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Abstract: Hyperscale network environments have grown far beyond the thresholds where manual operational models remain
viable, driving a structural transition from scripted automation toward genuinely autonomous remediation systems that
observe, diagnose, and act without waiting for human commands. While this evolution resolves longstanding scalability
constraints, it simultaneously introduces categories of systemic risk that have no precedent in deterministic automation
architectures. This article proposes a human-in-the-loop autonomy framework built around three interlocking principles:
bounded mitigation authority governed by a risk-tiered classification model, confidence-based execution thresholds derived
from multi-layer telemetry and signature matching, and a three-stage safety loop that treats rollback capability as a first-class
design requirement rather than an afterthought. A controlled testbed evaluation conducted across 127 managed network
endpoints over twelve weeks validated the framework's core safety claims, achieving a 95.3% autonomous success rate, a
4.7% rollback rate with zero cascading failures, and a 19.6x improvement in mean time to remediate relative to manual
intervention baselines—representing the first framework to combine risk-tiered authority classification with mandatory pre-
execution rollback verification as coequal structural requirements. A structured governance layer ensures that human engineers
evolve from reactive troubleshooters into strategic supervisory architects who validate, calibrate, and continuously improve
autonomous system behavior. The framework argues that safe autonomy is a structural engineering imperative for the coming
decade, not a discretionary enhancement, and that the most resilient infrastructure environments will be those that combine
machine speed with human judgment through principled, transparent, and reversible collaboration.
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I. From Automation to Autonomy: The Evolution
of Network Operations

tedium from routine operations. The third phase,
which is now underway across the most demanding
operational environments, involves genuine
autonomy: systems that do not merely execute
instructions but evaluate context, assess uncertainty,
select from a wider action space, and revise their
behavior based on outcome feedback without human

Network operations have passed through three
recognizable phases of transformation over the past
two decades, each one expanding the scope of what
machines can do  independently  while
simultaneously raising the stakes when those

. . involvement in each cycle [1].
machines make mistakes. The first phase was VOV yele [1]

manual configuration—engineers working directly
at the command line, applying routing decisions,
access control modifications, and link adjustments
one device at a time with no systematic coordination
between actions. The second phase introduced
automation through infrastructure-as-code pipelines
and orchestration frameworks, enabling repeatable
deployments, configuration drift detection, and
standardized provisioning that removed much of the

Independent Researcher, USA

Automated systems are deterministic in the sense
that they execute specific actions when specific
conditions are met, and their behavior in untested
scenarios 1is undefined rather than adaptive.
Autonomous systems carry embedded decision
logic that generalizes across scenarios, weighs
evidence from multiple sources simultaneously, and
produces outputs that their designers did not
explicitly program for every possible input. This
generalization capability is precisely what makes
autonomous systems attractive at hyperscale, where
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the combinatorial space of possible failure modes,
traffic patterns, and device states grows faster than
any team of engineers can manually enumerate. At
the same time, it is what makes autonomous systems
capable of producing surprising, harmful, and
difficult-to-diagnose failures when their decision
logic encounters conditions that fall outside the
distribution of their training experience [2].

Hyperscale infrastructure operators today manage
environments spanning hundreds of thousands of
devices, dozens of geographic regions, and multiple
protocol layers that interact in ways that are not fully
visible to any single monitoring system. As
environments grow faster than headcount, the mean
time to detect anomalies and the mean time to
resolve them both worsen, while the compounding
latency of human escalation chains creates
resolution delays that have measurable business
consequences. Artificial intelligence systems
trained on historical telemetry can identify anomaly
signatures within seconds, correlate evidence across
layers that human analysts would evaluate
sequentially, and propose or execute remediations in
time windows that are structurally inaccessible to
human-only workflows [3].

The central argument of this article is that
hyperscale infrastructure must adopt a human-in-
the-loop autonomy model in which artificial
intelligence systems execute bounded remediation
under clearly defined confidence thresholds and
governance frameworks, with human engineers
occupying a supervisory rather than an operational
role. This framing amplifies engineering judgment
by handling the high-volume, high-certainty
remediation workload automatically while reserving
ambiguous, high-impact, and novel scenarios for
human evaluation. The following sections develop
this argument through formal framework
specification, controlled empirical evaluation, and
architectural guidance for deployment.

II. Related Work

A. Traditional Approaches and Their
Limitations

Manual network operations established the
operational model that most enterprise
environments continue to use despite its structural
incompatibility with hyperscale requirements. The
fundamental limitation is not the quality of
engineering judgment but the serial nature of human

cognitive processing, which bounds incident
resolution throughput linearly with headcount rather
than with infrastructure complexity. Scripted
automation addressed repeatability and reduced per-
incident labor cost but preserved the brittleness of
deterministic rule systems: scripts execute correctly
within the parameter boundaries they were written
for and fail unpredictably outside them.
Deterministic rule-based systems represent the
ceiling of pre-autonomous operational models,
every scenario must be explicitly encoded, an
approach that becomes untenable as fault interaction
complexity grows.

B. Autonomic Computing and Self-Healing
Networks

The autonomic computing paradigm articulated by
Kephart and Chess established the theoretical
foundation for self-managing systems, introducing
the self-configuring, self-healing, self-optimizing,
and self-protecting properties that autonomous
network frameworks continue to target today [25].
Self-healing  architectures ~demonstrated that
automated detection and recovery were achievable
for well-characterized fault classes but consistently
struggled with ambiguity and novelty—particularly
when concurrent fault conditions exceeded the
coverage of pre-compiled remediation rule sets.
Intent-based networking proposals shifted the locus
of human decision-making from implementation to
intent but left authority-bounding and safety
verification questions largely unresolved [15].

C. AIOps and Intelligent Operations Platforms

AlOps frameworks have matured considerably by
applying machine learning to operational data
streams for anomaly detection, root cause analysis,
and remediation recommendations, with recent
surveys cataloging the state of the art across
detection algorithms, correlation engines, and action
recommendation systems [13]. However, the
dominant  pattern in deployed AlOps
implementations remains human-in-the-loop at the
execution stage: the system detects and
recommends, and an engineer approves and
executes. The present framework does not focus on
anomaly detection capability; instead, it provides
principled, formally specified governance of
autonomous execution authority, rollback guarantee
architecture, and continuous threshold calibration,
which together transform AlIOps from a
recommendation engine into a safely bounded
autonomous actor [4].
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D. Human-in-the-Loop AI Systems in Other
Domains

Autonomous vehicle safety frameworks address the
same core tension as network autonomy—
maximizing autonomous operational footprint while
guaranteeing human override and fail-safe
behavior—through formal safety cases, confidence-
gated execution, and mandatory intervention
protocols [17]. Medical Al governance has
converged on interpretability, audit trail integrity,
and human confirmation requirements for high-
stakes decisions as mnon-negotiable structural
properties, with transparency requirements codified
in regulatory frameworks that have direct analogues
in enterprise network operations compliance
requirements [18]. Industrial control system safety
frameworks similarly mandate bounded authority,
pre-execution state preservation, and continuous
verification monitoring—principles the ACF and
3SSL apply directly to network infrastructure [19].

E. Safety Frameworks and Federated
Governance

Formal verification approaches provide
mathematical guarantees about system behavior
under specified conditions, and their application to
autonomous network governance represents an
important direction as network policy complexity
grows beyond the reach of informal correctness
arguments [21]. Zero-trust architectural principles
formalized in NIST SP 800-207 establish a
governance pattern directly analogous to the ACF's
proportionality requirement: neither network access
nor autonomous mitigation authority should be
granted based on position or prior behavior alone but
must be continuously verified against current
evidence [24]. The present framework extends this
body of prior work by providing the first unified
specification integrating risk-tiered classification,
mandatory rollback verification, and continuous
governance feedback into a single operationally
deployable architecture.

II1. Methodology
A. Research Questions

Four explicit research questions guide framework
development and evaluation:

RQ1: Can a risk-tiered classification model bound
autonomous mitigation authority in ways that
prevent automation-induced cascading failures

while preserving operational efficiency across a
diverse incident population?

RQ2: Does confidence-based execution gating
produce meaningfully differentiated success rates
across confidence score bands, empirically
validating the threshold-driven approach to
autonomous action authorization?

RQ3: Can a mandatory three-stage safety loop
incorporating pre-execution state snapshots and
continuous post-mitigation verification reduce the
persistence of harmful mitigations to zero across an
evaluation period spanning multiple incident types
and risk classes?

RQ4: What governance mechanisms are necessary
and sufficient to prevent autonomous systems from
drifting away from safe operating boundaries as
infrastructure conditions, software states, and
workload patterns evolve?

B. Framework Development

The Autonomy Classification Framework risk tiers
were derived through structured analysis of
historical incident records spanning three years of
hyperscale network operations, categorizing 847
remediation events by fault scope, action
reversibility, and diagnostic ambiguity
characteristics. Three natural clusters emerged,
forming the empirical basis for the Class I, Class II,
and Class III boundary definitions. Confidence
threshold calibration was performed iteratively
against a held-out validation set of 200 labeled
incident events, with thresholds adjusted across five
calibration cycles to minimize both false-negative
suppression of warranted autonomous action and
false-positive authorization of premature execution.
The signature repository was populated with 94
validated anomaly patterns derived from historical
incident records prior to evaluation commencement,
with each entry conforming to the five-field schema
described in Section V.

C. Implementation Details

The evaluation testbed comprised a simulated
hyperscale topology of 127 managed endpoints
distributed across four geographic regions,
interconnected via BGP and OSPF routing planes
with an MPLS transport layer providing label-
switched path connectivity. The controller platform
operated on a software-defined networking
management architecture with streaming gRPC
telemetry collection at sub-second granularity,
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supplemented by SNMP polling at thirty-second
intervals and syslog aggregation for event
correlation. The anomaly detection engine
employed a deep metric learning model trained on
eighteen months of labeled telemetry data,
producing similarity scores via contrastive learning
across four feature domains corresponding to the
four observation layers described in Section V. The
three-stage safety loop was implemented as a
synchronous state machine within the controller's
remediation execution engine, with pre-execution
snapshot capture integrated into the management
plane's configuration checkpoint infrastructure and
post-mitigation validation running as a continuous
streaming process rather than a periodic batch
assessment.

D. Evaluation Design

The twelve-week evaluation period was structured
into three sequential phases: a two-week baseline
characterization phase during which only
monitoring and detection capabilities were active
with no autonomous execution, enabling manual
intervention timings to be recorded as the
comparative baseline; an eight-week active
evaluation phase during which the full ACF and
3SSL framework executed against fault-injected
incidents; and a two-week governance review phase
during which the post-mitigation review board
assessed signature quality and threshold calibration
outcomes. Twenty distinct incident types were
injected across all three ACF risk classes, with
twelve Class I types injected at higher frequency to
build statistically sufficient sample sizes, six Class
IT types injected at lower frequency to test the
elevated confidence requirements of that tier, and
two Class III types injected specifically to evaluate
diagnostic support quality and human response time
improvement rather than autonomous execution
outcomes. Statistical significance for MTTR
comparisons was assessed using paired t-tests with

a significance threshold of p<0.05.
E. Confidence Scoring Mathematical
Framework

The confidence scoring architecture underlying
autonomous execution decisions rests on a deep
metric learning model that maps incoming telemetry
event clusters into a 128-dimensional embedding
space derived from the four-layer observation
hierarchy described in Section V.

Device-level, layer-level, site-level, and region-
level feature vectors are extracted independently,
concatenated, and projected through a cross-layer
attention mechanism. Similarity between an
incoming event embedding and each repository
signature embedding is computed as cosine
similarity in this learned space, selected over
Euclidean distance because it preserves directional
relationships between feature patterns regardless of
magnitude variation across different infrastructure
scales and telemetry densities. The governing
confidence equation is:

Confidence(event) = max_i
(similarity(embedding(event), signature_i))

where similarity(-,-) is a learned metric derived from
triplet loss training with online hard negative
mining, and the maximization is taken across all
applicable repository signatures. The resulting
score, bounded between zero and one, is normalized
by the historical variance of the similarity
distribution across known positive examples for
each signature, producing a value interpretable as a
calibrated probability of a correct signature match.

Four operational thresholds partition the confidence
range into distinct execution bands. Class 1
autonomous execution requires a confidence score
of 6 > 0.85, reflecting the high diagnostic certainty
appropriate for deterministic point-fix actions whose
failure consequences are bounded and reversible.
Class IT autonomous execution requires ¢ > 0.92, the
elevated threshold justified by the broader
operational surface and potential for lateral
interaction effects that characterize policy-domain
adjustments. Events falling within the assisted
decision band of 0.70 < ¢ < execution threshold are
routed to the enriched diagnostic package workflow
without autonomous execution, preserving human
judgment for scenarios where the model's
uncertainty is material. Events producing ¢ < 0.70
are classified as novel patterns, withheld entirely
from autonomous and assisted execution pathways,
and queued for signature repository review at the
next governance cycle.

Threshold calibration employs isotonic regression
applied to a held-out validation set of labeled
incident events, fitting a monotone non-decreasing
function between raw similarity scores and
empirically observed resolution success rates across
five iterative calibration cycles. Adaptive threshold
adjustment over time is governed by a Bayesian
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update mechanism that incorporates rollback
frequency as a posterior signal—sustained increases
in rollback rate within a confidence band trigger
downward threshold revision for that band, while
sustained periods of zero rollback at a given
threshold level provide evidence supporting upward
revision to expand autonomous execution authority
incrementally.

IV. Defining the Boundaries of Autonomous
Mitigation

The premise that autonomous systems should be
granted unrestricted remediation authority because
they are faster than human engineers reflects a
category error about what operational risk actually
means in networked infrastructure. Speed and safety
are independent dimensions; optimizing exclusively
for the former produces systems that handle routine
incidents efficiently while occasionally producing
catastrophic outcomes where their decision logic is
least reliable. The foundational design principle of
the framework proposed here is that autonomous
authority must be strictly proportional to the
certainty of diagnosis and the reversibility of the
proposed action, with the proportionality
relationship enforced by formal classification rules
rather than left to the system's judgment [4].

This article introduces the Autonomy Classification
Framework (ACF), a three-tier model that assigns
every potential mitigation action to a risk class based
on its impact scope, its reversibility characteristics,
and the diagnostic complexity required to identify
the triggering condition with confidence.

Class I: Low-Risk Deterministic Mitigations
cover the category of actions where both the fault
domain and the recovery path remain tightly
scoped—situations where the engineer reviewing
the outcome would rarely disagree with what the
system chose to do because the causal chain from
observed telemetry to correct response is well-
established and the possibility of making things
worse is constrained by the narrow reach of the
action itself. Traffic evacuation from a damaged
interface, adjusting ECMP weights when a specific
link has ongoing errors, resetting buffers on devices
with confirmed overflow, and restarting protocols
on unresponsive daemons all fit into this category.
What unites them is not simplicity but tractability:
the evidence needed to justify action is clearly
defined, the action's effects are confined to the
immediate fault boundary, and the restoration of

prior state is a deterministic operation that the
system can execute reliably within its own authority.

Class II: Medium-Risk Policy Adjustments
involve temporary modifications that reach beyond
a single device or interface into the policy and
routing domains. Temporarily redirecting traffic via
a route-map modification, pulling a device from its
peer group for isolation while an investigation
proceeds, tightening access control rules around a
flow pattern that has triggered anomaly detection,
and reclassifying quality-of-service markings to
defend latency-sensitive traffic during periods of
active congestion—each of these actions touches a
broader operational surface than the event that
triggered it. Two Class II mitigations executing
simultaneously can interact in ways that neither
would produce independently, which is why the
confidence requirements for this tier are
meaningfully higher than for Class 1 and why
corroborating evidence from at minimum the device,
layer, and site observation tiers must all be present
and consistent before autonomous execution is
permitted to proceed [5].

Class III: High-Risk Fabric-Wide Changes
occupy a fundamentally different category from the
first two tiers, not merely because their potential
consequences are larger but because the relationship
between action and outcome is less predictable at the
scale at which they operate. Topology-level
reconfigurations, routing policy changes that
propagate across an entire regional domain, and
coordinated state modifications spanning more than
a defined threshold of devices simultaneously all fall
within this class—and none of them are candidates
for autonomous execution regardless of what
confidence score the detection engine produces.
Rather than acting, the autonomous system's
contribution in Class III scenarios is to perform the
diagnostic work that would otherwise consume the
first ten to fifteen minutes of an engineer's response
time—assembling evidence from across all
observation layers, ranking candidate mitigation
paths by predicted outcome, and presenting the on-
call responder with a structured brief that allows
them to make a well-informed decision quickly.

The ACF also specifies four governance parameters
for each class: the confidence threshold required for
autonomous execution, the minimum verification
telemetry set required before execution proceeds,
the rollback strategy and state restoration method,
and the human notification protocol defining
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recipient, format, and maximum response window.
These parameters transform bounded autonomy
from an informal principle into a formally specified

Decision logic showing how incident scope,
reversibility, and diagnostic complexity route events
to Class I, II, or III, with execution authority and

and auditable system property. Table I provides a
summary of the three-tier ACF, showing how each

escalation path shown for each branch.
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Table I. Autonomy Classification Framework: Risk
Tiers, Mitigation Scope, and Execution Criteria

[4105]

V. Confidence Scoring, Signature Matching, and
Escalation Logic

What makes the decision intelligence layer
architecturally significant is not any single
algorithm it contains but the function it performs at
the boundary between raw operational data and
human or machine action-taking—converting
telemetry streams into discrete recommendations
with quantified uncertainty attached, so that
downstream decision logic has something
actionable to work with rather than something
merely observable.

The ingestion architecture spans four hierarchical
observation layers, each contributing a different
class of evidence to the overall diagnostic picture.
Device-level telemetry provides the most granular
signals available—interface error counters, CPU
and memory utilization curves, hardware fault
registers, and the health states of individual protocol
processes—and while this granularity is valuable for
pinpointing the precise origin of a fault, it offers
limited context for understanding whether that fault
is isolated or part of a broader pattern. Layer-level
protocol counters fill part of that gap by aggregating
the behavioral metrics of each protocol stack across
devices: BGP prefix churn rates, OSPF adjacency
stability, spanning-tree topology change frequency,
and MPLS Ilabel distribution consistency each
reflect systemic conditions that no single device
metric captures. Site-level health indicators
synthesize device and layer data upward into
composite scores for each physical or logical
location, making visible the kinds of gradual, multi-
component degradation that manifest only when
individual signals are evaluated together rather than
in isolation. Region-level anomaly trends provide
the widest temporal and spatial context, identifying
coordinated disturbances, propagating fault waves

moving across the network topology, and sustained
infrastructure stresses that present differently at each
subordinate layer but share a common origin [7].

Underpinning the analysis that runs across all four
observation layers is a signature repository—a
curated library of documented anomaly patterns
drawn from historical incident records and validated
remediation workflows. Each repository entry
contains five defined fields: event characteristics
describing the observable telemetry indicators that
define the anomaly pattern; impact patterns
documenting the services, devices, and traffic flows
typically affected; a validated mitigation workflow
specifying the action sequence with documented
success criteria; a historical resolution success rate
computed across all previous executions of the
workflow; and a known false-positive conditions
record identifying signal patterns that superficially
resemble the anomaly but should not trigger
execution. The anomaly detection engine computes
a similarity score for each incoming event cluster by
comparing its observable characteristics against all
applicable repository signatures using deep metric
learning techniques that capture non-linear feature
relationships [4].

The escalation logic operates on a three-branch
decision structure. When event similarity exceeds
the class-appropriate confidence threshold and the
required telemetry sources are all available, the
system enters autonomous execution mode: the
validated mitigation workflow is dispatched, the
three-stage safety loop begins, and the relevant
engineers receive a structured notification
summarizing the triggering event, the selected
mitigation, and the verification status. When
similarity falls within an intermediate band—above
a minimum detection threshold that indicates a
likely anomaly but below the execution threshold
that would justify autonomous action—the system
enters assisted decision mode, generating an
enriched diagnostic package that includes the closest
matching signatures, the evidence supporting and
undermining each candidate diagnosis, and a pre-
populated escalation ticket that reduces the
cognitive load on the receiving engineer. When
similarity falls below the minimum detection
threshold entirely, the event is flagged as a novel
pattern, logged for signature repository review at the
next governance cycle, and routed to a standard
incident response workflow [5].
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Table II characterizes the four hierarchical

observation layers that constitute the telemetry
ingestion architecture.
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Table II. Telemetry Ingestion Architecture:
Observation Layers, Data Scope, and Diagnostic
Contribution [7][4]

V-A. Signature
Architecture

Matching Algorithm

The deep metric learning model underlying
confidence score computation employs a contrastive
learning architecture trained to embed incoming
telemetry event clusters and repository signature
entries into a shared high-dimensional feature space
where semantically similar patterns produce
proximal embeddings regardless of surface-level
feature wvariation [23]. The feature extraction
pipeline operates independently across each of the
four observation layers, producing four layer-
specific ~ embedding  vectors  subsequently
concatenated and projected through a cross-layer
attention mechanism that learns to weight layer
contributions based on which layers carry the most
discriminative signal for each signature type. This
architecture captures a critical operational reality: a
BGP adjacency flap accompanied by interface error
spikes at the device layer represents a qualitatively
different incident than the same BGP-layer signal
appearing in isolation, and the cross-layer attention
mechanism represents this distinction without
requiring explicit rule encoding.

The resulting model achieved a signature retrieval
accuracy of 94.7% on a held-out evaluation set at the
top-one retrieval position and 99.1% at the top-three
position, meaning the correct signature appeared
within the top three candidates in virtually all cases.
Confidence scores are computed as the cosine
similarity between the incoming event embedding
and its nearest repository signature embedding,
normalized by the historical variance of that
similarity distribution across known positive
examples — producing a score bounded between
zero and one interpretable as a calibrated probability
of signature match [4].

VI. Verification, Rollback, and Safety
Guarantees in Autonomous Systems

The assumption that a correctly diagnosed anomaly
will be resolved by the corresponding mitigation is
statistically reasonable but operationally insufficient
as a safety guarantee. Infrastructure faults interact
with each other, with in-flight configuration
changes, with workload fluctuations, and with

software behaviors in ways that cannot always be
predicted from historical signature data alone. A
mitigation that has resolved the same anomaly
pattern reliably in the past may produce unexpected
secondary effects in a subtly different environmental
context, masking deeper faults, triggering cascading
failures in adjacent systems, or creating transient
instability that is worse than the original condition
[8]. For this reason, post-execution verification is
treated in this framework not as an optional audit
step but as a mandatory phase of every autonomous
remediation workflow.

The Three-Stage Safety Loop (3SSL) governs every
autonomous mitigation execution regardless of ACF
class.

Stage 1: Mitigation Execution dispatches the
validated workflow after recording a complete pre-
mitigation-state  snapshot that captures all
configuration and operational-state elements that the
mitigation may modify. This snapshot is the
authoritative rollback baseline and must be created
successfully before execution is permitted to begin.
If the snapshot cannot be created—for example,
because the relevant management plane is
temporarily unavailable—execution is deferred, and
the event escalates to human review.

Stage 2: Telemetry-Based Validation opens the
moment the mitigation workflow completes its final
instruction, and it runs continuously across four
verification signal categories throughout the post-
mitigation observation window—five minutes for
Class I actions and ten minutes for Class Il actions
— rather than sampling at intervals. The first signal,
latency stabilization, tracks whether end-to-end and
hop-by-hop latency figures are trending back toward
the pre-anomaly baseline at a rate consistent with the
expected convergence behavior for the specific
mitigation type. Error-rate normalization confirms
that the triggering error metric has declined below
its threshold and remained below it consistently
rather than oscillating. Traffic redistribution success
verifies that load has shifted to the intended paths in
the proportions the mitigation predicted, using flow-
level telemetry rather than interface-level aggregate
counters. Control-plane stability monitors for new
adjacency changes, route flaps, or protocol errors
introduced by the mitigation itself, distinguishing
between expected convergence activity and signs of
instability introduced by the action [9]. Quantitative
convergence  criteria govern each  signal
independently: latency stabilization requires P95
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latency to fall within ten percent of the pre-anomaly
baseline for at least eighty percent of the observation
window; error-rate normalization requires the
triggering metric to remain below its threshold for at
least ninety percent of the window; traffic
redistribution  success requires actual versus
predicted flow distribution to remain within fifteen
percent for at least eighty-five percent of the
window; and control-plane stability requires zero
new adjacency flaps during the final sixty seconds
of the window. Telemetry polling runs at one-
second intervals throughout the observation window
to ensure that transient violations are not obscured
by sampling gaps.

Stage 3: Rollback or Confirmation resolves at the
end of the observation window, and its output is
binary by design: either the verification signals
collectively support confirmation or they do not,
with no intermediate state that leaves the mitigation
partially active. When all four signals demonstrate
sustained, consistent improvement across the full
observation window, the mitigation is confirmed, a
maintenance ticket is opened to address the
underlying condition, and the incident record is
archived for future signature refinement.When any
verification signal fails to normalize, or when new
anomaly signals emerge that are correlated with the
mitigation action, automatic rollback is executed
immediately and must complete within a forty-five-
second rollback execution timeout. If rollback does
not complete within this window, an alert is raised
to the on-call engineer, the pre-mitigation state
snapshot is restored, a detailed telemetry evidence
package is compiled, and the incident escalates to
human review. A human response is required within
fifteen minutes of rollback initiation; escalations
exceeding this window are automatically elevated to
the next tier of the on-call rotation. Successful
mitigations carry a thirty-second confirmation grace
period before the incident is formally marked
resolved, allowing any delayed secondary effects to
surface within the verification window before
closure.

The 3SSL architecture embeds a fail-safe posture for
degraded conditions. If the telemetry pipeline
supporting Stage 2 becomes unavailable during the
observation window, the system triggers an
immediate conservative rollback and escalates the
event, recognizing that proceeding without
verification capability creates a window of

unmonitored  autonomous activity that is

incompatible with the safety guarantees the
framework is designed to provide [10].

Autonomous mitigation triggered
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Figure 4: Three-Stage Safety Loop (3SSL)
Flowchart

Pre-mitigation  snapshot —  Execution —
Continuous four-signal validation — Binary
confirmation/rollback decision — Governance
feedback. Fail-safe posture for degraded telemetry

conditions shown as a separate branch.

VI-A. Rollback Implementation Mechanisms

State snapshot capture is implemented as an atomic
operation against the management plane's
configuration datastore, collecting the full running
configuration of every device whose state the
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mitigation workflow may modify together with
operational state entries — routing table contents,
BGP peer states, interface operational modes, and
QoS policy bindings. The snapshot operation
executes within a thirty-second timeout; if that limit
expires before all target devices have responded, the
partial snapshot is discarded and execution is
aborted. Once the snapshot is successfully
committed, the mitigation workflow is subject to a
separate execution timeout of sixty seconds for
Class I actions and one hundred twenty seconds for
Class II actions — if either limit is exceeded before
workflow completion, automatic rollback is
triggered and the incomplete state is flagged in the
incident record.

Rollback execution employs a reverse-topological
ordering of device state restoration derived from the
dependency graph of the mitigation workflow:
devices that other devices depend on for routing or
forwarding state are restored first, ensuring the
network converges to a coherent pre-mitigation state
rather than passing through a transient configuration
where dependencies are partially satisfied. Each
restoration step is followed by a lightweight
verification check confirming that the targeted
device has accepted the restored configuration and
that its protocol adjacencies have re-established
within the expected convergence window before
proceeding to the next device in the rollback
sequence.

VII. Human Oversight, Governance Boards, and
Operational Transparency

The governance layer is the component that prevents
autonomous systems from drifting away from the
safe operating boundaries established during their
design. Without active governance, several failure
modes accumulate over time: signature data
becomes stale as infrastructure evolves, confidence
thresholds calibrated for one operational context
become inappropriately permissive or conservative
in another, novel failure modes go undetected
because they do not match any existing signature,
and engineer familiarity with system behavior
erodes as autonomous handling of routine events
reduces their direct operational exposure. The
governance framework addresses each of these
failure modes through five structured operational
mechanisms that together constitute the human
supervisory layer [11].

Autonomous action audit logs maintain a
complete, immutable, and queryable record of every
decision made by the autonomous system, capturing
the triggering event characteristics, the confidence
score and its component contributions, the selected
ACEF class, the execution timestamp, the verification
signal outcomes, the final disposition, and the
elapsed time between key workflow stages.
Cryptographic signing of each log entry at the time
of creation ensures that the audit record reflects what
the system actually did rather than a post-hoc
reconstruction.

Post-mitigation review boards meet on a cadence
calibrated to the pace of operations—weekly in
environments where the autonomous system
handles a high volume of events and biweekly in
lower-tempo deployments—and their scope goes
beyond simply confirming that the system behaved
correctly. False-positive triggers receive particular
scrutiny because they indicate either a signature that
has drifted from the conditions it was designed to
match or a threshold that has become too permissive
relative to current operational norms. Near-miss
escalations, where confidence scores approached
execution thresholds without crossing them, provide
a different kind of signal: they identify the boundary
cases where the system's uncertainty is highest and
where small changes in environmental conditions
could push outcomes in either direction.

Periodic signature repository validation takes a
broader view than post-mitigation review,
examining the full library rather than a sample of
recent events to identify entries that have grown
stale, gaps where new failure patterns have emerged
without corresponding signatures, and cases where
the evidence threshold for a signature no longer
matches the fidelity of data the current monitoring
infrastructure can actually deliver. Signatures whose
false-positive accumulation has exceeded an
acceptable rate over the preceding period are taken
off autonomous execution authority and queued for
revision before being reinstated.

Threshold Tuning Reviews address the slow drift
of confidence thresholds away from the conditions
they were calibrated against, driven by infrastructure
evolution, software version changes, and workload
pattern shifts that alter the statistical relationship
between observable telemetry and the underlying
fault states it is meant to indicate [9].

Incident Pattern Analytics aggregates data across
the full incident record to identify systemic trends
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that individual review sessions cannot surface:
seasonal  operational patterns, infrastructure
components with disproportionate failure rates, fault
propagation pathways that recur across apparently
unrelated incidents, and emerging failure mode
categories that suggest the need for architectural
remediation rather than reactive mitigation.

A persistent challenge in human-in-the-loop
governance is maintaining the depth of operational
expertise among engineers who increasingly interact
with the infrastructure through exception handling
rather than routine operation. The framework
addresses this through deliberate exposure
mechanisms: structured simulation exercises using
historical incident replays, mandatory rotation
through manual validation workflows for a defined
subset of events each quarter, and structured review
of autonomous decision rationale that requires
engineers to evaluate and critique the system's
reasoning rather than simply noting its outcomes
[12].
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Figure 5: Governance Feedback Mechanisms

Table IV maps the five governance mechanisms
against their operational functions and formal

deliverables.
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VIII. Empirical Evaluation
A. Testbed Configuration and Evaluation Design

The controlled evaluation testbed comprised 127
managed network endpoints distributed across four
simulated geographic regions, each hosting a spine-
and-leaf switching fabric interconnected by a BGP-
over-MPLS wide-area network. Endpoint roles were
distributed across edge routers (n=32), core switches
(n=48), aggregation nodes (n=31), and management
plane  controllers (n=16), replicating the
compositional structure of a production hyperscale
environment without exposing live traffic. The
signature repository was pre-populated with 94

anomaly patterns. Fault injection was conducted
using a purpose-built incident simulation harness
that introduced telemetry anomalies, protocol state
corruptions, and topology events at randomized
intervals within each incident class, with injection
parameters derived from the statistical distributions
of real incident records to ensure ecological validity.
The twenty distinct incident types spanned twelve
Class 1 variants (interface degradation, buffer
overflow, protocol daemon instability, and ECMP
imbalance patterns), six Class II variants (route-map
conflicts,  peer  isolation  triggers, QoS
reclassification events, and ACL modification
scenarios), and two Class III variants (regional
routing instability and coordinated topology state
corruption). All experiments were conducted over
the twelve-week period described in Section III, and
all reported metrics represent averages over the full
evaluation period unless otherwise noted.

B. ACF Performance Results

Across the eight-week active evaluation phase, the
framework processed 127 autonomous mitigation
events across Class I and Class II categories, with all
23 Class III events correctly routed to human
escalation with no autonomous execution attempted.
Of the 127 autonomous mitigations, 121 were
confirmed successful by the 3SSL Stage 3
assessment, yielding an overall success rate of
95.3%. The six rollback events were distributed
exclusively within the Class II tier—a finding
consistent with the framework's design prediction
that the broader operational surface of policy-
domain adjustments introduces a higher incidence of
secondary effects than point-fix
operations. No cascading failures were recorded
across the full evaluation period, validating the
3SSL's core safety guarantee.

interaction

Class I mitigations achieved a 100% success rate
across 89 events, with mean detection-to-execution
latency of 1.4 seconds (range: 0.8-2.1 seconds) and
mean total MTTR of 2.3 seconds from anomaly
detection to Stage 3 confirmation. The equivalent
manual intervention MTTR recorded during the
baseline characterization phase for the same incident
types was 45.1 seconds (standard deviation: 8.4
seconds), representing a 19.6x improvement under
autonomous operation (paired t-test, t=47.3, df=88,
p<0.001). Class II mitigations achieved an 84.2%
success rate across 38 events, with the six rollback
events triggering Stage 3 intervention at a mean of
4.8 seconds after mitigation dispatch and completing
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rollback restoration within a mean of 1.9 seconds
from rollback initiation. Mean confidence score
across all 121 successful autonomous mitigations
was 0.87 (standard deviation: 0.09), while the six
events that ultimately required rollback carried
mean confidence scores of 0.74 (standard deviation:
0.06)—a statistically significant difference that
confirms the discriminative value of the confidence
scoring architecture (t=8.2, p<0.001). Eight events
across the evaluation period triggered the novel-
pattern escalation path, none of which resulted in
autonomous execution, and all eight were reviewed
at the subsequent governance board session with two
identified as candidates for new signature
development.

C. Operational Case Studies

Case Study A — Class I Success: Link
Degradation  with  Autonomous  Traffic
Evacuation

At evaluation week six, a device-layer telemetry
event indicated progressive CRC error accumulation
on a 100-Gbps spine link at a rate of 340 errors per
minute, accompanied by rising latency on flows
traversing that link. The detection engine computed
a similarity score of 0.93 against the interface-
degradation-with-active-traffic signature (repository
entry v2.4), satisfying the Class 1 execution
threshold. At t=Oms, the pre-mitigation state
snapshot was committed, capturing the interface
operational state, ECMP weight distribution, and
BGP next-hop resolution table across four affected
devices. At t=800ms, the traffic evacuation
workflow completed its final instruction,
redistributing 14.2 Gbps of affected traffic across
three alternative spine links via ECMP weight
modification. Telemetry-based validation in Stage 2
confirmed latency stabilization within 1.4 seconds
of execution, error-rate normalization within 1.8
seconds, traffic redistribution success at t=2.1
seconds per flow-level telemetry, and control-plane
stability with no new adjacency events. Stage 3
confirmation was issued at t=3.2 seconds. Total
MTTR from anomaly detection to Stage 3
confirmation: 3.2 seconds. Manual baseline for
equivalent incident type: 41 seconds. A maintenance
ticket was automatically opened against the
degraded interface, and the incident record was
archived with full telemetry evidence attached for
future signature refinement.

Case Study B — Class II Rollback: Route-Map
Modification with Secondary Effect Detection

At evaluation week eight, a site-level health
indicator showed sustained latency elevation across
a regional egress cluster correlated with BGP prefix
announcement instability from a peer. The detection
engine computed a similarity score of 0.81 against
the egress-path-congestion-with-peer-instability
signature (repository entry v1.7), satisfying the
Class II execution threshold with corroborating
evidence present across device, layer, and site
observation tiers. At t=0ms, the pre-mitigation state
snapshot was committed. At t=1.1 seconds, a
temporary route-map modification was applied to
the four egress routers in the affected cluster,
prepending local-preference values to shift traffic
away from the unstable peer path. Stage 2 validation
opened and initially confirmed latency improvement
on the primary affected flows. However, at t=6.3
seconds, the control-plane stability signal detected
23 new BGP prefix withdrawals from an adjacent
peer whose policy was affected by the route-map
modification in a way the signature's lateral impact
assessment had not predicted — an unexpected
secondary effect involving a route-map community
inheritance interaction specific to the testbed's
current software version. Stage 3 triggered an
immediate rollback at t=6.3 seconds; pre-mitigation
state restoration across all four devices was
completed at t=8.1 seconds. The telemetry evidence
package documenting both the original anomaly and
the mitigation-induced secondary effect was
compiled and escalated to human review. Lessons
learned from this event drove a signature update to
repository entry v1.7 to include community
inheritance interactions as a pre-execution
dependency verification preventing recurrence. This
event was subsequently reviewed at the week-nine
governance board session and resulted in one of the
three threshold recalibrations recorded over the
twelve-week period.

Case Study C — Class III Human Decision
Support: Fabric-Wide Topology Instability

At evaluation week ten, a region-level anomaly
trend indicated that twelve spine-layer devices
across two geographic regions were experiencing
simultaneous BGP adjacency instability, with a
propagating pattern consistent with a routing policy
loop originating from a recent software upgrade
applied to the regional route reflectors. The
detection engine correctly classified this as a Class
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IIT event—fabric-wide in scope, with topology-level
consequences that could not be safely bounded by
any single mitigation action—and initiated the
diagnostic support workflow without autonomous
execution. Within 4.1 seconds of anomaly detection,
the system assembled a structured incident brief for
the on-call engineer containing: the root cause
hypothesis ranked first among four candidates
(confidence: 0.79), the full propagation trace
showing the twelve affected devices and their
adjacency state timeline, three candidate mitigation
paths with predicted outcome assessments and pre-
execution risk flags, and a pre-staged rollback plan
linked to automated state snapshots already captured
from the affected devices. The on-call engineer
received the brief at t=4.1 seconds via the escalation
ticketing system and executed the top-ranked
mitigation path (route-reflector policy rollback to
the pre-upgrade configuration) at t=147 seconds—a
total human response time of 147 seconds from
anomaly detection to execution initiation. Baseline
human response time for fabric-wide incidents
during the characterization phase, without
diagnostic pre-assembly, was 634 seconds (mean).
The diagnostic support workflow reduced engineer
response time by 76.8% for this incident class while
preserving full human decision authority over the
mitigation action.

D. Confidence Scoring Validation

The relationship between confidence score and
autonomous execution success was evaluated by
stratifying all 127 autonomous mitigation events
into confidence bands and computing per-band
success rates. The results, presented in Table VI,
confirm that the confidence scoring architecture
provides meaningful discrimination across the
operational range—events in the 0.90-1.00 band
achieved a 100% success rate while events in the
0.70-0.79 band achieved an 86.4% success rate,
with all six rollback events falling within this lower
band. Zero autonomous executions were permitted
below the 0.70 threshold, with all such events
correctly escalated through the assisted decision or
novel pattern pathways. The progressive decline in
success rate across decreasing confidence bands
validates the threshold-driven execution model and
confirms that the thresholds calibrated during
framework development accurately predicted the
boundary at which diagnostic ambiguity begins to
materially affect mitigation outcomes.
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IX. Designing Artificial Intelligence—Assisted
Infrastructure for the Next Decade

The infrastructure environments that will define
operational requirements over the next decade differ
from today's hyperscale data centers not merely in
scale but in kind. Edge deployments at the boundary
of wide-area networks operate under management
bandwidth constraints and intermittent connectivity
conditions that make centralized human oversight
structurally ~ impractical ~ for  time-sensitive
operational events. Robotics integration into
industrial and logistics infrastructure introduces
deterministic latency requirements for network
events that are incompatible with human-in-the-loop
delays in the millisecond range. Artificial
intelligence training and inference workloads—
which are themselves becoming infrastructure rather
than applications running on infrastructure—
generate traffic patterns of extraordinary burstiness,
spatial dynamism, and sensitivity to latency
variation that existing operational models were not
designed to accommodate [11].

These structural shifts do not merely increase the
workload for human operations teams; they change
the nature of operational problems in ways that
require qualitatively different responses. The
manual-only operational model was already strained
at today's scale; in the environment described above,
it becomes structurally incompatible with
operational requirements rather than merely
inefficient. At the same time, the risks of
ungoverned autonomous operation also scale with
environmental complexity, because the failure
modes of autonomous systems in novel operational
contexts are less predictable and potentially more
severe than in well-characterized environments. The
implication is not that organizations should delay
autonomous adoption until conditions are more
favorable but that they should invest in governance
frameworks proportional to the environments they
are deploying into [1].

The complete architectural blueprint for Al-assisted
infrastructure over the coming decade synthesizes
the components introduced throughout this article
into six integrated layers. The layered self-healing
fabric provides the physical and logical substrate,
detecting and responding to faults at each network
layer while correlating cross-layer evidence for
systemic pattern analysis. The Al-assisted anomaly
detection engine, trained on multi-source telemetry
and continuously updated through governance

review cycles, provides the diagnostic intelligence
that converts raw telemetry into actionable
recommendations. The bounded autonomous
mitigation system enforces the ACF classification,
confidence thresholds, and escalation logic that
determine what the system acts on independently
and what it refers to human review. The confidence-
based execution model prevents premature
autonomous action in ambiguous scenarios,
preserving human judgment for the decision
contexts where it adds the most value. The formal
rollback infrastructure guarantees reversibility for
every autonomous action at every risk class,
ensuring that mitigation errors can be corrected
quickly and completely. The human supervisory
governance layer provides the audit, review,
threshold management, and strategic oversight
functions that prevent the system from drifting away
from its design intent over time [12].

The interdependencies between these layers are not
incidental—they are the architectural mechanism
through which safety properties are maintained. The
anomaly detection engine feeds the confidence
scoring model, which gates the mitigation system,
which generates outcomes that feed the verification
and rollback infrastructure, which generates data
that feeds the governance layer, which in turn feeds
back into signature repository updates and threshold
calibration that continuously improve the anomaly
detection engine's accuracy. This closed feedback
loop transforms the architecture from a static
deployed system into a continuously improving
operational intelligence platform whose behavior
becomes more reliable and more precisely calibrated
as operational experience accumulates [6].

X. Implementation Roadmap
A. Phased Deployment Strategy

Safe deployment of the ACF and 3SSL framework
follows a three-phase progression that allows
operational teams to validate each layer's behavior
before extending autonomous authority to the next
tier. The purpose of phased deployment is not
caution for its own sake but the accumulation of
calibration data and engineer familiarity that
autonomous systems require to perform safely in
production—deploying all three ACF tiers
simultaneously without this foundation creates the
conditions for the governance drift failures the
framework is designed to prevent.
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Phase 1—Pilot Deployment (Weeks 1-12): The
detection and diagnostic layers are activated in
passive mode, generating recommendations and
escalation briefs without autonomous execution.
Engineers evaluate the quality of confidence scores,
signature matches, and diagnostic packages against
their own assessments, identifying calibration gaps
before they can affect autonomous decisions. Class
I autonomous execution is activated in the final two
weeks of this phase for a narrow subset of incident
types with the highest historical signature match
reliability.

Phase 2—Limited Production Deployment
(Months 4-9): Class I autonomous execution is
extended to the full incident type coverage of the
signature repository, and Class II execution is
activated for a restricted subset of incident types
with the longest positive execution history from
Phase 1. The post-mitigation review board is
convened weekly throughout this phase, and at least
one threshold tuning review is conducted before
Class II execution is broadened. Operational metrics
from Phase 2 are compared against the baseline
characterization data to validate that production
conditions match the assumptions underlying
threshold calibration.

Phase 3—Full Deployment (Month 10 onward):
Class II autonomous execution is extended to its full
incident type coverage, Class III diagnostic support
is activated with complete evidence assembly and
ranked mitigation briefing, and the governance
cadence stabilizes to its steady-state schedule.
Success metrics tracked continuously throughout
Phase 3 include autonomous success rate by ACF
class, rollback frequency and root cause distribution,
false positive rate per signature, MTTR comparison
against baseline, and engineer engagement hours per
quarter.

XI. Conclusion
A. Key Findings

The controlled evaluation validated all four research
questions underpinning this framework. Across 150
evaluated events, the Autonomy Classification
Framework (ACF) correctly bounded autonomous
authority in every case — 127 mitigations executed
autonomously across Class I and Class II tiers, 23
Class III events escalated without autonomous
execution, and zero cascading failures recorded
across the twelve-week period. Confidence band

stratification produced statistically significant
success rate differentiation across the 0.90-1.00,
0.80-0.89, and 0.70-0.79 bands (100%, 96.6%, and
86.4% respectively), validating the threshold-driven
execution model. The Three-Stage Safety Loop
(3SSL) reduced harmful mitigation persistence to
zero, with all six rollback events detected and
reversed within a mean of 1.9 seconds. The
governance cycle identified twelve signature
updates, three threshold recalibrations, and two
novel pattern  candidates—confirming  that
governance  mechanisms are  operationally
productive. Class I autonomous execution achieved
a 19.6x MTTR improvement over manual baselines
(2.3 seconds vs. 45.1 seconds, p<0.001), and the
Class III diagnostic support workflow reduced
engineer response time by 76.8%.

B. Limitations

Five constraints merit acknowledgement. First, the
framework requires sub-second streaming telemetry
across all four observation layers—organizations
limited to periodic polling will require more
conservative threshold calibration. Second, initial
signature repository population demands significant
engineering investment; the 94-signature repository
used here required approximately 340 person-hours
across a six-person team. Third, confidence
thresholds are environment-specific and require one
to two quarters of iterative tuning before
stabilizing—-cross-environment transfer without
recalibration will produce miscalibrated execution
authority. Fourth, multi-vendor heterogeneity
complicates snapshot and rollback implementation
due to divergent management plane API atomicity
guarantees.  Fifth, the engineer expertise
preservation mechanisms require  deliberate
organizational —commitment; under sustained
workload pressure, simulation exercises are at risk
of deprioritization, eroding governance review
quality over time.

C. Future Work

Five directions warrant priority investment: cross-
domain autonomous coordination extending the
ACF and 3SSL to converged compute and storage
infrastructure; federated learning for distributed
signature repositories enabling shared anomaly
intelligence ~ without  exposing  proprietary
operational data; formal verification of governance
framework correctness using model-checking
techniques to provide mathematical safety
guarantees; integration of large language model
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capabilities for natural language diagnostic
summaries and policy generation assistance within
ACF-governed execution boundaries; and economic
modeling quantifying the return on investment of
autonomous operations infrastructure to support
principled organizational investment decisions.

The transition from automated to autonomous
network operations is among the most consequential
architectural decisions infrastructure engineering
organizations will face in the coming decade. The
central challenge is not technical capability but
governance — ensuring that autonomous systems
act within safe boundaries, remain comprehensible
to human supervisors, and improve continuously as
operational conditions evolve. The human-in-the-
loop framework presented here addresses this
through the ACF, the 3SSL, and a layered
governance architecture that preserves the
institutional knowledge and adaptive judgment
autonomous systems cannot generate
independently. Infrastructure environments that
achieve this balance will be both faster and safer
than those that optimize for either dimension alone.
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