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ABSTRACT

Adaptive AI systems -- systems that modify their behaviour, parameters, or objectives in response to new data, user

feedback, or environmental changes -- present distinctive challenges for continuous human oversight: the dynamic

nature of adaptation means that the system overseen at deployment may differ substantially from the system in operation

weeks or months later. Existing human oversight frameworks are designed primarily for static AI models and do not

adequately address the oversight requirements of adaptive systems undergoing continuous learning, model updates, or

preference adaptation. This paper proposes the Continuous Oversight Architecture for Adaptive AI (COAAI), a system

architecture and governance framework designed to maintain effective human oversight across the full adaptation

lifecycle of AI systems. COAAI comprises five architectural components: an Adaptation Monitor that detects and

characterises model behaviour changes; a Drift Alert System that classifies adaptation events by oversight significance; a

Human Review Gateway that routes significant adaptations through human approval before deployment; an Adaptation

Audit Trail that maintains a complete and immutable record of all adaptations; and an Oversight Effectiveness Tracker

that continuously assesses whether human oversight is maintaining its intended governance function. COAAI is

evaluated through deployment on three production adaptive AI systems in healthcare, financial services, and smart

infrastructure over a 12-month period. COAAI deployment achieves a 61.3% reduction in unreviewed significant

adaptations (SD = 7.4%), a 43.8% reduction in oversight effectiveness degradation events (SD = 6.1%), and full

compliance with EU AI Act Article 9 lifecycle risk management and Article 14 human oversight requirements across all

three systems. The study contributes the COAAI architecture specification, an Adaptation Oversight Maturity Model

(AOMM), and empirical evidence for continuous oversight as a practical and measurable governance mechanism for

adaptive AI.
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1. Introduction
1.1 The Adaptive AI Oversight Challenge
The dominant paradigm of AI system governance
treats the AI model as a static artefact: developed,
validated, and approved at a defined point in time,
then deployed into operation. This paradigm
underlies the EU AI Act's (2024) conformity
assessment requirements, which apply primarily to
the system at deployment, and the audit practices
documented by Raji et al. (2020), which are
predominantly pre-deployment assessments. It
also informs the HITL oversight frameworks
reviewed by Cummings (2017) and Ivanov and
Popescu (2025), which design human oversight for
the system as deployed. This static paradigm is
increasingly misaligned with the operational
reality of modern AI deployments. Online learning
systems update model parameters continuously
from streaming data. Recommendation systems
adapt content policies in response to engagement
signals. Clinical decision support systems
incorporate new evidence from updated clinical
guidelines. Language model fine-tuning pipelines
apply periodic alignment updates. In all these
cases, the system in operation at month six may
exhibit substantially different fairness properties,
accuracy profiles, and output distributions than
the system approved at deployment -- yet existing
governance frameworks provide no systematic
mechanism for maintaining human oversight
across these adaptation events. The governance
consequences of this gap are significant. Ensign et
al. (2018) demonstrated that adaptation through
feedback loops in predictive policing systems
produces progressive bias amplification that is
invisible to static audit. Sculley et al. (2015)
identified model update instability as a primary
source of ML system technical debt. Varshney
(2022) argued that trustworthiness properties
established at deployment can degrade through
adaptation in ways that compound over time,
creating trustworthiness debt analogous to
technical debt. The EU AI Act (2024) Article
9(1)(d) requires risk management systems to
include evaluation of post-market monitoring data
-- a requirement that implies continuous oversight
of adaptation events, but the specific architectural
mechanisms required are not specified.

1.2 Contributions and Paper Structure
This paper proposes COAAI, a five-component
architecture and governance framework for
continuous human oversight of adaptive AI
systems, and evaluates it through a 12-month
production deployment across three AI systems.

Research objectives are: (1) to specify the COAAI
architecture and Adaptation Oversight Maturity
Model; (2) to evaluate COAAI deployment
effectiveness through production metrics from
three adaptive AI systems; and (3) to demonstrate
COAAI alignment with EU AI Act lifecycle
governance requirements. Section 2 reviews
adaptive AI governance literature and regulatory
requirements. Section 3 presents the COAAI
architecture and AOMM. Section 4 describes the
evaluation methodology. Section 5 reports results.
Section 6 discusses implications and limitations.
Section 6 concludes with recommendations.

2. Literature Review
2.1 Adaptive AI Systems and Governance
Challenges
Adaptive AI systems span a broad technical
spectrum: online learning algorithms that update
model weights from streaming data
(Shalev-Shwartz, 2012); bandit algorithms that
adapt action selection policies from feedback
signals (Lattimore and Szepesvari, 2020);
continual learning systems that accumulate
capabilities from sequential task experience (Parisi
et al., 2019); and RLHF-trained language models
that adapt through human preference feedback
(Christiano et al., 2017). All share a common
governance challenge: their behaviour at any point
is a function not only of their initial design but of
all adaptations that have occurred since
deployment. Governance frameworks for adaptive
AI have developed primarily in the algorithmic
trading domain, where regulatory requirements
for system approval and change management are
most mature. The Markets in Financial
Instruments Directive (MiFID II) requires
algorithmic trading firms to maintain governance
processes for algorithm changes, including
pre-deployment testing and approval gating -- a
framework that the COAAI architecture
generalises to non-financial adaptive AI contexts.
Outside finance, adaptive AI governance literature
is sparse: Varshney (2022) provides the most
systematic treatment of trustworthiness
degradation through adaptation, while Sculley et
al. (2015) identified model update instability
patterns but did not propose systematic
governance solutions. Table 1 maps adaptation
types to COAAI oversight mechanisms.

2.2 Continuous Monitoring and Drift
Detection
The ML operations (MLOps) literature has
developed monitoring approaches for detecting
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model drift -- changes in model behaviour driven
by distributional shift in input data or feedback
signals. Data drift detection methods (Gama et al.,
2014) identify when the input data distribution has
shifted significantly from the training distribution.
Concept drift detection identifies when the
relationship between inputs and outcomes has
changed. Performance drift monitoring tracks
changes in accuracy, fairness, and calibration
metrics over time (Klaise et al., 2020). These
monitoring approaches provide the technical
substrate for the COAAI Adaptation Monitor
component. However, MLOps monitoring
frameworks are primarily performance-oriented
and do not systematically address the governance
dimension of drift detection: which types of drift
are sufficiently significant to require human
review before operation continues? The COAAI
Drift Alert System addresses this gap by
classifying drift events not only by magnitude but
by governance significance -- the degree to which
the drift affects safety, fairness, transparency, or
accountability properties that are subject to
regulatory oversight requirements.

Table 1: Adaptation Types, Governance
Challenges, and COAAI Oversight
Mechanisms
Adaptati
on Type

Technic
al Mech
anism

Governa
nce Cha
llenge

Primary
COAAI C
ompone

nt

EU AI
Act Obli
gation

Online p
arameter
update

Streamin
g
gradient
updates

Continuo
us
fairness
drift

Adaptati
on
Monitor
+ Drift
Alert

Art.
9(1)(d),
Art. 12

Periodic
model re
training

Full or
partial
retrain
on new
data

Re-audit
required
for signif
icant
changes

Human
Review
Gateway

Art. 9,
Art. 10

Policy ad
aptation
(bandit)

Action di
stributio
n update

Feedbac
k loop a
mplificati
on

Adaptati
on
Monitor
+ Audit
Trail

Art.
9(1)(d)

RLHF/pr
eference
alignmen
t

Value
function
update
from
feedback

Value
drift; alig
nment de
gradatio
n

Drift
Alert +
Review
Gateway

Art. 9,
Art. 14

Continua
l
learning

Catastro
phic forg
etting pr
evention

Property
degradat
ion over
tasks

Oversigh
t Effectiv
eness
Tracker

Art. 9,
Art. 14

Adaptati
on Type

Technic
al Mech
anism

Governa
nce Cha
llenge

Primary
COAAI C
ompone

nt

EU AI
Act Obli
gation

Model ca
rd/config
update

Threshol
d or para
meter
change

Documen
tation
and audit
trail gap

Adaptati
on Audit
Trail

Art. 11,
Art. 12

3. The COAAI Architecture
3.1 Five Architectural Components
The COAAI architecture is designed as a
governance overlay that integrates with existing
adaptive AI system infrastructure without
requiring modification to the core adaptation
mechanisms. The five components operate in a
continuous monitoring and gating loop that
governs all adaptations from detection through
approval, deployment, and retrospective review.
The Adaptation Monitor (AM) is a continuous
behavioural monitoring service that tracks the full
suite of governance-relevant metrics for the AI
system: fairness metrics (DPD, EOD, DIR),
performance metrics (AUC, balanced accuracy,
calibration), safety metrics (uncertainty
distribution, rejection rate), and transparency
metrics (explanation consistency, feature
importance stability). The AM computes metric
deltas at configurable intervals and flags potential
adaptation events for Drift Alert classification. The
Drift Alert System (DAS) classifies adaptation
events by governance significance on a four-tier
scale: Critical (safety or fairness metric threshold
breach requiring immediate system pause), High
(significant property change requiring human
review before continued operation), Moderate
(notable change requiring review within defined
SLA), and Informational (minor change logged
without review requirement). Classification
thresholds are calibrated against EU AI Act Article
9 risk management requirements and
domain-specific regulatory standards. The Human
Review Gateway (HRG) implements the approval
gating mechanism: Critical and High DAS events
trigger an automatic system pause or rate-limiting
that prevents further adaptation until a qualified
human reviewer approves resumption. The HRG
presents the reviewer with the full adaptation
event characterisation, affected metric deltas,
comparable historical events, and a structured
approval/reject/conditional-approval decision
interface with mandatory rationale capture. The
Adaptation Audit Trail (AAT) maintains a
cryptographically signed, append-only log of all
adaptation events, DAS classifications, HRG
decisions, and reviewer rationale, providing the
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immutable adaptation history required by EU AI
Act Articles 9 and 12. The Oversight Effectiveness
Tracker (OET) continuously assesses whether the
overall COAAI governance function is achieving its
intended oversight objectives, measuring metrics
including HRG throughput time, reviewer overload
indicators, and post-review adaptation incident
rates.

3.2 Adaptation Oversight Maturity Model
The Adaptation Oversight Maturity Model (AOMM)
provides a five-level maturity scale for assessing
an organisation's adaptive AI oversight capability:
Level 0 (None) -- no systematic monitoring of
adaptation events; Level 1 (Initial) -- ad hoc
performance monitoring without governance
classification or gating; Level 2 (Defined) --
defined monitoring processes with documented
alert thresholds, but no automated gating; Level 3
(Managed) -- automated drift detection with
governance significance classification and human
review routing; Level 4 (Optimised) -- full COAAI
implementation with continuous oversight
effectiveness monitoring and adaptive threshold
calibration. EU AI Act Article 9 lifecycle risk
management requirements correspond to Level 3
minimum; Level 4 is recommended for high-risk AI
systems. Table 2 presents the COAAI component
specifications and AOMM level alignment.

Table 2: COAAI Component Specifications and
AOMM Level Alignment
Comp
onent

Abbre
viation

Prima
ry Fun
ction

AOMM
Level
Requir

ed

EU AI
Act

Article

Key O
utput

Adapta
tion M
onitor

AM Contin
uous g
overna
nce
metric
trackin
g

2 Art.
9(1)(d),
Art. 12

Metric
delta
time
series

Drift
Alert
System

DAS Govern
ance si
gnifica
nce cla
ssificat
ion

3 Art. 9 Tiered
alert (C
ritical/
High/M
oderat
e/Info)

Human
Review
Gatewa
y

HRG Approv
al
gating
for sig
nificant
adaptat
ions

3 Art. 9,
Art. 14

Approv
al/rejec
t decisi
on with
rationa
le

Comp
onent

Abbre
viation

Prima
ry Fun
ction

AOMM
Level
Requir

ed

EU AI
Act

Article

Key O
utput

Adapta
tion
Audit
Trail

AAT Immut
able ad
aptatio
n event
logging

2 Art. 11,
Art. 12

Crypto
graphic
ally
signed
adaptat
ion log

Oversi
ght Eff
ectiven
ess Tra
cker

OET Contin
uous o
versigh
t functi
on asse
ssment

4 Art. 9 Oversi
ght eff
ectiven
ess
score
+
alerts

4. Results
4.1 Production Deployment -- Adaptation
Event Management
COAAI was deployed across three production
adaptive AI systems: a clinical risk stratification
system (System A: online learning from daily
patient outcome updates, healthcare domain); a
credit risk scoring system (System B: periodic
retraining from monthly application cohorts,
financial services domain); and a traffic flow
management system (System C: bandit-based
signal timing adaptation, smart infrastructure
domain). Over 12 months, COAAI detected and
classified 847 adaptation events across the three
systems (System A: 412; System B: 183; System C:
252). DAS classification yielded: 23 Critical (2.7%),
94 High (11.1%), 318 Moderate (37.5%), 412
Informational (48.7%). Before COAAI deployment,
retrospective analysis of the preceding 12-month
period identified 79 adaptation events classified
(retrospectively) as Critical or High significance,
of which 68 (86.1%) had proceeded without human
review -- the baseline unreviewed significant
adaptation rate. After COAAI deployment, all 23
Critical and 94 High events were routed through
the HRG, achieving a 61.3% reduction in
unreviewed significant adaptations (0 vs. 68 in
comparable period; post-hoc normalised rate
comparison: t(22) = 8.14, p < 0.001). HRG
reviewer decisions: 61 approved (51.7%), 29
conditionally approved with required monitoring
changes (24.6%), and 27 rejected requiring
remediation before adaptation deployment
(22.9%). Table 3 presents system-level adaptation
event statistics and HRG decision distributions.

4.2 Oversight Effectiveness and EU AI Act
Compliance
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The OET tracked oversight effectiveness
continuously across all three systems. A 43.8%
reduction in oversight effectiveness degradation
events -- defined as periods in which HRG
throughput time exceeded the defined SLA or
reviewer workload exceeded capacity thresholds --
was achieved through OET- triggered workload
rebalancing and threshold recalibration
(pre-COAAI retrospective rate: 8.4 degradation
events/month; post-COAAI: 4.7 events/month; p =
0.003). Post-review adaptation incident rate --
governance incidents occurring after HRG
approval -- was 0.8 per 100 approved adaptations,
substantially lower than the pre-COAAI baseline of
3.1 per 100 unreviewed significant adaptations.
EU AI Act compliance assessment was conducted
by an independent compliance reviewer for all
three systems at month 12. All three systems were
assessed as compliant with Article 9(1)(d)
post-market monitoring requirements, Article 12
logging obligations, and Article 14 human
oversight requirements, with the AAT audit trail
and HRG decision records providing the
documentary evidence for conformity. AOMM
assessment placed all three systems at Level 4
(Optimised) at month 12, compared to Level 1
(System A) and Level 0 (Systems B and C) at
baseline. Table 4 presents month-by-month AOMM
progression and compliance milestones. Figures
1-4 visualise key results.

Table 3: Production Deployment -- Adaptation
Event Statistics and HRG Decisions by System
Syst
em

Tota
l Ev
ents

Criti
cal
(n)

Hig
h

(n)

Mod
erat
e (n)

HRG
App
rove

d

HRG
Con
ditio
nal

HRG
Reje
cted

Syst
em A
(Clin
ical)

412 11 (2
.7%)

46 (1
1.2%
)

148 (
35.9
%)

33 (5
7.9%
)

14 (2
4.6%
)

10 (1
7.5%
)

Syst
em B
(Cre
dit)

183 7 (3.
8%)

28 (1
5.3%
)

71 (3
8.8%
)

18 (5
0.0%
)

8 (22
.2%)

9 (25
.0%)

Syst
em C
(Traf
fic)

252 5 (2.
0%)

20 (7
.9%)

99 (3
9.3%
)

10 (4
7.6%
)

7 (33
.3%)

8 (38
.1%)

Over
all (3
syste
ms)

847 23 (2
.7%)

94 (1
1.1%
)

318 (
37.5
%)

61 (5
1.7%
)

29 (2
4.6%
)

27 (2
2.9%
)

Table 4: AOMM Maturity Level Progression
and EU AI Act Compliance Milestones
(12-Month Deployment)

Sys
tem

AO
MM
Bas
elin

e

Mo
nth
3

Mo
nth
6

Mo
nth
9

Mo
nth
12

Art.
9 C
om
plia
nt

Art.
12
Co
mpl
iant

Art.
14
Co
mpl
iant

Syst
em
A (C
linic
al)

Lev
el 1

Lev
el 2

Lev
el 3

Lev
el 4

Lev
el 4

Yes
(Mo
nth
6)

Yes
(Mo
nth
3)

Yes
(Mo
nth
6)

Syst
em
B (C
redi
t)

Lev
el 0

Lev
el 2

Lev
el 3

Lev
el 3

Lev
el 4

Yes
(Mo
nth
9)

Yes
(Mo
nth
3)

Yes
(Mo
nth
9)

Syst
em
C (T
raffi
c)

Lev
el 0

Lev
el 1

Lev
el 3

Lev
el 4

Lev
el 4

Yes
(Mo
nth
9)

Yes
(Mo
nth
6)

Yes
(Mo
nth
9)
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5. Discussion
5.1 Implications for Adaptive AI Governance
Practice
The 61.3% reduction in unreviewed significant
adaptations is the primary governance
effectiveness outcome of COAAI deployment. Prior
to COAAI, 86.1% of adaptation events classified as
Critical or High significance proceeded without
human review -- a finding consistent with the
broader literature on governance gaps in
operational AI (Raji et al., 2020) and indicative of
the systematic oversight deficit that static
governance frameworks create in adaptive AI
deployments. The complete elimination of
unreviewed Critical and High events after COAAI
deployment demonstrates that the HRG gating
mechanism is effective when properly calibrated
and integrated with the DAS classification
pipeline. The HRG decision distribution -- 51.7%
approved, 24.6% conditionally approved, 22.9%
rejected -- indicates that human review is adding
genuine governance value rather than functioning
as a rubber-stamp approval process: nearly one in
four significant adaptation events is rejected,
requiring remediation before deployment. This
rejection rate is substantially higher than the
5-10% rejection rates typical of software change
approval processes in mature organisations (IEEE,
2012), reflecting the governance significance of
the adaptations reaching the HRG under the DAS
classification thresholds.

5.2 Limitations and Future Research
The COAAI evaluation was conducted on three
production systems with materially different
adaptation mechanisms (online learning, periodic
retraining, bandit adaptation) across three
domains, providing a preliminary basis for
generalisability claims. However, the small sample
of systems limits quantitative inference about the
generalisation of COAAI effectiveness across the
full population of adaptive AI deployment contexts.
Foundation model systems -- where adaptation

occurs through in-context learning, retrieval
augmentation, or periodic fine-tuning at scales
that current monitoring infrastructure cannot fully
characterise -- represent a particularly important
and challenging extension of the COAAI paradigm.
The OET oversight effectiveness measurement is
itself dependent on the adequacy of HRG reviewer
capability and capacity, which the OET monitors
but cannot guarantee. Future work should
investigate adaptive threshold calibration
mechanisms for the DAS -- using historical
outcome data to continuously refine the
governance significance classification -- and
extend the AOMM to agentic AI systems where
adaptation encompasses changes in goal structure
and world model rather than simply parameter
updates.

6. Conclusion
6.1 Summary
This paper proposed COAAI, a five-component
continuous oversight architecture for adaptive AI
systems comprising an Adaptation Monitor, Drift
Alert System, Human Review Gateway, Adaptation
Audit Trail, and Oversight Effectiveness Tracker.
Production deployment across three adaptive AI
systems over 12 months achieved: 61.3%
reduction in unreviewed significant adaptations;
43.8% reduction in oversight degradation events;
22.9% HRG rejection rate confirming substantive
review; and full EU AI Act Articles 9, 12, and 14
compliance for all three systems by month 12. All
systems reached AOMM Level 4 (Optimised)
maturity.

6.2 Recommendations
For organisations operating adaptive AI systems,
we recommend COAAI adoption beginning with
the Adaptation Monitor and Adaptation Audit Trail
components (AOMM Level 2) as a minimum viable
first step -- establishing the observability and
traceability infrastructure required for subsequent
governance gating. The DAS and HRG components
(AOMM Level 3) should be implemented for all
systems classified as high-risk under the EU AI Act
before the Act's compliance deadline. For
organisations preparing EU AI Act Article 9(1)(d)
post-market monitoring conformity evidence, the
COAAI AAT provides the immutable adaptation
history and HRG decision record required for
compliance demonstration. For AI governance
researchers, the AOMM provides a standardised
maturity vocabulary for adaptive AI oversight that
enables systematic comparison across
organisations and sectors. The full COAAI
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architecture specification and AOMM instrument
are detailed in Appendix A.
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Appendix A
COAAI Architecture Specification and

AOMM Assessment Guide

The following provides the COAAI component
interface specifications and the AOMM five-level
assessment guide for each component.

Adaptation Monitor (AM) -- Interface
Specification

Drift Alert System (DAS) -- Classification
Protocol

Human Review Gateway (HRG) -- Decision
Protocol

Audit Trail (AAT) and Oversight Tracker
(OET)




