago
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> Inside the Semantic Twin

Five components. One living model.

Before the Wingspan can act, Eagle has to build something worth acting on. The Semantic Twinis not a data
catalog, a Bl Semantic layer, ora metadatarepository, though it subsumes what all three attempt to do. Itis a
machine-readable model of the enterprise itself: what its data means, how that meaning was derived, what
logic governs the numbers its systems produce, and how every data artifact relates to every other.

The Semantic Twinis composed of five components. Each does a specificjob. None works correctly in

isolation. Together, they give every downstream agent, and every Al model that queries through them, a
foundationthatis accurate, consistent, traceable, and continuously maintained.

SQLlogs ETL/code Reports / models Business docs Metadata

Eagle — Semantic Twin Engine

A 4

Semantic Twin

Business glossary

Taxonomy and ontology Datalineage
One term. One meaning.

Hierarchy, rules, and Schematoreport to Al
Everywhere. formal relationships model

KPI graph Enterprise knowledge graph
Metric definitions, ownership, All entities, systems, processes
and calculation logic connectedin one queryable graph

Migration agents Quality agents Al grounding Governance
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Semantic Twin

component

01

Business

glossary
Oneterm. One

meaning.

What it is and what it
stores

Canonical definitions for every
business entity, with synonyms
and cross-system mappings. Built
automatically from how terms are
actually used across SQL, ETL, and
reports.

Why it matters for Al and
agents

Without a governed glossary, a
Wingspan query about “customer
churn” runs against six definitions
of “customer” simultaneously.
Every agentreasons from

the same term, notits own
interpretation of it.

Without it

Alresponses are probabilistically
correctonaverage, wrong at the
edges, and untraceable when they
fail.

02

Taxonomy and
ontology

Therules, inmachine-
readable form.

OWL-compliant semantic
relationships as subject-
predicate-object triples.
Inheritance chains, cardinality
constraints, and policy rules
encoded as formallogic, not
prose.

Al agentsreason from structure,
not text. An ontology gives every
agent therules of the business
domaininaformit cantraverse,
validate against, and use to
reject answers that violate known
constraints.

Agents operate on surface pattern
matching. Aschema change
propagates silently. Thereisno
structure to catch violations
before they reach Al consumers.

KPIl graph
Every metric, its formula,
its owner.

Full calculationlogic, ownership
attribution, lineage back to raw
source fields, and dependency
mapping between metrics. “‘Gross
margin” is anode with a formula
and a source path, not aname.

Al cannot answer “why did gross
margin fall” without knowing

what gross margin means in this
enterprise and where it comes
from. With the KPI graph, Al traces.
Without it, it guesses.

Bltools and Almodels compute
similar-looking numbers using
subtly different formulas. Finance
and operations report different
figures for the same metric. No one
can explain the discrepancy under
audit pressure.

04

Enterprise
knowledge
graph

Allentities, connected
and queryable.

Nodes for every business entity,
customers, products, orders,
contracts, with edges encoding
relationships, system-of-record
attribution, and cross-domain
joinsno single source system
carries.

GraphRAG over the knowledge
graph enables Al to answer multi-
entity questions by traversing
relationships across domains,
notretrieving similar-sounding
text. The answeris groundedin
structured businessreality.

Al answers complex questions by
finding similar-sounding text. The
answer referencesreal entities
and plausible relationships. The
relationships are wrong. No one
cantell.

05
Datalineage
Every dependency,
mapped before
anything breaks.

Field-levellineage from source
schema through ETL toreport
columns, ML features, and Al
modelinputs. Impact analysis
indexes showing what breaks if a
given schema element changes.

Lineage makes Alaccountable.
Every answer carries a traceable
path back to source data. Al

reads lineage before converting
code or moving data, catching
pipeline failures before they reach
downstream consumers

Aschema change causes a
cascade of silent failures across
downstreamreports, ML features,
and Alresponses. Root cause
identification takes days. 91% of
such failures are preventable with
lineage-based drift detection.

“These five components do not exist as separate systems. Eagle builds them simultaneously, from the same mining

pass over the enterprise data environment, and maintains them as a unified graph. That is the Semantic Twin: not a

project you complete, but a continuously deepening model of your enterprise’s institutional knowledge.”

Mayur Jain — Product Head at Onix

The compound effectis structural. An enterprise that ran one program with Wingspan startsits second
program with more institutional knowledge than a competitor that ran ten programs without it. Every agent

within Wingspan deepens the Semantic Twin as it operates, and every initiative that follows starts from a higher

floor.
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> Wingspan — eight agents, one foundation

Eagleisthe only agent that builds the Semantic Twin. Every otheragentreads fromit, writes toit, and operates
at higheraccuracy because of it. This is not a multi-agent framework with shared memory, itis a purpose-built
platformwhere the Semantic Twinis the permanent, persistent foundation that allagent activity deepens over

time.

Eagle

Semantic Twin Engine - Foundation layer
The only agent that builds the Semantic Twin. Mines SQL executionlogs, maps lineage end-to-end, profiles workloads, surfaces hidden

dependencies, and constructs the Enterprise Knowledge Graph (EKG) autonomously. Active in 4-6 weeks on existing infrastructure. No

schema changesrequired. No manual ontology definition. Every other agent’s accuracy depends directly on the depth of the Semantic

Twin Eagle has built.

Raven

Code migration - SQL / ETL / stored procedures
Convertslegacy SQL, ETL scripts, and stored procedures into cloud-native equivalents. Reads the Semantic Twin to understand the

businessintent behind every query, notjust the syntax. Produces modernized code that preserves the original business logic, not just

the executionresult. Semantic Twin context from the Twin eliminates the manual review cycle onintent preservation.

Condor

Data movement - Lineage-preserving migration
Governs data movement across system boundaries with full ineage integrity maintained. Uses the Semantic Twin’s lineage map to verify

that every row moved carries its full provenance chain. No orphaned data, no silent truncation of governance context. Context-aware
transfer,not bulk ETL.

Pelican

Data quality - Semantic drift detection
Monitors data quality against the business-meaning expectations encoded in the Semantic Twin, not statistical distribution thresholds.

Detects whena field that should carry one semantic meaning begins drifting toward another. Catches business-logic violations before

they propagate to downstream Al consumers. 91% of Pelican-monitored pipelines surface semantic drift before it reaches consumers.

Kingfisher

Synthetic data - KPI-preserving generation

Generates synthetic training data that preserves actual KPI calculation logic from the Semantic Twin, not statistical approximations of
surface distributions. GDPR and HIPAA compliant by design. Generates from production data, DDL/DML, or zero-code specification.

82% of Almodels trained on Kingfisher-generated data pass production quality gates on first attempt.

Phoenix

Decisionintelligence - GraphRAG-powered answers

Answers business questions in natural language with answers grounded in governed KPI definitions and source lineage from the
Semantic Twin. Uses GraphRAG over the Enterprise Knowledge Graph, not standard vector RAG over raw tables. Integrates with Gemini
Enterprise, OpenAl, and Google Agentspace as a vendor-neutral semantic grounding layer. Every answer is traceable to the ontology

node it was derived from.

Eagle FinOps
Cost optimization - Workload-aware spend management
Optimizes cloud and Al agent spend using workload context from the Semantic Twin. Distinguishes a critical revenue-reporting pipeline

froman orphaned query using the same compute resource, and acts on the difference. Understands business criticality, not just

utilization metrics. Not cost monitoring; costintelligence.
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Section5

The evidence

What the data shows

> Industry research

14%

of Alagentuse cases
reach production. Despite
78% of organizations
already running at least
one pilot.

March 2026 survey of 650

enterprise technology leaders

80%

of organizations cite data
limitations as primary
Alscaling blocker.

Data quality is the most
commonly cited barrier to
production deployment.

McKinsey State of Al, 2026

94%

of organizations struggle
with unstructured data,
while 1in 3 cite data quality

as amajor barrier to

successful Aldeployment.

NasuniReport Key findings
2026

50%

of business decisions
willbe augmented or
automated by Alagents
by 2026, per Gartner, but
only in organizations with
the data foundation to
supportit.

Gartner Top D&A Predictions,
2026
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> Proven at the scale enterprises actually run

Aggregated across Wingspan engagements. Figures represent averages across completed programs

through Q3202510 Q22026

4.3 wk

Average time for Eagle to build
initial Semantic Twin on existing

infrastructure, no schema changes,

no datamovement

21%

Of Pelican-monitored pipelines
detected business-logic drift
beforeitreached downstream
consumers

67%

Reductionindiscovery phase
duration when Semantic Twinis
active before a migration program
starts

82%

Of Almodels deployed on
Kingfisher-generated training data
passed production quality gates on
first attempt

3.1

Faster migration execution velocity
onsecond initiative vs first, because
the Twin eliminates context-
rebuilding overhead

2.8X

ROlimprovementin Alagent
deployments with Semantic Twinin
place vs without, at 12-month mark
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> From 2-minute queries to sub-second answers

How a top US health insurer rebuilt its ‘1alk to Data platform with a Semantic Twin

Industry: Healthcare / Insurance Scale: 250+ daily business users Platform: Wingspan

The datawas there. Theintent was clear. Ateam of analysts needed to query a product catalog spanning
thousands of plans, benefits, and pricing tiers, in natural language, without writing SQL. The first version of the

platform answered questions. It just answered them differently every time.

Accuracy swung session to session. Latency averaged two to three minutes on complex queries. At $0.53
perrequest with 250 daily users, the cost math didn't hold. And there was no way to catch edge-case queries
before they returned a wrong answer to a business user who trusted the output.

The challenge

«  Queryaccuracyinconsistent
session to session, same
question, different answers

e Responselatency2-3
minutes for complex queries,
making real-time use
impractical

« Costrunningat $0.53 per
request with 250+ daily users
across the business

«  Nomechanism to distinguish
routine queries fromnovel
ones requiring escalation

Results

10%

Improvement inresponse accuracy
Consistent answers across sessions,
same query, same result

What Wingspan built

e«  Semantic Twin mapped the
full product catalog — intent-
basedrouting now handles
recurring queries from the
knowledge graph, not the
model

« Novelandedge-case
gqueriesroutedto areview
and approval layer before
response

«  Memorylayerforpast
conversations reduces
repeatedinference on known
queries

70%

Reductioninlatency

Response time down from 2-3
minutes to under 1minute for most
queries

«  Wingspan built the Semantic
Twin from existing data
assets, no schema changes.

« Wingspanroutes queries:
semantic match against the
Twin first, model inference
only when no match exists

«  Wingspanenforces business
rules at the routing layer,
approval workflows triggered
automatically for sensitive
query types.

« Everyanswercarriesalineage
trace back to the source data
it was derived from

85%

Cheaper perrequest

Token costreduced from $0.53 to
$0.08, at 250 daily users, annual
savings exceed $400K
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What made the difference

The accuracy and cost problems shared aroot cause: the model was doing work the Semantic Twin could
do better. Every query went to the LLM, even the ones the system had answered correctly athousand times
before. The Semantic Twin changed the routing logic. Recurring queries, the majority, now resolve fromthe
knowledge graph. The model handles novelty, not repetition.

The approvallayer foredge cases was built on Canopy’s governance logic using the Twin’s ontology as

the policy boundary. When a query crosses a threshold the business defined, it routes to ahuman reviewer
before the answerisreturned. That's not model tuning. It's abusiness rule, expressed semantically, enforced
automatically.

“The first version answered questions. The Semantic Twin made sure it answered the right question, the right way,
every lime.”

— Director of Data and Analytics

Technology stack

NNLS + Vector PostgreSQL Embeddings Gemini 2.5 Flash
Column Validations

Page 15



Section 6

How Onix delivers it

The enterprise intelligence fabric: Three pillars

The difference between Wingspan and a collection of Al tools is architecture. Every agent reads from and
writes to the same Semantic Twin. Eachinitiative deepens the foundation. Compound value grows with every
program that runs, thisis what Gartner means by the Composite Semantic Layeras a 2026 top D&A trend:
coordinated semantic objects across the full analytics architecture, eliminating fragmentation and ensuring
metric consistency.

Pillar 1: Data platform modernization

Raven and Condor execute migration and data movement programs with full Semantic Twin awareness. Code
conversion becomes contextual modernization, Ravenreads intent, notjust syntax. Data movement preserves
lineage integrity throughout transition. The Semantic Twin eliminates discovery as a project task: lineage is
already mapped, businesslogicis already captured, dependencies are already known.

3X 67% O

Faster migration execution with Reductionindiscovery sprint Rework cycles onlineage-breaking
Semantic Twin-informed context duration changes
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Pillar 2: Autonomous operations

Pelican monitors data quality against semantic expectations encodedin the Semantic Twin, not statistical
thresholds, but business-meaning violations. Kingfisher generates training data that preserves actual
businesslogic, not approximate distributions. Eagle FinOps optimizes Al agent spend using workload context:
understanding whetheraresource is serving a critical revenue pipeline or an orphaned query scheduledin
2019.

21%

Semantic drift detected before
reaching downstream consumers

82%

Almodels on Kingfisher data pass
production quality gates first

40%

Reductionin Alagent token
consumptionvia context

attempt optimization

Pillar 3: Connected intelligence

Phoenix surfaces decisionintelligence grounded in the Semantic Twin’s governed KPI definitions and source
lineage, not probabilistic inference overraw tables. Answers are traceable: every Phoenixresponse carries the
ontology node, lineage path, and governance policy that produced it. Canopy enforces compliance using the
Semantic Twin’s ontology as the single policy truth. Audit readinessis a continuous system state, not a point-
in-time project.

2.8X

ROlimprovement on Alagent
deployments at 12-month mark

80%

Increase in agentic Alaccuracy with
semantic priority

60%

Cost reductionwith semantics-first
Al data strategy

> Deployment timeline

Environment discovery
Eagle connects to existing
infrastructure, no schema
changes, no data movement
required. SQL executionlog
mining begins immediately.
Initial lineage graph
constructed automatically
from actual query patterns,
not documentation.

Weeks 3-4

Semantic Twin
goeslive
First version of the
knowledge graphis
complete. Business entities
mapped. KPI relationships
captured. Ontology
reconciled against actual
system behavior. All eight
agentsin the Birds Suite are
now active and reading from
the shared foundation.

Weeks 5-8

Pillar activation
Data Platform
Modernization, Autonomous
Operations, and Connected
Intelligence activate
concurrently. Each pillar
deepens the Semantic
Twin as it operates. First
migration programs or
quality initiatives begin.
Lineage maps updateinreal
time.

Compounding
intelligence
The Semantic Twin deepens
with every initiative.
Discovery time per program
falls sharply. Almodel
accuracy improves as
semantic context grows.
Each new transformation
starts with more institutional
knowledge than the
previous one ended with.
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Section?7

Competitive landscape

How this differs from what you already have

Wingspan does notreplace existing infrastructure. It provides the shared context layer that makes every
existing tool more accurate and more trustworthy. The comparison below maps capabilities against the tools
most enterprises already operate.

Capability

Data

catalog

Bi
Semantic
layer

Data quality
tool

MLOps
platform

Wingspan

Automated Manual Manual Manual Manual Autonomous — Eagle mines

context discovery SQLlogs, traces lineage, builds
graph without configuration

i i uery-time one one u graph: ontology,
usiness logic Prose Query-ti N N FullKPIgraph |

capture logic metric definitions, ownership,
governancerules

Cross-system Partial — None None None End-to-end: schema > ETL >

lineage catalog-level report > Almodel, across all

only systems
Al agent context None Query-time None None Persistent, queryable Semantic
|ayer only —no Twin — all agents read the same
persistence shared context

Training data None None None Partial — no Kingfisher: synthetic data that

generation businesslogic preserves KPllogic, GDPR/
HIPAA-compliant

i - Periodic/ Manual Scheduledjobs | Manualretrainin Always-on — Twin deepens

Continuous self J g y

update manual refresh with every query, migration, and
agentinteraction

Replaces existing | /A N/A N/A N/A No — augments and grounds

tools every tool already in place
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Section 8

The compound effect

The cost of starting over

Traditional transformation programs start from zero. Every initiative repeats discovery. Context is never
retained. Thereis no compound value. The organization pays the same onboarding cost on project 10 asit did
onproject-1.

Thatisnotaresource problem. Itis a structural one. When each program runs inisolation, institutional
knowledge livesindocuments and in people. Documents get outdated. People leave. The next team walks
into the same fog the last team walked into, rebuilds the same maps, and delivers aresult that looks similar to
what came before. The organization has motion. It does not have momentum.

Wingspan breaks this pattern structurally. Each program deepens the Semantic Twin. The next initiative starts
ahead of where the last one ended. Discovery time per program falls as a function of Semantic Twin depth. Al
accuracy improves as semantic context grows. Migration velocity compounds. The enterprise thatran one
program with Wingspanis more capable of running the next one than an enterprise that ran ten programs
without it

Thisis the difference between paying for transformation and investinginit.

What compounding looks like in practice

The Semantic Twinis not areport produced at program close. Eagle builds it continuously during the
engagement, and it persists after the engagement ends. Every datarelationship mapped, every lineage trace
completed, every KPl definitionresolved, it stays in the Semantic Twin. When the next program begins, that
foundationis already there. Eagle builds fromit, not overit.

The downstream effect touches every agent on the platform. Raven converts code fasterbecause the
dependency graphis already known. Pelican validates data with higher precision because the canonical
definitions are already established. Phoenix delivers more accurate answers because the semantic context it
queries has been accumulating, not resetting.

+
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The cost of the alternative

Every organization doing transformation without a persistent context layeris funding the same work
repeatedly. Discovery workshops. Schema analysis. Logic extraction. Business glossary reconciliation. These
happen before every program, cost roughly the same every time, and produce outputs that mostly do not
survive into the nextinitiative.

Across a five-year transformation portfolio, that repeated discovery costis material. It does not showup ona
single project P&L. It shows up inaggregate, in the total spend on transformation relative to the business value
realized.

The compounding argumentis not about Wingspan being faster on a single program. It is about what the
twentieth programlooks like for an enterprise that has been building a Semantic Twin since program one,
versus an enterprise that has been rebuilding context since program one.

“Buill once. Deepens forever. Powers everything.”
Wingspan — The Enterprise Intelligence Fabric
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Next step

Stop starting from zero.

Eagle builds your Semantic Twinin 4 to 6 weeks on your existing infrastructure. No schema changes. No data
movement. No manual ontology definition. Just the context layer your Al has been missing, built from what your
systems already know, continuously deepened from that point forward.

The Enterprise Intelligence Fabricis not a new platform to manage. Itis the foundation that makes every tool
you already have work the way you expected it to when you boughtit.
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