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Disclaimer
This publication has been prepared by MudoZangl for general informational purposes only 
and reflects MudoZangl’s analysis and perspectives as at the date of publication. 

It does not constitute legal, regulatory, financial, accounting, or investment advice. Readers 
should obtain independent professional advice before making decisions based on this 
publication. 

MudoZangl makes no representation or warranty as to the completeness, reliability, or 
suitability of the information and disclaims liability for loss arising from reliance on it. 

References to third-party reports, institutions, or research are included for contextual 
purposes only and do not imply endorsement.

Rights and Permissions 
© 2026 MudoZangl. All rights reserved.

No part of this publication may be reproduced, distributed, or transmitted in any form or by any means 
without prior written permission from MudoZangl, except for brief quotations used for academic or 
analytical purposes with appropriate attribution.

All trademarks, product names, and company names referenced herein remain the property of their 
respective owners.
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Foreword
From the Chief Executive Officer

Reducing the cost of artificial intelligence while maintaining control is emerging as a 
defining challenge in enterprise technology strategy.

As AI becomes embedded across operational, financial, and decision-making 
processes, infrastructure choices increasingly determine not only cost outcomes, but 
also governance integrity, institutional control, and long-term resilience.

In this context, technology architecture is no longer a purely technical consideration. 
It is a strategic decision that shapes how organisations allocate capital, govern data 
and decision systems, and sustain operational continuity under increasing complexity.

This paper introduces the MudoZangl Architecture–Control–Economics (ACE) 
Framework as a structured approach to addressing this challenge. By integrating 
workload behaviour, governance requirements, and cost dynamics, the framework 
provides a basis for aligning infrastructure decisions with both operational 
performance and institutional objectives.

The analysis reflects a broader shift from platform preference to disciplined workload 
allocation. In environments characterised by sustained utilisation, regulatory scrutiny, 
and capital sensitivity, this shift is essential.

We offer this perspective to support leadership teams in navigating the economic, 
governance, and architectural implications of AI at scale.

Chidi Amudo

Co-Founder & CEO 
MudoZangl    May 2026
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1.	 Executive Overview

Definition: MudoZangl ACE 
Framework

The MudoZangl Architecture–
Control–Economics (ACE) 
Framework is a structured 
decision model through which 
enterprise IT architecture is 
determined by the interaction of 
three dimensions:

•	 Architecture: workload 
behaviour, including utilisation 
patterns, compute intensity, 
latency sensitivity, and 
scalability

•	 Control: governance 
requirements, including 
data sensitivity, regulatory 
obligations, auditability, and 
decision-system integrity 

•	 Economics: cost structure 
over time, including utilisation 
levels, pricing models, and 
capital allocation dynamics 

Institutional Implication

The framework provides a 
consistent basis for allocating 
workloads across cloud, self-
owned, and hybrid environments.

Applied to enterprise AI, this 
framework indicates that 
sustained workloads, governance 
requirements, and long-term cost 
structures must be considered 
together rather than in isolation. 
Infrastructure strategy therefore 
shifts from platform preference to 
workload allocation.

Reducing the cost of AI while maintaining 
control has become a central challenge in 
enterprise technology strategy. As artificial 
intelligence becomes embedded across 
enterprise operations, including customer 
interaction, compliance, analytics, and 
decision support, infrastructure demand is 
increasing in both scale and persistence 
[1] [16].

Global cloud infrastructure spending has 
expanded significantly in recent years, 
with artificial intelligence accounting 
for a growing share of enterprise 
consumption [2]. As deployment moves 
from experimentation to operational use, 
infrastructure costs are becoming more 
visible at scale.

Cloud platforms remain effective for 
variable and externally facing workloads. 
Under sustained utilisation, however, 
consumption-based pricing results in 
cumulative cost structures that increase 
in proportion to usage [3]. This creates a 
divergence between short-term flexibility 
and long-term cost efficiency.

In this context, technology architecture is 
no longer a purely technical consideration. 
It is a strategic decision that shapes how 

organisations allocate capital, govern 
data and decision systems, and sustain 
operational continuity under increasing 
complexity [19].

Beyond data sovereignty, enterprises 
increasingly require control over the 
analytical systems and reasoning 
frameworks that shape operational 
decisions. This extends infrastructure 
considerations from data location to 
control over decision logic itself.

The MudoZangl Architecture–Control–
Economics (ACE) Framework provides a 
structured basis for determining optimal 
enterprise IT architecture by integrating 
workload behaviour, governance 
requirements, and long-run cost 
dynamics.
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2.	 Architecture 
Workload Behaviour and Infrastructure Fit 

Enterprise workloads differ in their 
operational characteristics. These include 
utilisation patterns, compute intensity, 
latency requirements, and scalability 
needs.

Within this broader set of workloads, AI 
introduces a concentration of workloads 
that are continuous and compute-intensive. 
These include inference pipelines, 
document processing systems, internal 
knowledge retrieval, and monitoring 
workflows. In such environments, utilisation 
is sustained rather than intermittent [4].

In addition to utilisation patterns, two 
structural factors influence infrastructure 
placement:

	● Latency sensitivity: Operational 
AI systems often require real-
time or near-real-time interaction 
with enterprise systems. Locally 
deployed infrastructure reduces 
network latency and improves 
responsiveness.

	● Data gravity: Large enterprise 
datasets are costly and complex to 
move. As data volume increases, 
compute is more efficiently 

located close to the data rather 
than transferring data to external 
environments.

These factors reinforce the role of local 
infrastructure in high-volume, operational 
AI environments.

As a result, infrastructure designed for 
elasticity performs differently under these 
conditions. Consumption-based models 
accumulate cost in proportion to usage, 
while fixed infrastructure benefits from 
utilisation efficiency over time [3].

This divergence highlights the need for 
a more structured approach to workload 
classification. Workload segmentation 
therefore provides a clearer basis for 
infrastructure alignment.

As shown in Table 1, routine tasks 
such as extraction, classification, and 
summarisation account for the majority of 
enterprise AI processing. More complex 
reasoning tasks occur less frequently but 
require higher capability [1].

Table 1: Workload Composition in Enterprise AI

Workload 
Category

Relative 
Volume

Operational 
Characteristics

Preferred 
Infrastructure 
Environment

Routine 
processing

High Predictable, repetitive Local / on-premises

Advanced 
reasoning

Low Complex, variable Cloud
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This distribution supports a layered 
architecture in which high-volume 
workloads are executed locally, while 
complex tasks are routed to cloud-based 
systems. Infrastructure placement therefore 
reflects workload behaviour rather than 
a uniform deployment model, allowing 
enterprises to align capacity with actual 
operating patterns.

These characteristics align directly with the 
Architecture dimension of the MudoZangl 
ACE Framework, where workload 
behaviour determines infrastructure 
suitability. Continuous, high-volume 
workloads favour environments that 
benefit from sustained utilisation, while 
variable workloads favour elastic capacity. 
Infrastructure design therefore becomes 
a function of workload classification rather 

than a uniform deployment strategy. These 
workload characteristics also determine 
how infrastructure cost accumulates over 
time, linking architectural decisions directly 
to economic outcomes
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3.	 Economics 
Cost Structure Over Time 

Infrastructure cost is shaped by utilisation, 
duration, and pricing structure. These 
variables determine how expenditure 
accumulates over time [3].

These cost dynamics are reflected in 
the underlying pricing models used to 
deliver infrastructure. Consumption-based 
pricing provides flexibility under uncertain 
demand. Under sustained utilisation, cost 
increases linearly with usage. Fixed or 
amortised infrastructure introduces upfront 
investment but reduces unit cost as 
utilisation increases.

This distinction becomes particularly 
important in AI environments. Once 
workloads are embedded into operational 
processes, they tend to exhibit high 
utilisation over extended periods. 
Under these conditions, cumulative 
cost becomes a primary determinant of 
infrastructure strategy.

Enterprise AI spend at production scale 
is no longer hypothetical. Recent market 
evidence shows rapid expansion in 
enterprise AI consumption, including 
significant growth in enterprise customers 
making seven-figure annual commitments 

to AI platforms. At the same time, 
enterprise surveys continue to show a gap 
between experimentation and measurable 
operational value, reinforcing the need 
for infrastructure choices that are both 
economically disciplined and operationally 
governed [9][10] [16].

In addition to compute, enterprise cost 
structures are influenced by inference 
volumes, retrieval systems, orchestration 
layers (systems coordinating model 
interactions), and supporting data 
infrastructure. These elements create 
persistent cost layers in cloud-based 
environments.

This cost behaviour can be summarised 
across infrastructure models. As shown 
in Table 2, cost accumulation differs 
materially between consumption-based 
and amortised models.

Table 2: Cost Behaviour by Infrastructure Model

Cost Driver Cloud Model Self-Owned / Hybrid Architecture

Compute Scales with usage Fixed, improves with utilisation

AI inference Consumption-based Marginal cost declines over time

Storage Ongoing cost Lower long-term cost

Licensing Recurring Reduced with open-source

Operations Lower initial Higher but predictable
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Table 3: Illustrative Cost Structure – High Utilisation Enterprise AI Scenario (Annual)

Cost Component Cloud Model 
(USD)

Hybrid / Self-Hosted 
(USD)

GPU Compute (Inference) 8.5M – 10M 150K – 300K

Storage 250K – 500K 50K – 120K

Data Transfer / Retrieval 200K – 400K Minimal

Model Access / API 1M – 2M Minimal

Operations Lower upfront Higher fixed

Total (Range) 10M – 12M+ 250K – 600K

To illustrate this effect under sustained 
utilisation, indicative enterprise modelling 
can be applied using publicly available 
pricing inputs.

This illustration reflects the structural 
difference between consumption-based 
and amortised cost models under 
sustained utilisation, based on publicly 
available cloud pricing and typical 
enterprise workload profiles [3].

Total cost of ownership analysis indicates 
that, in high-utilisation environments, 
cumulative cloud expenditure can exceed 
the cost of self-owned infrastructure 
(i.e. infrastructure operated directly by 
the enterprise or through dedicated 
environments) over multi-year horizons [3]. 
Hybrid architecture alters cost structure by 
reducing dependence on consumption-

based pricing while introducing controlled 
operational overhead. Actual cost 
outcomes vary materially depending 
on workload persistence, inference 
distribution, model architecture, utilisation 
levels, and enterprise operating conditions.

Cost efficiency therefore becomes 
a function of workload allocation. 
Infrastructure that aligns with sustained 
utilisation reduces long-term expenditure, 
while consumption-based services remain 
appropriate for variable demand and 
short-duration workloads. However, cost 
considerations alone are not sufficient to 
determine infrastructure placement, as 
control over data and decision systems 
introduces additional requirements.

Institutional Implication 

Infrastructure cost should be 
treated as a capital allocation 
decision rather than a consumption 
decision. Enterprises that do not 
distinguish between sustained and 
variable workloads risk embedding 
structural cost inefficiencies into 
their operating model.

Note on Assumptions:

The cost illustration in Table 3 reflects 
a reference enterprise workload 
scenario characterised by:

•	 Continuous inference workloads 
operating at high utilisation 
(70-90%)

•	 GPU-backed inference using 
A100/H100-class cloud 
infrastructure or equivalent 

dedicated hardware

•	 Approximately 50-150 million 
inference calls per month

•	 Medium-to-large model usage in 
the 7B-70B parameter range

•	 Persistent retrieval, 
orchestration, and supporting 
data layers

•	 A cloud comparison based on 
consumption-based GPU and 

model access pricing, compared 
with amortised self-owned 
infrastructure over a 3-5 year 
useful life

Actual cost outcomes depend on 
workload profile, utilisation behaviour, 
and infrastructure distribution. 
The illustration demonstrates how 
infrastructure cost structures diverge 
under sustained utilisation conditions.

Industry Direction (Illustrative 
Examples):

Several industry developments 
reflect the structural trends 
described in this paper:

•	 Dropbox and 37signals 
reduced reliance on public 
cloud infrastructure as 
workloads became predictable 
and cost scaled linearly.

•	 Apple is increasingly executing 
AI inference on-device to 
optimise latency, cost, and 
control.

•	 Databricks and Snowflake are 
embedding compute within 
the data layer, reducing data 
movement.

•	 	NVIDIA is investing heavily 
in enterprise and on-prem AI 
infrastructure.

•	 	Open-source models, including 
LLaMA-family models, are 
making local and private AI 
deployment more practical.

•	 	Financial institutions continue 
to adopt hybrid architectures 
to balance regulatory control, 
data residency, scalability, and 
third-party risk.

These examples indicate that 
hybrid and locally anchored AI 
infrastructure is not theoretical, 
but an emerging industry pattern. 
They also reflect the three 
dimensions of the MudoZangl ACE 
Framework: Architecture through 
workload placement, Control 
through governance over data and 
models, and Economics through 
cost behaviour under sustained 
utilisation.
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4.	 Control 
Data, Systems and Decision Integrity 

Infrastructure placement affects control 
over data, analytical systems, and decision 
processes.

In enterprise AI environments, this control 
requirement becomes more pronounced. 
Enterprise AI systems rely on proprietary 
datasets, internal knowledge systems, and 
operational decision frameworks. These 
systems carry governance requirements 
related to confidentiality, regulatory 
compliance, auditability, and institutional 
alignment [5] [15].

Control requirements are also becoming 
more time-bound and enforceable. 
In the European Union, obligations 
for deployers of high-risk AI systems 
are scheduled to apply from August 
2026 under the AI Act. In Nigeria, the 
Central Bank of Nigeria issued baseline 
standards for automated AML/CFT/CPF 
solutions in March 2026, creating defined 
implementation expectations for regulated 
financial institutions. Singapore’s 2026 
Model AI Governance Framework for 
Agentic AI further signals that governance 
expectations are expanding from model 
use into agentic decision systems [11][12]
[13].

These requirements extend beyond 
data to include the systems that 
interpret and act on that data. Control 
considerations therefore encompass 
not only data storage, but also the logic 
and processes through which decisions 
are derived. As AI becomes embedded 
in workflows, infrastructure location 
influences transparency, traceability, and 
accountability.

Within this context, knowledge systems 
such as vector databases and knowledge 

graphs represent accumulated 
organisational intelligence. Their 
placement affects both security and long-
term control.

Taken together, these factors have direct 
implications for infrastructure design. 
Hybrid architectures enable local 
control over sensitive datasets, internal 
governance of decision systems, and 
selective use of external infrastructure 
where appropriate. This alignment ensures 
that infrastructure decisions reflect both 
operational requirements and institutional 
obligations, particularly in regulated and 
data-sensitive environments. 

Definition: Sovereignty in 
Enterprise AI

Sovereignty in enterprise AI refers 
to the ability of an organisation 
to retain authority over its data, 
analytical systems, and decision 
processes.

This includes:

• Data sovereignty: control over 
the location, ownership, and 
regulatory treatment of data

• Cognitive sovereignty: control 
over the models, algorithms, and 
reasoning systems that generate 
analytical outputs and support 
decision-making

Sovereignty therefore extends 
beyond data protection to include 
control over how decisions are 
derived and executed within 
enterprise systems.

Institutional Implication 

Infrastructure decisions determine 
the extent to which organisations 
retain control over data, analytical 
systems, and decision processes. 
In regulated and data-sensitive 
environments, control requirements 
extend beyond security to include 
auditability, governance integrity, 
and accountability[15].
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Building on the preceding analysis, 
infrastructure decisions emerge from the 
interaction of three dimensions:

	● Architecture: workload behaviour 

	● 	Control: governance requirements 

	● 	Economics: cost structure over time 

The MudoZangl ACE Framework reframes 
enterprise infrastructure design from 
a platform selection problem into a 
structured allocation problem across 
Architecture, Control, and Economics.

These dimensions provide a consistent 
basis for allocating workloads across 
infrastructure environments.

As shown in Table 4, infrastructure 
outcomes are determined by 
the combined effect of workload 
characteristics, control requirements, 
and cost structure. Most enterprise 
environments contain a combination of 
these conditions. Hybrid architecture 
therefore emerges as a direct outcome 
of this diversity, rather than a transitional 
state.

Routine, high-volume tasks are executed 
locally, forming an efficiency layer. 
Complex reasoning tasks are routed to 
cloud-based systems, forming a capability 
layer. This separation aligns infrastructure 
cost with workload characteristics 
while maintaining access to advanced 
functionality.

5.	 The MudoZangl ACE 
Decision Model 

Table 4: MudoZangl ACE Decision Matrix

Workload Control Economics Architecture 
Outcome

Continuous AI 
workloads

High High utilisation On-premises 
dominant

Mixed enterprise 
workloads

Moderate Medium Hybrid

External / elastic 
workloads

Low Low utilisation Cloud

Regulated 
systems

High Mixed Hybrid (sovereign 
core)
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Infrastructure strategy therefore becomes 
a portfolio allocation exercise, in which 
workloads are assigned to environments 
that best match their operational, 
governance, and economic profiles [18].

The framework provides a structured 
basis for resolving infrastructure trade-offs 
across workload behaviour, governance 
requirements, and cost structure. By 
evaluating workload behaviour, control 
requirements, and cost structure together, 
infrastructure choices can be aligned with 
both operational and strategic objectives. 

Figure 1 illustrates the interaction 
between workload behaviour, governance 
requirements, and cost structure. This 
integrated approach shifts infrastructure 
design from static configuration to 
dynamic allocation. Implementing this 

allocation in practice requires supporting 
technologies that reduce cost constraints 
and increase control over infrastructure 
environments.

Definition: Hybrid Architecture 
in Enterprise AI 

Hybrid architecture in enterprise 
AI refers to the distribution of 
workloads across locally deployed 
and externally hosted infrastructure 
environments within a unified 
system.

This typically involves:

•	 local infrastructure supporting 
high-volume, routine, and 
predictable workloads

•	 cloud infrastructure supporting 
complex, variable, or high-
capability tasks

Hybrid architecture aligns 
infrastructure placement with 
workload characteristics, enabling 
organisations to balance cost 
efficiency, performance, and 
control.	

Figure 1: MudoZangl ACE Framework (Conceptual Model)

Enterprise infrastructure decisions emerge from the interaction of workload behaviour, control 
requirements, and cost structure over time.
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Open-source technologies reduce 
structural cost and increase control over 
infrastructure [6].

This effect can be observed in core 
infrastructure components such as 
database platforms. Proprietary systems 
introduce recurring licensing costs, while 
open-source alternatives eliminate licence 
fees and shift expenditure toward support 
and governance.

A similar pattern extends to the broader 
AI ecosystem. The open-source AI 
ecosystem enables locally deployed 
models, internal orchestration systems, 
and reduced structural dependence on 
consumption-based services.

These capabilities allow enterprises 
to retain control over critical systems 
while improving cost predictability. 
Infrastructure choices therefore extend 
beyond deployment location to include the 
composition of the software stack.

Within the MudoZangl ACE Framework, 
open-source technologies strengthen both 
the Economics and Control dimensions 
by reducing recurring cost structures 
and increasing transparency over system 
behaviour. Their adoption enables 
enterprises to rebalance infrastructure 
away from consumption-based 
dependencies while retaining governance 
over critical systems. Within enterprise 
environments, open source strengthens 
hybrid architecture by improving cost 

control, infrastructure flexibility, and 
governance visibility. Its strategic value 
emerges when integrated into governed 
enterprise operating models rather 
than treated solely as a cost-reduction 
mechanism.

This architectural distribution also has 
implications for operational resilience, 
particularly in environments where system 
continuity depends on reducing reliance 
on external infrastructure.

6.1. Model Selection and Workload 
Alignment

Infrastructure efficiency is closely linked to 
model selection. Different models exhibit 
varying computational requirements and 
accuracy characteristics. 

In practice, enterprises align model 
selection with workload sensitivity:

	● High-volume, low-sensitivity tasks → 
smaller, efficient models

	● High-value, accuracy-critical tasks → 
larger or more advanced models

This alignment reduces unnecessary 
compute consumption while preserving 
outcome quality.

Within the MudoZangl ACE Framework, 
model selection acts as a refinement layer 
that directly influences both Architecture 
(compute intensity) and Economics (cost 
per inference).

6.	 Open Source as an Economic 
and Control Lever 
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Table 5: Database Cost Structure

Platform Licensing Cost Behaviour

Oracle High Recurring

SQL Server Moderate Recurring

PostgreSQL None Support-based
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7.	 Resilience 
Operational Continuity in AI Systems

AI integration increases interdependency 
across enterprise systems. As a result, 
disruptions in external infrastructure can 
affect multiple workflows simultaneously 
[7].

In response to this exposure, hybrid 
architectures mitigate risk by distributing 
workloads across environments. Routine 
processing and core data systems 
remain operational locally, while external 
dependencies are restored [17].

As illustrated in Table 5, resilience in this 
context is achieved through architectural 
distribution rather than redundancy within a 
single environment. This approach reduces 
the propagation of operational disruption 
across interconnected enterprise systems. 
It also reduces dependence on single-
environment infrastructure exposure and 

strengthens operational continuity under 
disruption [17].

From a MudoZangl ACE Framework 
perspective, resilience emerges from 
the distribution of workloads across 
environments rather than redundancy 
within a single infrastructure model. 
Workloads with high control and continuity 
requirements are anchored locally, while 
variable or non-critical workloads can 
be supported externally. This alignment 
reinforces the role of hybrid architecture 
as a mechanism for operational stability 
under disruption. The implications of this 
model become more pronounced when 
applied to industry-specific environments, 
where workload characteristics, control 
requirements, and cost structures vary 
significantly [20].

Table 6: Hybrid Resilience Model

Layer Primary Fallback

Routine AI Local models Continue

Advanced AI Cloud Local degraded

Data systems Local Continue

Interfaces Cloud Static fallback
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8.	 Industrial and Financial Context 

8.1. Industrial Enterprises

Industrial organisations operate with 
large, long-lived datasets and integration 
between operational and enterprise 
systems. Data is retained over extended 
periods and accessed intermittently, 
creating cost and control requirements 
distinct from transactional environments.

These characteristics are particularly 
pronounced in upstream oil and gas. 
Subsurface workflows such as seismic 
interpretation, reservoir modelling, and 
production optimisation rely on datasets 
accumulated over decades [8]. These 
datasets are continuously referenced but 
not uniformly accessed, making storage 
cost and retrieval efficiency critical 
considerations.

In addition to data characteristics, 
operational systems such as production 
surveillance, well performance monitoring, 
and asset integrity management function 
as continuous processing layers. These 
workloads align with the Architecture 
dimension of the MudoZangl ACE 
Framework, as they exhibit sustained 
utilisation and predictable behaviour.

Predictive maintenance provides a 
concrete illustration of these workload 
characteristics. In upstream oil and gas 
operations, equipment monitoring, failure 
prediction, and maintenance optimisation 
rely on continuous ingestion and analysis 
of sensor data. These workloads are 
persistent, high-volume, and closely 
integrated with operational systems. As 
a result, they reinforce the Architecture 
dimension through sustained utilisation, 
the Control dimension through reliance 
on proprietary operational data, and the 
Economics dimension through long-term 
cost sensitivity. Infrastructure placement 

for such workloads therefore directly 
affects both operational efficiency and cost 
structure.

Beyond workload behaviour, control 
requirements are equally significant. 
Subsurface data, production data, and 
reserves information are often subject to 
regulatory oversight, partner agreements, 
and national data considerations. These 
constraints require clear governance over 
data location, access, and processing, 
aligning directly with the Control dimension 
of the MudoZangl ACE Framework.

These governance considerations are 
reinforced by the economic structure of 
upstream operations. Upstream operations 
are capital-intensive and operate over long 
investment cycles. Infrastructure decisions 
therefore have long-term financial 
implications, making cost predictability 
and efficiency essential, consistent 
with the Economics dimension of the 
MudoZangl ACE Framework.

Taken together, these factors converge 
within the MudoZangl ACE Framework. 
Continuous workload behaviour, high 
control requirements, and long-term 
cost sensitivity collectively favour hybrid 
architectures. Local infrastructure supports 
sustained processing and data control, 
while cloud environments provide flexibility 
for specialised or episodic workloads.

Hybrid architecture in upstream 
environments is therefore not a transitional 
configuration but a structural outcome 
of workload characteristics, governance 
requirements, and economic constraints. 
This structural alignment has direct 
implications for how infrastructure 
decisions are evaluated and governed at 
the institutional level.

Institutional Implication 

In regulated and data-intensive 
environments, infrastructure 
decisions are inseparable from 
governance requirements, 
operational continuity, and 
long-term capital efficiency. 
Continuous workloads, sensitive 
data environments, and 
sustained utilisation patterns 
create conditions in which hybrid 
architectures become a structural 
operating requirement rather than 
a transitional configuration.
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8.2. Financial Institutions

While the industrial context emphasises 
long-lived data and continuous processing, 
financial institutions operate under a 
different but equally demanding set of 
constraints. Financial institutions operate 
under stringent regulatory frameworks 
that require control over data processing, 
auditability of decision systems, and 
management of third-party risk [5].

AI workloads in banking are dominated 
by high-volume, routine processes such 
as document handling, compliance 
screening, and customer interaction. 
These workloads align with predictable 
utilisation patterns and benefit from cost-
efficient processing environments.

Control requirements remain central, 
particularly in areas such as credit 
decisioning, fraud detection, regulatory 
reporting, and Anti-money laundering  
(AML) monitoring. Infrastructure placement 
must therefore support transparency, 
traceability, explainability, and compliance.

Recent enterprise AI research reinforces 
this constraint. Surveys of enterprise AI 
readiness show that trust in data is widely 
regarded as critical to AI success, while 
only a minority of organisations consider 
their data foundations highly ready for 
agentic AI [10]. This gap is especially 
relevant for banks, where AI performance 
depends on governed data, auditable 
decision logic, and reliable integration with 
core systems.

Under the MudoZangl ACE Framework, 
these characteristics favour hybrid 
deployment. Routine transaction screening 
and feature extraction can be executed 
locally to optimise cost and control, while 

complex pattern detection or cross-
institutional intelligence may leverage 
cloud-based capabilities.

This allocation aligns infrastructure with 
workload characteristics while maintaining 
compliance and cost efficiency.

Within this context, hybrid architectures 
enable financial institutions to balance 
these requirements by combining local 
processing for routine workloads with 
controlled use of cloud-based systems for 
advanced capabilities.

Illustrative Use Case: AML 
Transaction Monitoring

AML systems process large 
volumes of transactional data in 
real time, applying rule-based and 
machine learning models to detect 
anomalous behaviour. 

•	 	Architecture: High-volume, 
continuous processing with 
predictable workload patterns

•	 	Control: High regulatory 
requirements, including 
auditability, explainability, data 
residency, and third-party risk 
management

•	 Economics: Sustained 
utilisation with strong sensitivity 
to cumulative processing cost

These requirements intensify as 
agentic AI systems assume larger 
operational roles within regulated 
enterprise environments.
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Following the determination of optimal 
architecture through the MudoZangl 
ACE Framework, transition to hybrid 
infrastructure proceeds through structured 
phases [18].

This progression reflects the need to align 
workload allocation, cost structure, and 
governance requirements in a controlled 
and incremental manner [17].

As shown in Table 7, each phase 
builds on the previous one, moving 
from understanding existing workloads 
to establishing hybrid capability and, 
subsequently, optimising performance and 
cost. To ensure implementation outcomes 
remain operationally and financially 
defensible, each implementation phase 
should establish measurable controls 
around workload allocation, infrastructure 
utilisation, operational resilience, and 

governance integrity. Key implementation 
metrics include infrastructure utilisation 
efficiency, inference cost by workload 
class, latency performance, governance 
compliance, and workload execution 
distribution [15].

Progression through these phases enables 
gradual alignment of infrastructure 
with workload characteristics and 
organisational requirements. However, this 
transition also introduces new operational 
and governance considerations that 
must be actively managed to ensure 
consistency and stability across 
environments [20]. 

These considerations extend beyond 
implementation into the ongoing 
governance and risk management of 
distributed infrastructure environments.

9.	 Implementation 

Table 7: Implementation Roadmap

Phase Focus Outcome

Assessment Workload analysis, cost 
baseline

Initial savings

Build Infrastructure deployment, 
migration

Hybrid capability

Optimisation Model tuning, cost 
management

Full efficiency
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As organisations transition to hybrid 
architecture, the introduction of distributed 
infrastructure environments creates 
additional operational complexity, 
infrastructure management requirements, 
and skills dependencies.

These challenges reflect the need 
to coordinate workloads, data, and 
governance across multiple environments. 
In response, they are addressed through 
automation, governance frameworks, and 
managed services. These mechanisms 
provide consistency in deployment, 
monitoring, and control across 
infrastructure environments.

However, hybrid AI environments continue 
to require disciplined governance 
capability, integration maturity, and 
operational oversight to ensure consistency 
across distributed systems [15]. 
Hybrid architecture does not eliminate 
operational complexity; it redistributes 
it into governance, orchestration, and 
infrastructure coordination functions [17].

Infrastructure decisions therefore involve 
balancing cost, control, and operational 
complexity, with governance playing a 
central role in maintaining consistency 
across environments. These considerations 
reinforce the need for a structured 
framework through which infrastructure 
decisions can be consistently evaluated 

and applied across cost, control, and 
operational complexity.

10.1. Operational Capability and Talent 
Considerations

A common concern in hybrid or self-
hosted AI environments is the availability 
of specialised talent, including MLOps 
engineers, infrastructure specialists, and 
model governance expertise.

In practice, this constraint is addressed 
through a combination of:

	● Managed infrastructure platforms that 
abstract GPU and model lifecycle 
management

	● Standardised orchestration 
frameworks that reduce operational 
complexity

	● Selective outsourcing of non-core 
infrastructure components

As the ecosystem matures, the operational 
burden of hybrid AI deployment is 
increasingly shifted from internal teams 
to specialised platforms and service 
providers.

Infrastructure strategy therefore does not 
require full in-house capability, but rather 
structured access to operational tooling 
and governance frameworks.

10.	Risk Considerations
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11.	 Conclusion

Artificial intelligence is increasing both 
the scale and persistence of enterprise 
infrastructure demand, with direct 
implications for cost, control, and 
operational complexity [19].

This shift requires a structured approach 
to infrastructure design that accounts 
for workload behaviour, governance 
requirements, and cost dynamics.

The MudoZangl ACE Framework 
provides a consistent basis for aligning 
infrastructure with these factors. By 
integrating Architecture, Control, and 
Economics, infrastructure decisions can 
be evaluated across different workload 
types and operating environments.

The concept of cognitive sovereignty 
emerges as a defining requirement 

in enterprise AI. Control over models, 
inference processes, and decision logic 
becomes as critical as control over data 
itself.

Within this framework, hybrid architecture 
becomes the dominant model in 
environments where workloads are 
continuous, data is sensitive, and cost 
efficiency is required over time.

Final Position 

Enterprise IT architecture is best 
determined through structured 
workload allocation rather than 
platform preference.

The MudoZangl ACE Framework 
provides a consistent method for 
achieving this alignment.

In large-scale, data-intensive 
environments, this results in hybrid 
architectures that combine cloud 
flexibility with local efficiency and 
control.

This position reflects the combined 
effect of workload behaviour, 
governance requirements, and 
cost structure, and provides a 
practical basis for enterprise 
infrastructure strategy[16].

In this context, enterprise AI 
infrastructure becomes the 
outcome of disciplined alignment 
between architecture, governance, 
and economics, rather than 
isolated technology decisions.

The margin between the last row 
and the bottom of the box is larger 
than the other boxes. Maintain 
consistency.
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