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Edition and Scope

Practitioner Preview - Industrial Edition

This is an advanced technical booklet intended for engineers,
system architects, and researchers working on real-world navigation
systems.

It is not a tutorial, not a survey of machine learning techniques,
and not a collection of end-to-end solutions. The material assumes
prior familiarity with state estimation, probabilistic filtering, and
multi-sensor fusion.

The focus of this booklet is architectural and conceptual: how
learning-based models interact with classical estimation pipelines,
where they provide genuine value, and where they introduce new
risks.

All examples, discussions, and design principles are framed from
an engineering perspective. The emphasis is on system behavior, con-
sistency, failure modes, and long-term reliability - not on benchmark
performance or isolated model accuracy.

This booklet is distributed as a limited conference edition and
represents a subset of a larger ongoing book project. Some topics are
intentionally introduced without full derivations or implementation
details, in order to preserve focus on system-level understanding.
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Preface

Artificial intelligence is increasingly embedded in navigation
systems - yet navigation itself remains, at its core, a problem of
state estimation under uncertainty.

Modern navigation systems operate under partial observabil-
ity, imperfect sensing, and long-term drift. These constraints are
structural, not incidental, and they do not disappear with the intro-
duction of learning-based models.

The purpose of this booklet is to clarify the role of artificial
intelligence within this reality.

Rather than treating AI as a replacement for classical naviga-
tion pipelines, this work adopts a principled engineering stance:
learning-based methods are examined as structured components
inside estimation systems, subject to the same requirements of con-
sistency, bounded error, and failure awareness as any other system
element.

This booklet is written for readers who already understand how
navigation systems work. It is not intended for introductory study,
nor for readers seeking end-to-end learning solutions. Instead, it
targets practitioners and researchers who design, analyze, and deploy
navigation systems that must operate reliably beyond laboratory
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conditions.
Throughout the text, learning is discussed in terms of interfaces,

assumptions, and system impact. The central question is not whether
learning improves performance in isolated scenarios, but whether it
preserves, or undermines, the long-term stability and reliability of
the navigation system as a whole.
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How to Read This Document

This document is structured to reflect how navigation systems are
designed, analyzed, and validated in practice. It assumes that
the reader is familiar with: state-space models, Kalman filtering
and its variants, multi-sensor fusion, and basic probabilistic rea-
soning. These concepts are not reintroduced, but are used as a
shared technical language. The early chapters establish a common
estimation-centric foundation. Subsequent sections examine how
learning-based components interact with this foundation, both con-
structively and destructively. Later chapters focus on architecture,
failure awareness, and runtime behavior - aspects that often de-
termine whether a system succeeds or fails in deployment. The
chapters are intentionally connected. Concepts introduced in earlier
sections are reused and expanded rather than repeated. Readers
are encouraged to follow the document sequentially, particularly if
they are less familiar with hybrid estimation–learning architectures.
There are no “magic models” in this document. All learning-based
components are discussed in terms of assumptions, limitations, and
observable effects. Performance gains are considered secondary to
stability, interpretability, and recoverability. If a design choice ap-
pears conservative, it is by intent. Navigation systems fail not when
models are weak, but when systems are overconfident.
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PART I

Navigation as an
Estimation System
Foundations, State, Drift, and Consistency



1 Navigation Is State Estimation

Navigation systems are often described in terms of sensors, percep-
tion pipelines, or algorithmic components. In operational systems,
none of these elements define navigation.

Navigation is fundamentally the problem of estimating the evolv-
ing state of a physical system over time, under uncertainty, from
incomplete, indirect, and noisy measurements.

This distinction is not semantic. It determines how navigation
systems are designed, how failure manifests, and how learning-based
components can be integrated without undermining reliability.

Sensors do not provide navigation. They provide constraints. Al-
gorithms do not produce truth. They produce estimates conditioned
on assumptions.

Artificial intelligence does not change this foundation. It may
alter how specific relationships are modeled, but it does not change
what is being estimated, nor the fact that estimation is recursive,
uncertain, and time-coupled.

This chapter establishes an estimation-centric view of navigation.
All subsequent discussion of learning-enhanced systems builds on
this perspective.
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Physical System

Sensors

Estimator
(Belief)

Dynamics
Model

State is latent
Uncertainty propagates over time

Figure 1.1: Navigation as recursive state estimation under uncer-
tainty. Sensors provide constraints on a latent state. The estimator
maintains belief through interaction with the system model.

1.1 Navigation Beyond Sensing

Sensors measure signals, not state. An inertial measurement unit
outputs angular rates and specific forces. A camera produces pixel
intensities. A GNSS receiver delivers pseudo-ranges and Doppler
shifts.

None of these quantities correspond directly to navigation vari-
ables such as position, velocity, or orientation.

Navigation states are latent variables. They exist only within
a mathematical framework that relates system dynamics, measure-
ments, and uncertainty.

Formally, navigation systems operate within a state-space model:
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xk+1 = f(xk, uk) + wk (1.1)

zk = h(xk) + vk (1.2)

where xk denotes the navigation state, uk represents control
or inertial inputs, zk denotes measurements, and wk and vk are
process and measurement noise terms.

The state xk is never observed directly. It is inferred through
recursive estimation, conditioned on assumptions embedded in f(·),
h(·), and the associated noise models.

Treating navigation as a sensing problem implicitly assumes that
improved measurements yield improved navigation. This assumption
does not hold in the long term.

Navigation error is dominated not by instantaneous measurement
quality, but by how errors propagate, correlate, and accumulate over
time.

Time is the dominant dimension in navigation. Errors integrate.
Biases compound. Modeling mismatches that are negligible over
milliseconds become critical over minutes or hours.

This temporal coupling distinguishes navigation from static
perception tasks. Any component introduced into a navigation
system-learned or analytical-participates in this recursion and must
be evaluated at the system level.

1.2 Canonical State Vectors

While navigation systems differ across platforms and applications,
their state representations share a common structural pattern.
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At the core lies the kinematic state: position p, velocity v, and
orientation R (or an equivalent minimal representation).

A minimal navigation state may be written as

x =
[
p v θ

]⊤
(1.3)

where θ denotes orientation parameters.
In operational systems, this state is insufficient.
Sensor imperfections introduce additional latent variables that

directly influence how measurements are interpreted. As a result,
practical navigation systems estimate augmented states of the form

x =
[
p v θ bimu s δt

]⊤
(1.4)

where bimu represents inertial sensor biases, s denotes scale
or calibration parameters, and δt captures timing offsets between
sensing modalities.

These additional states are not implementation artifacts. They
represent the dominant sources of long-term navigation error.

Many of them evolve slowly and are only weakly observable.
Their estimation depends on subtle interactions between system
dynamics, motion, and measurement geometry. Ignoring these states
does not eliminate their effect. It merely hides it.

Learning-based approaches often attempt to bypass explicit mod-
eling of such states. While this may improve short-term accuracy,
it removes explicit handles for uncertainty propagation and failure
diagnosis.

Without explicit state representation, the system loses the ability
to reason about what has degraded when performance deteriorates.

Explicit state modeling is therefore not an obstacle to learning
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integration. It is a prerequisite for doing so safely.

1.3 Partial Observability as the Default

Full observability is the exception, not the rule, in navigation sys-
tems.

Most operational scenarios involve states that are partially ob-
servable, intermittently observable, or effectively unobservable over
extended time intervals.

Observability is determined not only by sensor availability, but
by motion, geometry, and environmental context. An inertial sys-
tem without external reference cannot observe absolute position. A
monocular vision system cannot observe scale without sufficient mo-
tion or additional assumptions. Bias states may become observable
only under specific excitation conditions.

Formally, observability is a property of the system dynamics and
measurement models. Learning cannot recover information that is
not present in the measurements.

Motion-induced observability is therefore central to navigation.
Certain states become observable only because the platform moves
in ways that excite the system. Straight-line motion may render
biases unobservable, while aggressive maneuvers reveal them.

This dependence on motion has two critical implications.
First, observability is context-dependent. A system that is well-

conditioned in one operational regime may become ill-conditioned
in another.

Second, learning-based models cannot violate observability con-
straints. They may exploit structure, but they cannot create infor-
mation. Any system that appears to do so is either overfitting or

6
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relying on unmodeled assumptions.
Ignoring partial observability leads to overconfident systems.

Such systems may appear accurate under nominal conditions, yet
fail abruptly when conditions change.

Reliable navigation architectures accept partial observability as
the default. They are designed to detect it, manage it, and operate
safely within it. This principle applies equally to classical estimators
and to AI-enhanced systems. Navigation is not about eliminating
uncertainty. It is about estimating state while knowing what cannot
be known.

AI Implementation Notes

Learning should influence navigation systems only through local,
bounded interfaces: residuals, uncertainty, or soft constraints.
Learned state corrections without corresponding uncertainty
updates break consistency by design. Treat learned outputs as
correlated unless proven otherwise. When correlation cannot be
modeled explicitly, their influence must be limited in magnitude
or time.

7



2 Error-State Formulation in Practice

Operational navigation systems do not estimate the navigation state
directly. Instead, they maintain a nominal trajectory and estimate
deviations from it. This design choice is not a historical artifact. It
reflects fundamental structural properties of navigation problems.

The error-state formulation separates nonlinear kinematics from
uncertainty propagation. By doing so, it provides numerical stability,
interpretability, and explicit control over how uncertainty evolves
through time. These properties become essential once navigation
systems operate at high rate, over long durations, or incorporate
learning-based components.

This chapter explains why error-state filters dominate real sys-
tems, how error dynamics are modeled, and what a navigation filter
actually estimates.

2.1 Full-State vs Error-State Filters

In a full-state formulation, the filter estimates the complete naviga-
tion state directly. The state at time k may be written as

xk =
[
pk vk θk bk

]⊤
(2.1)

8
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where pk denotes position, vk velocity, θk orientation parameters,
and bk sensor-related states.

The full-state filter propagates both the mean and covariance of
xk through nonlinear dynamics. While conceptually straightforward,
this approach encounters practical limitations in real navigation
systems. Linearization errors accumulate, covariance propagation
becomes fragile, and numerical conditioning degrades over long
integration horizons, particularly in high-rate inertial pipelines.

The error-state formulation addresses these limitations by de-
composing the problem into two coupled components: a nominal
state and a small error state.

The nominal state x̄k is propagated deterministically using the
full nonlinear dynamics. The filter then estimates the deviation

δxk =
[
δpk δvk δθk δbk

]⊤
(2.2)

The true state is represented implicitly as

xk = x̄k ⊕ δxk (2.3)

where ⊕ denotes composition on the appropriate state manifold.
This separation yields several advantages. First, the error state

remains small by construction, which justifies linearization. Second,
uncertainty propagation operates on deviations rather than abso-
lute quantities. Third, numerical stability is preserved even under
aggressive maneuvers and long-duration operation.

For these reasons, the error-state Kalman filter (ESKF) has be-
come the dominant architecture in industrial navigation systems. Its
prevalence is not theoretical. It is driven by operational robustness,
debuggability, and predictable failure behavior.
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2.2 Error Dynamics

The power of the error-state formulation lies in how it models
the evolution of small deviations. Error dynamics describe how
imperfections in sensing, modeling, and calibration translate into
uncertainty growth over time.

Using continuous-time notation, the error-state dynamics may
be expressed as

˙δx(t) = F(t) δx(t) + w(t) (2.4)

where F(t) is the error-state Jacobian and w(t) represents process
noise.

Bias terms are among the most influential components of δx.
In inertial navigation, accelerometer and gyroscope biases are com-
monly modeled as random walks:

ḃ(t) = wb(t) (2.5)

This model reflects physical reality. Biases evolve slowly and
unpredictably, but they do not remain constant. Even small bias
errors integrate into significant position and velocity errors over
time.

Scale factor and misalignment errors introduce structured distor-
tion. Unlike noise, these errors systematically warp measurements,
coupling sensor outputs directly to navigation error. Depending
on the application, such effects are modeled as constants or slow
random walks.

The key point is that these processes are not incidental. They
dominate long-term error growth. Treating them as white noise is
mathematically convenient, but operationally dangerous.
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Learning-based models are sometimes proposed as replacements
for explicit bias or calibration states. While learning may approx-
imate certain error behaviors, removing explicit error states elim-
inates the estimator’s ability to propagate uncertainty coherently.
The system may appear accurate while becoming fundamentally
inconsistent.

A disciplined integration strategy treats learning as an augmen-
tation to error dynamics, never as a substitute for explicit error-state
representation.

2.3 What the Filter Actually Estimates

A navigation filter does not estimate truth. It estimates a conditional
probability distribution defined by its models and assumptions.

At each time step, the filter maintains:

• an estimated mean error state E[δxk],

• and an associated covariance matrix Pk.

The mean represents the most likely deviation from the nominal
trajectory under the assumed model. The covariance represents
uncertainty under the same assumptions.

Both quantities are conditional. If the assumptions embedded
in F, the noise models, or the measurement models are violated,
the covariance ceases to be meaningful - even if the mean appears
accurate.

This distinction becomes critical when integrating AI compo-
nents. Learning-based outputs often improve mean accuracy while
silently invalidating uncertainty assumptions. When such outputs

11
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are injected without corresponding uncertainty handling, the filter
becomes overconfident.

Consistency, not accuracy, is therefore the defining property of a
reliable navigation estimator. A consistent filter may be conservative,
but it knows when it is uncertain. An inconsistent filter may look
accurate while being fundamentally wrong.

Understanding what the filter estimates - and what it does not -
is essential for system-level design. It determines whether errors are
detectable, recoverable, and bounded.

The error-state formulation makes these properties explicit. It
exposes where assumptions reside, how they propagate, and how
they fail. This transparency is precisely what enables safe integration
of learning-based components into navigation systems.

AI Implementation Notes

Learning should augment error dynamics, not replace them.
Explicit error states must remain the authority for uncertainty
propagation. Any learned correction that modifies the state
without modifying covariance introduces inconsistency by con-
struction.

12



3 Drift Is Structural, Not Accidental

Drift is often treated as an implementation flaw, a calibration error,
or a limitation of specific sensors. In navigation systems, drift is
none of these.

Drift is a structural consequence of estimating state under partial
observability, imperfect models, and finite information. It arises even
when sensors operate nominally and algorithms are implemented
correctly.

Understanding drift as a structural phenomenon is essential. It
reframes the role of sensors, estimators, and learning-based compo-
nents. Most importantly, it clarifies what navigation systems can
and cannot guarantee over long time horizons.

This chapter examines the dominant drift mechanisms across
inertial, vision-based, and GNSS-based navigation, and explains
why drift can never be eliminated - only bounded, corrected, or
detected.

3.1 Inertial Drift Mechanisms

Inertial navigation systems estimate motion by integrating angular
rates and specific forces over time. This integration process is
inherently unstable with respect to small errors.

Let the inertial error state include position, velocity, attitude,
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time

error

Unobservable directions
induce error growth

Without external information,
error accumulates

Figure 3.1: Structural drift in navigation systems. When parts of
the state are unobservable, estimation error grows over time even
under nominal operation.

and bias terms:

δx(t) =
[
δp(t) δv(t) δθ(t) δb(t)

]⊤
(3.1)

Bias errors enter the dynamics through integration. Even when
bias magnitudes are small, their effect grows unbounded with time.
This behavior is not sensor-specific; it is a property of integration
itself.

A simplified continuous-time relationship illustrates this effect:

˙δv(t) = δba(t) (3.2)
˙δp(t) = δv(t) (3.3)

A constant accelerometer bias produces linearly growing velocity
error and quadratically growing position error. No estimator can
prevent this growth without external information.

Calibration reduces initial bias uncertainty, but it does not elim-
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inate bias evolution. Temperature effects, aging, and environmental
conditions introduce slow variations that cannot be perfectly mod-
eled.

Learning-based bias correction is sometimes proposed as a mitiga-
tion. Learning can improve short-term bias estimation by exploiting
context such as temperature, vibration, or operating regime. How-
ever, learning does not change the structural instability of inertial
integration.

AI can assist inertial navigation by: improving bias modeling,
adapting uncertainty levels, or detecting abnormal drift behavior.
It cannot remove the need for external correction or eliminate long-
term divergence on its own.

Inertial drift is therefore unavoidable. The role of the estimator,
classical or AI-enhanced, is not to eliminate drift, but to manage it
through correction, detection, and bounded operation.

3.2 Vision Drift Mechanisms

Vision-based navigation systems infer motion and structure from
image sequences. Unlike inertial systems, vision does not integrate
signals directly. Nevertheless, vision-based navigation also exhibits
drift. Vision drift arises from three structural sources.

First, scale ambiguity. In monocular systems, absolute scale is
not observable without sufficient motion or additional assumptions.
Errors in scale estimation propagate into position and velocity
estimates over time.

Second, feature degradation. Changes in illumination, motion
blur, texture scarcity, and viewpoint reduce measurement quality.
As features degrade, measurement noise becomes correlated and
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Figure 3.2: Estimation Residuals Under Non-Gaussian Noise.
Residual behavior under increased sensor noise and stress. Classical
filters remain stable only when uncertainty growth reflects true error
statistics. Learned components must preserve this relationship to
avoid silent divergence.

increasingly non-Gaussian.
Third, model inconsistency. Linearization errors, delayed up-

dates, and correlation between past and current estimates introduce
slow divergence.

These effects are cumulative. Individual visual measurements
may remain locally accurate, yet long-term trajectories drift as small
inconsistencies accumulate.

Loop closure and mapping mitigate drift by introducing global
constraints. However, these mechanisms rely on environmental
revisitability and reliable data association. In open or changing
environments, such assumptions cannot be guaranteed.
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Learning-based visual front-ends often improve local robustness.
They enhance feature extraction, matching, and depth inference,
and can significantly reduce short-term error. However, they do not
eliminate the structural causes of drift.

AI improves vision-based navigation when it: enhances measure-
ment quality, adapts uncertainty to context, or detects degradation
in visual conditions. When learning introduces overconfidence or
suppresses uncertainty growth, it accelerates silent divergence.

Vision drift is therefore not a failure of perception quality. It
is a consequence of estimating motion and structure under partial
observability with long-term correlation.

3.3 GNSS Drift Is Different

GNSS-based navigation is often assumed to be drift-free. This
assumption is misleading.

GNSS errors are typically bounded, but they are not stationary.
Multipath, occlusion, atmospheric effects, and receiver-specific biases
introduce slowly varying errors that depend on environment and
geometry.

Unlike inertial drift, GNSS errors may appear as: step changes,
slow biases, or geometry-dependent distortions.

A critical distinction is that GNSS drift is externally driven. It
depends on factors outside the estimator’s control and may change
abruptly.

Treating GNSS measurements as ground truth masks these
effects. When GNSS biases are unmodeled, they propagate into
fused navigation solutions and contaminate other state estimates.

Learning-based GNSS correction models are increasingly ex-
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plored. They can capture environment-specific error patterns and
improve robustness in challenging conditions. However, learned cor-
rections must be accompanied by calibrated uncertainty estimates.

AI improves GNSS-based navigation when it: models context-
dependent error behavior, detects degradation, or adapts trust
dynamically. A learned correction without uncertainty is more
dangerous than no correction at all.

GNSS drift is therefore different in character, but not in conse-
quence. It must be detected, bounded, and managed - not assumed
away.

3.4 Why Drift Never Disappears

Drift cannot be eliminated because it arises from missing information.
Whenever parts of the state are unobservable, uncertainty must grow.

Formally, if a system lacks sufficient measurements to constrain
all state components, the estimation error covariance grows along
unobservable directions. Any estimator that does not reflect this
growth is inconsistent by construction.

Learning does not change this fact. No model can infer infor-
mation that is not present in the data. When learning appears to
remove drift entirely, it is exploiting hidden assumptions or overfit-
ting to restricted conditions.

Reliable navigation systems therefore adopt a different objective.
They do not attempt to eliminate drift. They ensure that drift
is bounded when possible, corrected when information becomes
available, and detected before estimates lose validity.

This perspective has direct implications for how AI should be
used in navigation systems. AI is most effective when it: improves er-
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ror modeling, adapts uncertainty to context, or accelerates detection
of degraded conditions.

AI is ineffective, and dangerous, when it suppresses uncertainty
growth or replaces explicit estimation structure.

Drift is not an accident to be fixed. It is a structural property
to be respected.

Only systems that accept this reality can integrate learning-based
components without sacrificing long-term reliability.

Engineering Principle: Drift

Drift is a structural consequence of partial observability and
finite information. It cannot be eliminated by better sensors,
better models, or learning alone. AI improves navigation systems
when it helps expose, bound, or detect drift - not when it hides
it. Any component that suppresses uncertainty growth without
adding information introduces overconfidence by design.
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4 Accuracy, Consistency, and Bounded-
ness

Navigation performance is often summarized by a single number,
such as position error, velocity error, or orientation error. While
convenient, this practice hides the properties that actually determine
whether a navigation system is usable, safe, and reliable over time.

Accuracy alone is insufficient. Navigation systems rarely fail
because they are inaccurate at a given instant. They fail because
they become wrong without knowing it.

This chapter reframes navigation performance through three
system-level properties: accuracy, consistency, and boundedness.
Each captures a fundamentally different aspect of estimator behavior.
Understanding their distinction is essential for designing naviga-
tion systems that remain reliable, particularly when learning-based
components are introduced.

4.1 Accuracy as a Snapshot Metric

Accuracy measures deviation from truth at a specific time. Given
the true state xtrue

k and an estimated state x̂k, accuracy can be
expressed as

ek = x̂k − xtrue
k , (4.1)
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where ek denotes the estimation error vector.
Accuracy is inherently a snapshot metric. It answers a narrow

question: how close is the estimate to truth at this moment?
In short-duration experiments or tightly controlled benchmarks,

accuracy is often sufficient. In long-duration navigation, however,
it is not. Two systems with identical instantaneous accuracy may
exhibit radically different long-term behavior. One may recover
gracefully from degradation, while the other may drift silently until
failure becomes irreversible.

Learning-based components tend to optimize accuracy directly.
Neural models are typically trained to minimize error norms over
representative datasets, which often yields impressive short-term per-
formance under nominal conditions. However, optimizing accuracy
in isolation ignores temporal coupling. A learned correction that
improves accuracy at time k may invalidate uncertainty assumptions
at time k + 1. From a system perspective, such improvements can
be actively harmful.

Accuracy alone does not reveal whether the system knows when
it is wrong. For navigation systems, this distinction is decisive.

4.2 Consistency as a System Property

Consistency describes the relationship between estimated uncer-
tainty and actual error. A navigation system is consistent if its
reported uncertainty correctly reflects the statistics of its true esti-
mation error.

Let Pk denote the estimated error covariance. Consistency
requires that the error ek be statistically compatible with Pk. This
relationship is commonly evaluated using normalized error measures.
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For example, the normalized estimation error squared (NEES) is
given by

NEESk = ekP−1
k e⊤

k . (4.2)

A consistent estimator produces NEES values that remain within
expected statistical bounds over time. An inconsistent estimator
may appear accurate while being fundamentally overconfident.

Consistency is not a property of a single model or component.
It emerges from the interaction between system dynamics, measure-
ments, noise assumptions, and update logic. Classical navigation
systems enforce consistency through explicit modeling and conser-
vative assumptions. Their strength lies in predictability, while their
weakness lies in rigidity, including fixed noise models, manual tuning,
and limited adaptability to context.

Learning-based components can assist consistency if they are
integrated correctly. AI can model context-dependent uncertainty,
sensor quality, and residual behavior that classical models struggle
to capture. For example, a learned trust model can adaptively scale
measurement covariance based on environment or operating condi-
tions. When learning modulates uncertainty rather than bypassing
estimation, consistency can improve rather than degrade.

The central rule is simple: AI should adjust uncertainty, not
replace it.

4.3 Bounded Error vs Minimal Error

Operational navigation systems prioritize bounded error over mini-
mal error. The objective is not to achieve the smallest possible error
under ideal conditions, but to remain within known and predictable
limits under non-ideal ones.
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Boundedness refers to the ability of a system to guarantee that
error remains within acceptable bounds, given its assumptions. Mini-
mal error focuses on reducing instantaneous deviation, often without
regard to long-term behavior. These objectives are not equivalent.

Learning-based systems often excel at minimizing error on their
training distribution. However, they frequently lack mechanisms to
enforce boundedness under distribution shift. Classical estimators
enforce boundedness through conservative uncertainty growth and
explicit observability constraints. Their limitation is that they may
sacrifice accuracy even when conditions are favorable.

Hybrid systems can combine these strengths. Learning can
reduce error where data supports it, while the estimator maintains
authority over uncertainty growth and bounding behavior.

Table 4.1 summarizes these trade-offs.

Table 4.1: Accuracy, consistency, and boundedness in classical and
AI-enhanced navigation systems.

Property Classical Estima-
tion

AI-Enhanced Esti-
mation

Accuracy Conservative, stable High under nominal
conditions

Consistency Explicitly enforced At risk if uncertainty
is bypassed

Boundedness Guaranteed by de-
sign

Depends on integra-
tion discipline

Adaptability Limited High, context-
dependent

Failure visibility High Low if confidence is
uncalibrated

The pattern is clear: AI improves accuracy and adaptability, but
boundedness must remain under estimator control.
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4.4 Silent Inconsistency

The most dangerous failure mode in navigation systems is silent in-
consistency. In this mode, the system continues to produce confident
estimates while its internal assumptions are violated.

Silent inconsistency occurs when error grows, uncertainty does
not, and no alarm is triggered. Learning-based components are
particularly susceptible to this failure mode. Neural models often
generalize poorly outside training conditions while maintaining confi-
dent outputs. When such outputs are injected into a navigation filter
without corresponding uncertainty handling, the system becomes
blind to its own degradation.

Detecting silent inconsistency requires internal signals. Innova-
tion statistics, residual monitoring, and consistency tests provide
early warning when assumptions no longer hold. AI can assist detec-
tion rather than undermine it. Learning-based monitors can identify
anomalous residual patterns or shifts in innovation statistics. Cru-
cially, these models must operate on estimator signals, not replace
them.

The objective is not to eliminate inconsistency entirely, but to
detect it before it becomes operationally significant.

Consistency therefore forms the bridge between accuracy and
boundedness. Without consistency, accuracy is misleading and
boundedness is illusory. Navigation systems that integrate AI suc-
cessfully treat uncertainty as a first-class signal. They allow learning
to improve performance while preserving the estimator’s authority
over trust, bounds, and failure awareness.
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Engineering Principle: Performance
Accuracy measures closeness to truth. Consistency determines
whether uncertainty can be trusted. Boundedness ensures that
failure remains controllable. AI improves navigation systems
when it strengthens consistency or accelerates detection of in-
consistency, not when it merely optimizes pointwise accuracy.
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5 Learning in a Structured Estimation
World

The increasing availability of data and computational power has
made learning-based models attractive for navigation systems. In
isolation, this trend is unsurprising: learning excels at capturing com-
plex patterns in large datasets. Navigation systems, however, are not
generic prediction problems. They are structured estimation systems
governed by physics, geometry, and observability constraints.

The central question is therefore not whether learning can im-
prove navigation performance. The question is where learning can be
introduced without violating the assumptions that make navigation
systems reliable over long time horizons.

This chapter establishes a clear boundary for the role of learning
in navigation. It examines what learning can represent better than
classical models, what it fundamentally cannot recover, and how
observability defines a hard limit on the benefits learning can provide.

5.1 What Learning Can Represent Better Than Physics

Classical navigation models rely on explicit mathematical descrip-
tions of dynamics, sensors, and noise processes. These models are
necessarily simplified. They capture dominant physical effects, but
they struggle with complex, context-dependent phenomena that are
difficult to parameterize analytically.
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Learning-based models excel in precisely these regimes. They are
particularly effective at representing relationships that are nonlinear,
high-dimensional, and strongly dependent on operating context. In
navigation systems, such relationships rarely appear in the nominal
dynamics. Instead, they manifest primarily in error processes.

Examples include context-dependent sensor noise, environment-
specific measurement degradation, and subtle correlations between
residuals and operating conditions. These effects are real, repeatable,
and operationally significant, yet they are poorly captured by fixed
analytical models.

Classical estimation typically assumes measurement noise of the
form

vk ∼ N (0, Rk), (5.1)

with the covariance Rk treated as constant or adjusted through
heuristic tuning.

In practice, measurement uncertainty depends on latent variables
such as motion regime, environment, sensor state, and platform
dynamics. Learning-based models can approximate this dependence
by mapping contextual features to uncertainty estimates,

Rk = gθ(ck), (5.2)

where ck denotes contextual information and gθ(·) is a learned
mapping.

The critical point is not the use of learning itself, but where it acts.
In this formulation, learning operates on uncertainty rather than on
state. The estimator retains full authority over state propagation
and fusion, while learning refines how much trust is assigned to
incoming information.

Learning is also effective at modeling residual structure. Given
an innovation

νk = zk − h(x̄k), (5.3)
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learning can capture systematic patterns in νk that classical models
treat as noise. These patterns often reflect environmental effects,
sensor degradation, or unmodeled dynamics.

Such uses of learning align naturally with error-state formula-
tions. Learning augments quantities the estimator already computes,
rather than replacing the estimation process itself. When used this
way, learning improves performance without undermining estimator
structure.

5.2 What Learning Fundamentally Cannot Recover

Despite its expressive power, learning is constrained by information
content. No model-learned or analytical-can recover information
that is not present in the measurements. Learning-based navigation
systems often appear to violate this principle in controlled exper-
iments. In reality, they exploit hidden assumptions embedded in
the data, such as fixed environments, restricted motion regimes,
or correlations that do not generalize beyond the training distribu-
tion. When these assumptions are violated, performance degrades
abruptly.

From an estimation perspective, learning cannot create observ-
ability. It cannot remove integration drift without external reference,
and it cannot infer absolute quantities from relative measurements
alone.

For example, no amount of learning can infer absolute position
from inertial data in the absence of external information. A learned
model may appear to do so by memorizing motion patterns or
exploiting dataset-specific structure, but such behavior does not
generalize and fails under distribution shift. Similarly, learning
cannot replace uncertainty propagation. A neural network may
output a state estimate, but without an associated, calibrated un-
certainty representation, that estimate cannot be integrated safely
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into a recursive estimator. State estimates without uncertainty are
assertions, not beliefs.

These limitations are structural, not technological. They follow
directly from the mathematics of estimation and do not disappear
with larger models, more data, or improved training techniques.
Recognizing what learning cannot do is as important as exploiting
what it can. Systems that ignore these limits tend to exhibit silent
inconsistency, overconfidence, and delayed failure detection-failure
modes that are particularly dangerous in navigation.

5.3 The Observability Wall

Observability defines the boundary between what can and cannot
be estimated. It is a property of system dynamics and measurement
geometry, not of the model class used to process data.

For a system described by

xk+1 = f(xk), (5.4)
zk = h(xk), (5.5)

certain directions in state space may be unobservable. Along these
directions, uncertainty must grow over time.

Learning does not alter this fact. It may reduce apparent error
temporarily by exploiting correlations, but it cannot remove the
underlying lack of information. When learning appears to over-
come observability limits, it is relying on assumptions that are not
guaranteed to hold in operation.

The observability wall is therefore the point at which learning
ceases to provide reliable benefit. Beyond this boundary, improve-
ments in pointwise accuracy are typically accompanied by degraded
consistency and increased overconfidence.

Effective navigation architectures respect this wall. They allow
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learning to operate where information exists and enforce conserva-
tive behavior where it does not. Learning is permitted to refine
uncertainty, residuals, and context-dependent behavior, but the esti-
mator remains authoritative wherever information is fundamentally
limited.

This leads to a clear design principle. Learning should enhance
estimation where physics-based models are weak, but estimation
must remain in control where information is scarce. Navigation
systems that integrate learning successfully do not treat AI as a
replacement for structure. They treat it as a tool that operates
within structure, constrained by observability and uncertainty.

5.4 Semantic Reasoning and Foundation Models

Recent advances in foundation models have enabled navigation
systems to reason not only about geometry, but also about semantic
context. This marks a shift from navigation systems that answer
only where the platform is, to systems that can also reason about
what is present in the environment and how it should influence
motion. Classical navigation pipelines based on EKF or factor
graph formulations remain responsible for estimating state under
physical constraints. They provide position, velocity, orientation,
and uncertainty in a well-defined state space. Foundation models,
by contrast, operate at a semantic level. They interpret scenes,
objects, affordances, and instructions expressed in natural language.
The value of this separation is architectural. Semantic models do
not replace geometric estimation; they augment it by shaping the
cost structure under which estimation and planning operate. Rather
than producing state estimates directly, semantic reasoning modifies
how the system evaluates risk, preference, and feasibility.

This interaction is naturally expressed through semantic cost-
mapping. High-level semantic cues are translated into modifications
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of the estimator’s cost or uncertainty landscape, without violating
the underlying physical model.

Example
A command such as “Navigate to the loading dock, but avoid
the wet floor” cannot be resolved through geometry alone. A
foundation model may recognize the semantic class wet floor from
visual input and associate it with increased risk. The correct
integration point is not a direct change in state, but an increase
in cost or covariance associated with the corresponding region
in the map, effectively creating a soft no-go zone. The estimator
and planner then remain free to reason under uncertainty while
respecting this semantic constraint.

The role of the practitioner is to ensure that semantic reasoning
remains advisory rather than authoritative. Foundation models
may suggest constraints, preferences, or risk modifiers, but they
must not override the physical consistency enforced by the state-
space model. Semantic outputs should be expressed as costs, priors,
or uncertainty modulation-not as direct state corrections. When
integrated in this manner, foundation models extend the expressive
power of navigation systems without undermining their reliability.
They enable context-aware behavior while preserving the estimator’s
role as the final arbiter of belief, uncertainty, and feasibility.
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Engineering Principle: Learning
Learning improves navigation systems when it models error,
uncertainty, and context-dependent behavior that physics-based
models cannot capture easily. Learning fails when it attempts
to replace observability, uncertainty propagation, or estimator
structure. The estimator must remain authoritative wherever
information is fundamentally limited.
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6 Learned Error and Residual Models

The most effective role of learning in navigation systems is not
state estimation, but error modeling. Rather than predicting where
the system is, learning is best suited to modeling how and why
estimation errors evolve.

This distinction is subtle but fundamental. State estimation is
constrained by observability and physics. Error processes, by con-
trast, are shaped by sensor imperfections, environmental conditions,
and unmodeled dynamics-domains where analytical models are often
weak.

This chapter examines how learning can model bias dynamics,
residual corrections, and context-dependent error behavior, and
explains why residual learning generalizes better than direct state
prediction.

6.1 Learning Bias Dynamics

Biases are among the dominant sources of long-term navigation error.
In inertial systems, accelerometer and gyroscope biases introduce
errors that grow through integration. Classically, these biases are
modeled as random walks:

ḃ(t) = wb(t) (6.1)

where b(t) denotes the bias vector and wb(t) is zero-mean noise.
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This model is intentionally conservative. It reflects uncertainty
rather than precise knowledge of bias evolution.

In reality, bias dynamics depend on latent variables such as
temperature, vibration, aging, and operational regime. These de-
pendencies are difficult to capture analytically.

Learning-based models can approximate bias dynamics by con-
ditioning on contextual signals. A learned bias evolution model may
be expressed as

ḃ(t) = fθ(c(t)) (6.2)

where c(t) is a vector of contextual features and fθ(·) is a learned
mapping.

Crucially, learning does not replace the bias state. It augments
its dynamics. The bias remains an explicit part of the estimator state,
preserving uncertainty propagation and observability structure.

When bias learning is embedded inside an error-state formulation,
the estimator retains authority over how learned corrections influence
the state. If learned predictions become unreliable, they can be
downweighted or disabled without destabilizing the system.

This separation is essential. Learning that replaces bias states
removes the estimator’s ability to reason about long-term error
growth.

6.2 Learning Residual Corrections

Residuals encode the mismatch between predicted and observed mea-
surements. They represent the point at which model assumptions
meet reality.

Given a nominal state x̄k and a measurement zk, the innovation
(residual) is

νk = zk − h(x̄k) (6.3)

Classical estimators assume that νk is zero-mean noise. In prac-
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tice, residuals often exhibit structure: systematic bias, correlation
with motion, or dependence on environment.

Learning-based residual models aim to capture this structure. A
learned correction may be written as

νcorr
k = νk − gθ(ck) (6.4)

where gθ(·) predicts systematic residual components based on context
ck.

This approach has two key advantages.
First, residuals are local quantities. Errors in learned residual

corrections affect individual updates rather than the entire state
trajectory.

Second, residuals are already part of the estimator’s internal logic.
Correcting them preserves the estimator’s structure and uncertainty
handling.

Learning residuals therefore improves estimation fidelity while
maintaining estimator transparency. It does not entangle learning
with state propagation or fusion logic.

6.3 Context-Dependent Error Behavior

Navigation errors are rarely stationary. Sensor performance depends
on motion, environment, and operational conditions.

Classical models approximate this variability using fixed or
heuristically tuned noise parameters. While robust, this approach
sacrifices accuracy under favorable conditions and may underesti-
mate uncertainty under adverse ones.

Learning enables context-dependent error modeling. Measure-
ment uncertainty can be expressed as

Rk = gθ(ck) (6.5)
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where Rk is the measurement covariance and ck encodes contextual
information such as speed, vibration, or environmental cues.

This formulation allows the estimator to adapt trust dynamically.
Under favorable conditions, uncertainty contracts. Under degraded
conditions, uncertainty expands.

Importantly, learning adjusts uncertainty, not state. The esti-
mator remains responsible for fusion, propagation, and consistency.

Context-dependent modeling is particularly valuable in multi-
modal systems. It enables principled weighting between sensors
whose reliability varies with operating regime.

When implemented correctly, learning improves robustness rather
than undermining it.

6.4 Why Residual Learning Generalizes Better

Residual learning generalizes better than direct state prediction for
structural reasons.

First, residuals live in a constrained space. They are small,
bounded quantities whose statistics are shaped by estimator design.
Learning in this space is easier and more stable than learning full
state mappings.

Second, residuals are invariant to global reference frames. A
residual model trained in one environment often transfers to an-
other, while a state prediction model implicitly encodes environment-
specific structure.

Third, residual learning preserves estimator feedback. If learned
corrections degrade, the estimator detects inconsistency through
residual statistics and adapts accordingly.

Direct state learning lacks these safeguards. Errors propagate
silently through recursion, and failure is difficult to localize.

Table 6.1 summarizes this distinction.
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Table 6.1: Residual learning versus direct state learning in navigation
systems.

Aspect Residual Learn-
ing

State Learning

Integration
point

Inside estimator up-
date

Outside estimator

Error impact Local, bounded Global, accumula-
tive

Uncertainty
handling

Preserved Often absent

Generalization High Low
Failure detec-
tion

Explicit Implicit or missing

Residual learning aligns with the philosophy of structured esti-
mation. It leverages learning where physics is weak, while preserving
estimator authority where structure is essential.

This design pattern recurs throughout successful AI-enhanced
navigation systems. Learning does not replace estimation. It sharp-
ens it.

AI Implementation Notes
Learning should be integrated based on its effect on consistency
and boundedness, not accuracy alone. Any improvement in
pointwise error that degrades uncertainty calibration introduces
overconfidence by design.
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7 Trust, Quality, and Measurement Weight-
ing

Navigation systems rarely fail because sensors suddenly stop work-
ing. They fail because sensor quality degrades gradually, while the
estimation system continues to trust incoming data as if nothing has
changed. By the time failure becomes visible, the internal estimate
is often already inconsistent.

Trust is therefore a central concept in navigation systems. It
governs how measurements influence the estimate, how uncertainty
evolves over time, and whether degradation is detected early or only
after divergence has occurred.

This chapter examines how trust is handled in classical estima-
tion, why static covariance tuning is insufficient in real systems, and
how learning-based trust models can be integrated without violating
estimator consistency.

7.1 Sensors Degrade Continuously

Real sensors rarely exhibit binary behavior. They do not transition
cleanly from a fully operational state to complete failure. Instead,
sensor quality degrades continuously as a function of environment,
operating conditions, and time.

Common examples include GNSS degradation due to multipath
or occlusion, vision degradation caused by lighting changes or mo-
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tion blur, and inertial sensor bias variation driven by temperature,
vibration, or aging.

A generic measurement model can be written as

zk = h(x̄k) + vk, (7.1)

where vk represents measurement noise.
In practice, the statistics of vk are not stationary. Both its

variance and structure depend on latent conditions that are rarely
modeled explicitly. Classical estimators implicitly assume that
sensor quality is either acceptable or unacceptable: measurements
are either trusted or rejected. This assumption does not reflect
physical reality.

As a result, degraded measurements are often trusted longer than
they should be. By the time a hard threshold is crossed, the estimator
may already be overconfident and inconsistent. Recognizing that
sensor quality is a continuous variable rather than a discrete state
is therefore a prerequisite for robust navigation.

7.2 Limits of Classical Covariance Tuning

Classical navigation systems encode trust through the measurement
covariance matrix Rk. Measurement weighting is governed by the
Kalman gain,

Kk = PkH⊤
k

(
HkPkH⊤

k + Rk

)−1
. (7.2)

In most systems, Rk is tuned offline. Engineers select conserva-
tive values intended to guarantee stability across a wide range of
conditions. While this approach is robust, it has two fundamental
limitations.

First, it is pessimistic. Under favorable conditions, the estimator
underutilizes high-quality measurements and sacrifices achievable
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accuracy. Second, it is brittle. When operating conditions deviate
significantly from those assumed during tuning, Rk no longer reflects
reality.

Manual retuning is impractical in dynamic environments, and
rule-based adaptations rely on explicit indicators that are often
unavailable or unreliable. As navigation systems incorporate more
sensors and operate across broader regimes, static covariance tuning
becomes a scalability bottleneck.

7.3 Learned Trust Scores

Learning-based models provide a mechanism to estimate trust dy-
namically. Instead of predicting state directly, learning predicts how
much the system should trust a given measurement under current
conditions.

Let a learned trust score be denoted by τk ∈ [0, 1], defined as

τk = gθ(ck), (7.3)

where ck encodes contextual information such as motion regime,
sensor diagnostics, or environmental cues.

Trust scores can modulate measurement uncertainty through

Reff
k = 1

τk
Rk. (7.4)

When trust is high, effective uncertainty contracts. When trust
is low, uncertainty expands. This formulation has several advan-
tages. Trust becomes a continuous signal rather than a binary
decision. Degradation is handled gracefully rather than abruptly.
Most importantly, learning operates on uncertainty rather than on
state, leaving the estimator responsible for fusion and propagation.

Learned trust scores are also interpretable. They can be moni-
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Figure 7.1: AI Navigation Confidence Map. Spatial confidence
field estimated at runtime under varying environmental stress. Con-
fidence reflects estimator trust and uncertainty modulation rather
than geometric accuracy. Such fields are used to adapt sensor weight-
ing and recovery behavior without modifying state estimates.

tored, logged, and audited as system-level signals. Learning-based
trust estimation is particularly valuable when classical quality indi-
cators are weak or ambiguous, as it can capture complex, nonlinear
relationships between context and measurement reliability.

7.4 Injecting Trust Without Breaking Consistency

Injecting learned trust into a navigation system is deceptively simple.
When done incorrectly, it can destroy estimator consistency.

The central rule is that trust must influence measurement weight-
ing, not innovation structure or state updates. Learning should not
alter the measurement model h(·), modify residuals directly, or inject
state corrections outside the estimator.

Instead, learned trust should modulate covariance or gating
thresholds. In this configuration, the estimator continues to compute
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innovations, evaluate residual statistics, and propagate uncertainty
according to its internal models. Learning becomes a second-order
influence whose effect is bounded by estimator logic.

Measurement

Estimator

AI Trust Model

Covariance

Figure 7.2: Learning observes measurements and context, modulates
uncertainty, and never injects state directly. The estimator remains
the sole authority for state updates.

When trust is injected correctly, learning improves both accuracy
and robustness. When injected incorrectly, it produces systems that
fail silently and unpredictably.

Table 7.1 summarizes safe and unsafe trust integration strategies.

Table 7.1: Trust integration strategies in navigation systems.

Strategy Effect Risk

Covariance scal-
ing

Adaptive weighting Low

Adaptive gating Context-aware re-
jection

Low

Residual correc-
tion

Local influence Moderate

Direct state cor-
rection

Global influence High

End-to-end re-
placement

Opaque behavior Critical

The principle is unambiguous. Trust is a first-class signal in
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navigation systems. Learning can estimate it more flexibly than
classical models, but the estimator must remain the final authority.

7.5 Explainability Beyond Black-Box Trust

In safety-critical navigation systems, trust cannot be implicit. Any
mechanism that influences estimation must be inspectable, auditable,
and attributable to observable signals. This requirement applies
with particular force to learning-based components, whose internal
logic is otherwise opaque.

Explainability in this context is not a visualization exercise. It
is an engineering interface. The purpose of explainability is not to
justify decisions after the fact, but to expose the signals that caused
those decisions in a form that can be evaluated, tested, and acted
upon.

In structured navigation systems, learning-based trust or weight-
ing mechanisms must therefore provide interpretable outputs along-
side their numerical effect. When a learned component downweights
a sensor or measurement source, the system must expose why that
decision was made in terms of estimator-relevant evidence.

This evidence may take the form of saliency measures, attention
weights, residual pattern classification, or other structured diagnos-
tics. The specific representation is less important than the principle:
learned decisions must be traceable to observable inconsistencies
between data and model assumptions.
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Example
A learned trust model reduces the weight of GNSS measurements
during operation.
Diagnostic signal: GNSS weight reduced to 0.15. Explanatory
context: Detected pseudo-range residual patterns consistent with
multipath interference and inconsistent with expected receiver
dynamics.
The estimator does not act on the explanation directly. It
acts on the adjusted uncertainty. The explanation exists to
support monitoring, debugging, and certification, not to replace
estimation logic.

The engineering value of explainability lies in its ability to
separate effect from cause. The estimator responds to quantified
uncertainty. The operator or developer inspects the explanatory
interface to understand whether that response is justified.

Without such interfaces, learning-based components remain
opaque. They may function correctly under nominal conditions, yet
provide no basis for diagnosis when behavior changes. In contrast,
interpretable trust mechanisms transform learning from an oracle
into a diagnostic subsystem whose behavior can be validated over
time.

Explainability, when designed as an estimator-facing interface
rather than a visualization artifact, enables learning-based navi-
gation systems to meet the requirements of long-term reliability,
operational trust, and safety-critical transparency.
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AI Implementation Notes
Learning should be used to estimate measurement quality and
uncertainty, not to replace estimator logic. Trust must modulate
covariance or gating, never state or residual structure directly.
Any learned component that increases confidence without adding
information degrades consistency, even if short-term accuracy
improves.
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8 What Not to Learn

As learning-based methods continue to demonstrate impressive re-
sults in controlled benchmarks, there is a growing temptation to
expand their role beyond safe architectural boundaries. In naviga-
tion systems, this temptation is particularly dangerous.

Some learning formulations are not merely suboptimal. They
are structurally incompatible with long-term reliability, estimator
consistency, and failure awareness. Their failure modes are not
obvious during development and often emerge only after prolonged
operation or under distribution shift.

This chapter focuses explicitly on learning approaches that
should not be used in operational navigation systems. The issue
is not lack of accuracy. It is violation of core estimation principles.
These approaches tend to erase uncertainty, entangle failure modes,
and eliminate the signals required for diagnosis and recovery.

Understanding what not to learn is therefore a prerequisite for
any serious integration of AI into navigation systems.

8.1 Direct State Regression

Direct state regression refers to learning a mapping from sensor data
directly to the navigation state,

x̂k = fθ(z1:k), (8.1)
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where z1:k denotes a history of sensor measurements and fθ(·) is a
learned model.

At first glance, this approach appears attractive. It bypasses
explicit modeling, avoids linearization, and often produces low er-
ror on curated datasets. However, direct state regression violates
fundamental estimation constraints.

First, it ignores observability. The model outputs a complete
state vector even when parts of the state are unobservable. This
creates an illusion of certainty where none exists and masks the
growth of uncertainty along unobservable directions.

Second, it removes explicit uncertainty representation. Without
a covariance or belief model, the estimate cannot be fused, gated,
or validated. Any downstream system must treat the output as fact
rather than belief.

Third, errors propagate globally. A single incorrect prediction
contaminates the entire state estimate, with no mechanism for
localization, isolation, or correction.

From a system perspective, direct state regression replaces struc-
tured uncertainty with opaque confidence. This tradeoff is unaccept-
able in navigation systems that must detect degradation, diagnose
failure, and recover gracefully.

8.2 End-to-End Navigation Mappings

End-to-end navigation models extend direct regression by learning
the entire navigation pipeline,

x̂1:k = fθ(z1:k). (8.2)

Such models implicitly entangle perception, estimation, and
temporal reasoning. They may incorporate recurrent architectures,
attention mechanisms, or transformer-based sequence models.
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While expressive, end-to-end mappings introduce severe struc-
tural risks. When performance degrades, it becomes unclear whether
the cause lies in sensing, perception, dynamics modeling, or temporal
aggregation. Failure modes are opaque, and internal assumptions
are inaccessible.

From an estimation standpoint, end-to-end navigation removes
explicit state uncertainty, innovation statistics, and consistency
checks. Without these signals, the system has no principled way to
determine when it is wrong.

This absence of self-awareness is more dangerous than moderate
inaccuracy. End-to-end navigation models may appear accurate
while operating far outside their valid regime. As a result, recovery
options are limited to retraining, heuristic resets, or full system
restart.

End-to-end navigation therefore conflicts directly with the re-
quirements of safety-critical and long-duration deployment.

8.3 Entangled Perception–Estimation Failures

One of the most subtle risks of aggressive learning integration is
failure entanglement. Classical navigation systems enforce a strict
separation: perception produces measurements, and estimation
reasons about state under uncertainty. End-to-end learning collapses
this separation. Figure 8.1 illustrates this entanglement.

When perception quality degrades, the system has no inde-
pendent signal to detect or compensate. There is no residual, no
innovation, and no statistical test indicating loss of validity. Failures
therefore remain silent, and the system continues to output confident
estimates while operating outside its valid regime.

This failure mode is particularly dangerous in long-duration
missions and safety-critical applications, where delayed detection
often results in irreversible divergence.
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Raw Sensor Data

End-to-End Model

Estimated State

Figure 8.1: End-to-end navigation mapping. Perception and es-
timation are entangled, preventing uncertainty reasoning, failure
isolation, and principled recovery.

8.4 System-Level Consequences

The learning approaches discussed above share a common trait: they
erase system structure. By removing explicit estimation stages, they
eliminate the very signals required for monitoring, validation, and
recovery. Table 8.1 summarizes learning approaches that undermine
navigation system reliability.

The conclusion is not that learning should be avoided. It is
that learning must be constrained. Navigation systems succeed
because they expose uncertainty, structure, and failure. Any learning
approach that removes these properties is incompatible with reliable
deployment. Knowing what not to learn is therefore as important
as knowing what to learn.

51



Dr. Barak Or AI-Enhanced Navigation Systems

Table 8.1: Learning approaches that undermine navigation system
reliability.

Approach Primary Issue Risk

Direct state re-
gression

Ignores observability
and uncertainty

High

End-to-end navi-
gation

Opaque internal struc-
ture and failure modes

Critical

State replace-
ment without
covariance

Overconfidence and
silent divergence

High

Perception–
estimation
entanglement

No failure isolation or
diagnostics

Critical

AI Implementation Notes
Learning must never replace estimator structure, uncertainty
propagation, or observability constraints. Any learned compo-
nent that outputs state without calibrated uncertainty, bypasses
innovation statistics, or entangles perception with estimation
introduces silent failure modes by design. In navigation systems,
learning is safe only when it operates inside the estimator and
leaves authority over belief and uncertainty unchanged.
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9 Learning Interfaces That Survive Re-
ality

After understanding what learning should model and what it should
avoid, the remaining question is architectural: how should learning-
based components be connected to a navigation system?

In practice, most failures of AI-enhanced navigation systems are
not caused by weak models. They are caused by poor interfaces.
A strong model connected incorrectly is more dangerous than a
modest model connected safely.

This chapter focuses on learning interfaces that preserve esti-
mator structure, maintain consistency, and enable failure detection.
The central message is simple: in navigation systems, interfaces
matter more than model choice.

9.1 Pseudo-Measurements

One of the safest and most widely applicable interfaces between
learning and estimation is the pseudo-measurement.

A pseudo-measurement is a learned output that is injected into
the estimator using exactly the same mathematical structure as a
physical measurement. From the estimator’s perspective, there is no
distinction between a sensor measurement and a learned constraint-
only the associated uncertainty differs.
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A classical measurement model can be written as

zk = h(xk) + vk. (9.1)

A learned pseudo-measurement replaces zk with a learned quan-
tity zAI

k ,
zAI

k = hAI(xk) + vAI
k . (9.2)

Crucially, the estimator does not know whether a measurement
is physical or learned. It treats both as constraints with associated
uncertainty and applies the same fusion, gating, and consistency
logic.

This interface has several decisive advantages. First, it preserves
estimator authority. The estimator remains fully responsible for
state propagation, fusion, and uncertainty evolution. Second, it
localizes failure. If a learned pseudo-measurement degrades, its
influence is bounded by its covariance and does not contaminate the
entire state trajectory. Third, it is reversible. Pseudo-measurements
can be downweighted, disabled, or replaced without changing the
estimator architecture.

Common uses of pseudo-measurements include learned bias esti-
mates, learned velocity constraints, learned scale or alignment cues,
and environment-dependent corrections. The pseudo-measurement
pattern is therefore not a workaround or compromise. It is a first-
class architectural primitive for safe integration of learning into
navigation systems.

9.2 Learned Priors vs Learned Likelihoods

Learning can enter an estimation system in two fundamentally
different ways: through priors or through likelihoods.

A learned prior modifies the belief over the state before mea-
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surements are applied,

p(xk)← pAI(xk). (9.3)

A learned likelihood modifies how measurements constrain the
state,

p(zk | xk)← pAI(zk | xk). (9.4)

This distinction has deep practical consequences. Learned priors
are global. They bias the entire state estimate and influence all
subsequent updates. If incorrect, their effect is widespread and
difficult to isolate or reverse.

Learned likelihoods, by contrast, are local. They affect individ-
ual measurement updates and are naturally moderated by estimator
logic. Their influence is bounded in time and space, and inconsis-
tencies are often visible through innovation statistics.

For this reason, learned likelihoods are generally safer than
learned priors. Examples include adaptive measurement covari-
ance, context-dependent gating, and residual-based trust modula-
tion. Learned priors may still be useful for initialization or coarse
regularization, but they require extreme caution. Once injected, they
continue to bias the system even when contradicted by incoming
data.

A robust design principle therefore emerges: when in doubt,
learn likelihoods, not priors.

9.3 Why Interfaces Matter More Than Model Choice

It is tempting to focus on model architecture: neural network depth,
attention mechanisms, or training strategy. In navigation systems,
these details are secondary.

What determines system reliability is how learning interacts with
uncertainty, recursion, and failure detection. Figure 9.1 illustrates
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the contrast between unsafe and safe integration paths.

AI Model
(Direct State)

AI Model
(Pseudo-Measurement)

Sensor Data

Estimated State Estimator

Estimated State

Figure 9.1: Model choice versus interface choice. Safe interfaces
preserve estimator authority and failure isolation, while unsafe
interfaces bypass uncertainty and diagnostics.

In the unsafe path, learning replaces estimation. Uncertainty,
observability, and diagnostics are lost. In the safe path, learning
augments estimation. Structure is preserved, and failure remains
detectable.

Table 9.1 summarizes common learning interfaces and their
system-level impact.

The conclusion is unambiguous. In navigation systems, robust-
ness is an architectural property. A mediocre model with a safe
interface will outperform a strong model with a fragile interface.
Systems that survive reality are not those with the most advanced
models, but those with the most disciplined integration.
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Table 9.1: Learning interfaces and their system-level impact.

Interface System Effect Risk

Pseudo-
measurements

Local, bounded influ-
ence

Low

Adaptive covari-
ance

Improved consistency Low

Learned likeli-
hoods

Context-aware weight-
ing

Low

Learned priors Global bias Moderate
Direct state injec-
tion

Estimator bypass High

AI Implementation Notes
Learning should never bypass estimator structure. Safe integra-
tion routes learning through pseudo-measurements, likelihoods,
or uncertainty modulation, where its influence is local, bounded,
and observable. Any learned component that injects state di-
rectly, suppresses uncertainty growth, or removes innovation-
based diagnostics introduces silent failure modes by design.
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10 Filter-Based vs Graph-Based Systems

Modern navigation systems are typically built around one of two es-
timation paradigms: recursive filtering or graph-based optimization.
Both are mathematically grounded, widely deployed, and capable of
high accuracy. However, their system-level behavior differs in ways
that become critical under real operating conditions.

This chapter contrasts filter-based and graph-based navigation
architectures, with particular emphasis on how each paradigm inter-
acts with learning-based components. The goal is not to declare a
winner, but to expose the trade-offs that matter in deployed systems:
latency, consistency, complexity, and failure behavior.

10.1 EKF and ESKF Pipelines

Filter-based navigation systems implement recursive Bayesian esti-
mation. At each time step, the estimator maintains a belief over the
current state and updates it incrementally as new measurements
arrive.

In error-state formulations, the system propagates a nominal
trajectory while estimating a small error state,

δxk =
[
δpk δvk δθk δbk

]⊤
. (10.1)

Prediction and update follow the standard Kalman structure. During
propagation, the error-state mean and covariance are predicted as
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δxk|k−1 = Fk−1 δxk−1, (10.2)
Pk|k−1 = Fk−1 Pk−1 F⊤

k−1 + Qk−1. (10.3)

During the measurement update, the Kalman gain is computed
as

Kk = Pk|k−1 H⊤
k

(
Hk Pk|k−1 H⊤

k + Rk

)−1
, (10.4)

and the posterior error-state mean is updated according to

δxk = δxk|k−1 + Kk νk, (10.5)

where νk denotes the innovation.
The corresponding posterior covariance update is given by

Pk = (I−KkHk) Pk|k−1. (10.6)

In practical navigation systems, the numerically robust Joseph
form is often used,

Pk = (I−KkHk) Pk|k−1 (I−KkHk)⊤ + Kk Rk K⊤
k , (10.7)

to preserve symmetry and positive semi-definiteness of the co-
variance matrix.

Filter-based pipelines exhibit several defining properties. They
are low-latency, as each update is local in time and computationally
bounded. They expose explicit internal signals such as innovations,
covariance growth, and consistency metrics, which are essential for
failure detection and for safe integration of learning-based compo-
nents. They are also inherently causal: the system estimates the
present using the past, without revisiting history.
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The primary limitation of filters lies in linearization and corre-
lation handling. Once a measurement is fused, its effect cannot be
revisited. Errors introduced early may persist even when contradic-
tory information arrives later.

Learning integrates naturally into filter pipelines when it aug-
ments residuals, covariances, or bias dynamics. When learning
attempts to replace the filter itself, consistency and observability
guarantees are lost.

10.2 Factor Graph Formulations

Graph-based navigation systems formulate estimation as a global
optimization problem. States are represented as nodes, and mea-
surements are represented as factors connecting subsets of states.

Let the set of states be {xi} and the set of measurements be
{zj}. Estimation is posed as

{x̂i} = arg min
{xi}

∑
j

∥∥∥zj − hj(xC(j))
∥∥∥2

Ωj

, (10.8)

where Ωj is an information matrix and C(j) denotes the set of states
involved in factor j.

Graph-based systems offer several advantages. They handle
delayed measurements naturally, allow relinearization, and enable
global consistency by revisiting past states when new constraints
arrive. These properties make graphs attractive for vision-based
navigation, mapping, and loop closure.

However, these benefits come at a cost. Latency grows with graph
size. Consistency becomes implicit rather than explicit. Failure
detection becomes more difficult because residuals are distributed
across the graph rather than localized in time.

From a learning perspective, graph-based systems are power-
ful but fragile. Learning can influence factor weights, add learned
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Sensor measurements
Filter-Based

(EKF / ESKF) Current state

Graph-Based
(Factor Graph) Optimized trajectory

Figure 10.1: Filter-based and graph-based navigation process the
same sensor measurements but produce fundamentally different
outputs: filters estimate the current state through local recursion,
while graph-based systems optimize over a trajectory.

factors, or propose additional constraints. However, an incorrect
learned factor can propagate globally across the solution, contami-
nating large portions of the trajectory.

Unlike filters, graph-based systems rarely degrade gracefully.
When they fail, they tend to fail through global inconsistency rather
than localized divergence.

10.3 Latency, Consistency, and Complexity Trade-offs

The choice between filters and graphs is not primarily about accuracy.
It is about how systems behave under stress. Figure 10.1 contrasts
the two paradigms.

Table 10.1 summarizes the key system-level trade-offs.
A clear pattern emerges. Filter-based systems are conservative,

interpretable, and resilient. Graph-based systems are expressive,
flexible, and globally consistent when operating within their assump-
tions.

Hybrid systems often combine both approaches: filters for real-
time estimation and graphs for background optimization or mapping.
For AI-enhanced navigation, this distinction is critical. Learning
components that affect global structure belong in graph-based sys-
tems only with extreme caution. Learning components that model
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Table 10.1: System-level trade-offs between filter-based and graph-
based navigation.

Aspect Filter-Based Graph-Based

Latency Low, bounded Higher, grows with
graph size

Consistency sig-
nals

Explicit (covariance,
innovation)

Implicit, distributed

Handling delayed
data

Limited Natural

Failure localiza-
tion

Local Global

AI integration Safe for residuals and
trust

Risky for global fac-
tors

error, trust, or residuals integrate more safely into filters. The
architectural choice therefore precedes the learning choice. Models
do not determine system behavior. Architectures do.

AI Implementation Notes
Learning integrates most safely inside filter-based pipelines when
it augments residuals, uncertainty, or bias dynamics, where its
influence is local, bounded, and observable. In graph-based
systems, learning should be restricted to soft factors or adaptive
weights and must never introduce hard global priors. Direct
state correction or estimator replacement by learning breaks
consistency and eliminates diagnosable failure modes by design.
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11 Injecting Learning into Graphs and
Filters

Once learning is constrained to safe roles-such as modeling residuals,
estimating trust, or adapting uncertainty-the remaining challenge is
architectural: how should learning-based components be connected
to a navigation system.

In practice, many failures of AI-enhanced navigation systems
are not caused by poor models, but by poor integration. The same
learning component can behave safely or catastrophically depending
on how it is injected into the estimator.

This chapter examines where learning integrates cleanly into
filter-based and graph-based systems, where it violates core esti-
mation assumptions, and how subtle correlation effects can lead to
hidden coupling and long-term inconsistency.

11.1 Where Learning Fits Cleanly

Learning integrates cleanly when it respects the estimator’s internal
structure. In both filters and graphs, this structure is defined by
explicit state variables, explicit uncertainty representation, and
explicit update rules.

In filter-based systems, safe integration points include residual
modeling, measurement covariance adaptation, and augmentation of
bias dynamics. In all of these cases, learning operates on quantities
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the estimator already computes, rather than replacing estimator
logic.

Let the innovation be defined as

νk = zk − h(x̄k). (11.1)

A learned residual correction modifies this innovation locally,

νeff
k = νk − gθ(ck), (11.2)

where ck denotes contextual features.
Crucially, the filter still computes the Kalman gain, updates

the covariance, and evaluates consistency. Learning influences the
update, but does not replace it. If the learned correction degrades,
its effect remains localized and bounded by estimator logic.

In graph-based systems, learning fits cleanly when it proposes
soft constraints. A learned factor may be introduced with an explicit
information matrix, ∥∥∥zAI − h(x)

∥∥∥2

ΩAI
. (11.3)

Here, learning contributes information, not belief. If the learned
factor is weak or incorrect, its influence is moderated by optimization
and competing constraints. The estimator retains global authority.

The common principle across both paradigms is locality. Learn-
ing should affect individual updates or factors, not the global belief
directly.

11.2 Where Learning Breaks Assumptions

Learning breaks estimator assumptions when it bypasses uncertainty
handling or violates independence structure.

In filter-based systems, this occurs when learning directly modi-
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fies the state,
x̂k ← x̂k + fθ(·), (11.4)

without a corresponding update to the covariance.
Such injections create overconfidence by construction. The mean

changes, but uncertainty does not. Consistency is lost even if
accuracy improves temporarily.

In graph-based systems, assumptions break when learned com-
ponents introduce hard constraints or global priors. A learned prior
that biases multiple states simultaneously couples errors across the
graph.

Unlike physical measurements, learned constraints often share
training data, internal representations, or model parameters. Treat-
ing such constraints as independent violates the conditional inde-
pendence assumptions that factor graphs rely on.

The result is optimistic solutions with underestimated uncer-
tainty and limited failure observability.

Learning should therefore never replace state propagation, un-
certainty propagation, or measurement likelihood structure. When
learning bypasses these elements, failure becomes silent.

11.3 Correlation Leakage and Hidden Coupling

The most subtle failure mode of learning integration is correlation
leakage.

Correlation leakage occurs when multiple learned outputs are
treated as independent despite sharing common sources of informa-
tion. Consider two learned corrections applied at successive time
steps,

νAI
k , νAI

k+1. (11.5)

If both corrections are produced by the same model under sim-
ilar context, they are statistically correlated. Treating them as

67



Dr. Barak Or AI-Enhanced Navigation Systems

Update at k Update at k + 1

Single learned model

Figure 11.1: Correlation leakage: successive updates appear inde-
pendent but share hidden dependence through a common learned
model, violating independence assumptions.

independent updates leads to overconfident estimates.
In filters, this manifests as artificially shrinking covariance. In

graphs, it manifests as overly stiff trajectories. The danger is that
correlation leakage is invisible locally. Each update appears reason-
able; inconsistency emerges only over time.

Learning-based systems are particularly susceptible to this effect
because shared model parameters induce hidden coupling across
updates.

Mitigating correlation leakage requires architectural discipline.
Learned components should operate on short temporal windows,
affect uncertainty explicitly, and be validated through innovation
statistics rather than pointwise accuracy.

Figure 11.1 illustrates hidden coupling.
Correlation leakage is not a modeling error. It is an integration

error. Robust navigation systems assume correlation unless proven
otherwise.
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AI Implementation Notes
Learning should be integrated only through estimator-native
interfaces such as residuals, uncertainty, or soft factors. Any
learned component that modifies state without corresponding un-
certainty updates, introduces hard global constraints, or assumes
independence without justification creates hidden coupling and
silent inconsistency. In navigation systems, safe learning integra-
tion is defined by locality, bounded influence, and observability
of failure.

69



12 Modular Degradation and Fallback

Reliable navigation systems are not designed to avoid failure. They
are designed to continue operating when parts of the system fail.
This distinction becomes critical once learning-based components
are introduced.

Unlike classical models, learned components may fail silently,
degrade gradually, or behave unpredictably outside their training
regime. Their failure modes are often statistical rather than physical,
and they do not necessarily produce explicit alarms when validity is
lost.

For this reason, learning must be treated as a non-essential
module. The navigation system must remain safe, bounded, and di-
agnosable even when learning is partially or fully disabled. Learning
may improve performance, but it must never become a prerequisite
for correctness.

This chapter focuses on architectural patterns that enable grace-
ful degradation and controlled fallback in AI-enhanced navigation
systems.

12.1 Disabling Learning at Runtime

A fundamental requirement for safe AI integration is the ability to
disable learning at runtime.

Disabling learning does not mean stopping the navigation system.
It means reverting the system to a conservative, fully model-based
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operating mode whose behavior is well understood and bounded.
In filter-based systems, disabling learning typically involves re-

moving learned residual corrections, freezing learned bias dynamics,
and reverting measurement covariances or trust parameters to con-
servative defaults. If a learned correction enters the update as

νeff
k = νk − gθ(ck), (12.1)

then runtime disabling corresponds to

νeff
k ← νk. (12.2)

The estimator continues to function without architectural change.
Uncertainty may grow more rapidly and performance may degrade,
but consistency is preserved and failure remains observable.

In graph-based systems, disabling learning may involve removing
learned factors, reducing their information weight, or preventing new
learned constraints from being added to the graph. The defining
requirement is reversibility. If learning cannot be removed cleanly
without destabilizing the estimator, it is too deeply embedded.

Runtime disablement is therefore not an optional safety fea-
ture. It is a structural test of whether learning has been integrated
correctly.

12.2 Conservative Fallback Modes

Fallback modes define how the system behaves once learning is
degraded or disabled.

A conservative fallback mode is characterized by increased un-
certainty, reduced reliance on weak or degraded sensors, and stricter
gating thresholds. These modes are not designed to preserve ac-
curacy. They are designed to preserve boundedness, predictability,
and diagnosability.
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From an estimation perspective, fallback corresponds to inten-
tionally pessimistic assumptions. Noise covariances are inflated,
trust is reduced, and updates become less aggressive. This behavior
may appear overly conservative, but it ensures that the system
remains self-aware and does not drift into silent inconsistency.

Learning may assist in triggering fallback by detecting anomalous
patterns in residuals or innovation statistics. However, learning
must not control fallback behavior itself. The decision to enter
fallback must be based on estimator-native signals such as innovation
inflation, covariance growth, or consistency violations.

Once in fallback, the system should remain stable even if learning
remains disabled indefinitely. A fallback mode that relies on learning
to function is not a fallback; it is a delayed failure.

12.3 Designing for Partial Failure

In real systems, failure is rarely total. Some learned components
may remain valid while others degrade.

Designing for partial failure therefore requires strict modularity.
Each learned component must have a well-defined interface, affect
a limited part of the estimation pipeline, and be independently
disableable without cascading effects.

For example, a learned trust model may be disabled while resid-
ual learning remains active, or vision-based learning may be disabled
while inertial bias learning continues. The system must be able to
absorb such changes without architectural restructuring.

Partial failure should lead to graceful performance degradation
rather than abrupt collapse. This requires that learning-based
components never become single points of failure and never introduce
dependencies that the classical estimator cannot absorb.

Systems designed with this principle exhibit a clear hierarchy.
Classical estimation defines the safety envelope and guarantees
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Figure 12.1: Recovery-Oriented Autonomous Path Planning.
Navigation under hard safety constraints using classical potential
fields augmented with AI-driven recovery logic. Estimation and
safety constraints remain authoritative, while learning assists in
escaping local minima and degraded regimes.

bounded, observable behavior. Learning operates strictly within
that envelope, improving performance where valid and withdrawing
cleanly when validity is lost.

12.4 Sustainable Path Planning

In many modern robotic systems, energy is as constraining as accu-
racy. Navigation decisions that ignore energetic cost may be optimal
geometrically, yet suboptimal operationally. As a result, sustainable
path planning has become a core requirement for long-duration
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autonomy.
Classical path planning optimizes kinematic or geometric criteria

such as distance, smoothness, or collision avoidance. Energy expen-
diture is typically treated indirectly or approximated with simple
heuristics. In real environments, however, energetic cost depends
strongly on terrain properties, aerodynamic effects, and operating
conditions that are difficult to model analytically.

Learning-based models provide a practical mechanism for esti-
mating these effects. Rather than replacing the planner or estimator,
learning augments the cost model used during planning. The total
navigation cost can be expressed as

Ctotal = Ckinematic +
∫

fθ(terrain, wind, context) ds, (12.3)

where Ckinematic captures geometric and dynamic effort, and fθ(·)
represents a learned estimate of environment-dependent energetic
resistance.

In this formulation, learning does not predict state or control
directly. It predicts cost. By estimating factors such as terrain fric-
tion, slope-dependent power loss, or aerodynamic drag, the system
can evaluate routes not only by feasibility and safety, but also by
expected energy consumption.

The architectural advantage of this approach is that energy opti-
mization remains subordinate to estimation and planning structure.
The estimator continues to provide state, uncertainty, and feasibility
constraints. The planner incorporates learned energetic cost as an
additional objective, allowing trade-offs between path length, risk,
and endurance.

When integrated correctly, sustainable path planning improves
operational longevity without compromising reliability. The system
does not become energy-optimal by assumption, but energy-aware
through accumulated experience. Learning captures persistent en-
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vironmental resistance, while estimation and planning ensure that
decisions remain physically consistent and reversible.

Sustainable navigation therefore extends the role of learning
from perception and trust into long-horizon resource management.
It does not change what navigation is. It changes what navigation
optimizes for.

AI Implementation Notes
Learning must be designed as a removable, non-essential module.
Every learned component must support clean runtime disable-
ment and a conservative fallback mode. Fallback should be
triggered by estimator signals, not AI confidence. If disabling
learning destabilizes the system or removes observability, the
integration is architecturally unsafe.
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13 Why End-to-End Still Fails at Scale

End-to-end learning architectures remain attractive in navigation
systems. They promise conceptual simplicity, reduced modeling
effort, and impressive performance on curated benchmarks. In
controlled settings, these promises are often fulfilled.

Yet despite repeated successes in laboratory experiments and
short demonstrations, end-to-end navigation systems continue to
fail when deployed at scale. These failures are not sporadic, nor are
they merely the result of insufficient data or model capacity. They
are structural.

This chapter explains why end-to-end navigation fails persis-
tently in real systems, why these failures are difficult to mitigate
even with extensive engineering effort, and why structured estima-
tion architectures continue to dominate long-term, safety-critical
deployments.

13.1 Generalization Limits

End-to-end navigation models learn a direct mapping from sensor
histories to state estimates,

x̂1:k = fθ(z1:k), (13.1)

where the model implicitly absorbs perception, dynamics, and tem-
poral reasoning into a single function.
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Such models assume that the training data adequately spans
the operational space. In real navigation systems, this assumption
rarely holds. Operational environments vary continuously in sensor
configuration, motion profiles, environmental conditions, and failure
modes. Even small deviations from training conditions can induce
large and unpredictable errors.

End-to-end models typically generalize by exploiting correlations
rather than causality. They learn statistical regularities that are
sufficient within the training distribution but fragile under distri-
bution shift. When the correlation structure changes, performance
degrades abruptly.

Unlike structured estimators, end-to-end models have no explicit
mechanism to recognize extrapolation. They do not track observabil-
ity, uncertainty growth, or consistency. As a result, they continue
to produce confident outputs even when operating far outside their
valid regime.

At scale, this behavior is unavoidable. As the diversity of opera-
tional conditions increases, the probability of encountering unseen or
weakly represented scenarios approaches certainty. In such regimes,
confidence becomes misleading and error becomes unbounded.

13.2 Debuggability and Certification

Navigation systems deployed in safety-critical or long-duration mis-
sions must be diagnosable. When performance degrades, engineers
must be able to answer three questions: what failed, why it failed,
and how to recover.

End-to-end systems do not provide these guarantees. Because
perception, estimation, and temporal reasoning are entangled within
a single model, errors cannot be localized. There are no explicit
residuals, no innovation statistics, and no consistency metrics that
indicate loss of validity.
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From a certification perspective, this opacity is prohibitive. Cer-
tification frameworks depend on explicit assumptions, bounded
behavior, and traceable failure modes. End-to-end models offer only
empirical validation against finite datasets, with no principled way
to reason about behavior outside those conditions.

Structured estimators, by contrast, expose internal signals that
can be monitored, tested, and constrained. Even when augmented
by learning, they retain interpretable interfaces that allow engineers
to detect degradation and initiate recovery.

At scale, the cost of debugging dominates the cost of modeling.
Systems that cannot be debugged cannot be certified. Systems that
cannot be certified cannot be deployed.

13.3 Why Structure Wins Long-Term

The continued dominance of structured navigation architectures
is not the result of conservatism or lack of innovation. It is the
result of alignment with the physical and informational constraints
of navigation.

Structured estimators explicitly encode causality, observability,
uncertainty propagation, and failure awareness. These properties
do not emerge automatically from data, regardless of model size or
training effort.

Learning excels when applied within this structure. It improves
residual modeling, trust estimation, and adaptation to context.
When learning replaces structure, it removes the very signals required
for robustness, diagnosis, and recovery.

At small scale, end-to-end systems may appear competitive.
At large scale, structure becomes non-negotiable. This is not a
limitation of current machine learning methods; it is a reflection of
the nature of navigation itself.

Reliable navigation systems are not those that predict best under
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ideal conditions. They are those that know when they are wrong,
expose their uncertainty, and remain bounded when assumptions
are violated.

AI Implementation Notes
End-to-end navigation should not be used at the system level
in operational deployments. Learning should be integrated
inside structured estimators to model residuals, trust, or context-
dependent behavior. Any model that cannot expose uncertainty,
innovation, or failure signals will not scale. Structure is not a
constraint on AI; it is what allows AI to survive deployment.
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14 Failure as Loss of Coherence

In classical engineering, failure is often treated as a discrete event.
A component operates correctly until it fails, at which point it
is reset, replaced, or shut down. This framing is appropriate for
many physical subsystems, but it does not describe how navigation
systems fail.

Navigation systems do not fail abruptly. They fail gradually.
Failure manifests as a growing mismatch between the system model,
the incoming data, and the estimator’s internal belief. By the time
a hard failure becomes visible, the system has often been operating
in a degraded and increasingly inconsistent state for a significant
period.

This chapter reframes failure not as a binary condition, but
as a loss of coherence between estimation assumptions and reality.
This perspective is essential for designing AI-enhanced navigation
systems that remain reliable over long durations and under changing
conditions.

14.1 Failure Is Not Binary

Navigation systems estimate state under uncertainty. As long as
the estimator’s assumptions remain approximately valid, perfor-
mance degrades gracefully. When these assumptions are violated,
degradation accelerates.

Failure therefore emerges as a continuum rather than an event.
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Early in this process, accuracy may remain high and outputs may
appear nominal. As degradation progresses, uncertainty becomes
miscalibrated. Eventually, estimates diverge while remaining inter-
nally confident.

This progression is particularly dangerous in AI-enhanced sys-
tems. Learning-based components often maintain confident outputs
even when operating outside their training regime. When such
outputs are integrated without appropriate scrutiny, they accelerate
the transition from mild degradation to silent failure.

From an estimation standpoint, failure begins when the underly-
ing assumptions no longer hold: when the process model no longer
reflects true system dynamics, when the measurement model no
longer reflects sensor behavior, or when the uncertainty model no
longer reflects actual error statistics. None of these conditions pro-
duce immediate alarms by default. They must be inferred from
internal consistency signals.

Treating failure as binary encourages late detection and reactive
response. Treating failure as gradual enables early intervention,
bounded degradation, and controlled recovery.

14.2 Coherence Between Model, Data, and Uncer-
tainty

Coherence refers to alignment between three elements: the system
model, the incoming data, and the estimator’s representation of
uncertainty. When these elements are coherent, residuals behave
as expected, uncertainty grows or contracts appropriately, and the
system remains self-aware.

Loss of coherence occurs when this alignment breaks. For exam-
ple, a learned residual correction may reduce pointwise error while
invalidating covariance assumptions; a learned trust model may over-
suppress uncertainty under previously unseen conditions; or a sensor
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model may become outdated due to environmental change. In each
case, the observable symptom is the same: error and uncertainty
decouple.

Formally, let the estimation error be

ek = x̂k − xtrue
k , (14.1)

and let Pk denote the estimated covariance. Coherence requires that
the statistics of ek remain compatible with Pk. Loss of coherence
occurs when this compatibility no longer holds.

AI does not inherently cause incoherence. Poor integration
does. When learning modifies state estimates without corresponding
updates to uncertainty, or modifies uncertainty without respecting
estimator structure, coherence degrades silently. The system may
appear to improve in accuracy while becoming fundamentally less
reliable.

Reliable navigation systems therefore monitor coherence explic-
itly. They treat deviations between expected and observed residual
behavior, innovation statistics, or covariance evolution as early indi-
cators of failure. This shifts the goal of reliability. The objective
is not to prevent all failure, but to detect loss of coherence early
enough to respond before divergence becomes irreversible.

In AI-enhanced navigation systems, runtime awareness is not
optional. It is the primary defense against confident failure. Systems
that cannot observe their own loss of coherence cannot recover,
regardless of model sophistication.
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AI Implementation Notes
Failure in navigation systems should be treated as gradual loss
of coherence, not as a binary event. Learning-based components
must be integrated in ways that preserve alignment between resid-
uals, uncertainty, and model assumptions. Any AI component
that improves pointwise accuracy while degrading uncertainty
calibration introduces systemic risk. Runtime monitoring should
focus on detecting incoherence before divergence becomes visible.
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15 Innovation, Residuals, and Detection

Reliable navigation systems do not rely on external alarms to de-
tect failure. They rely on internal signals that reflect whether the
estimator’s assumptions remain valid.

Among these signals, innovations and residuals play a central
role. They represent the point of contact between the model and
reality. When learning-based components are introduced, these
signals become even more critical: they are often the only way to
detect when learning is no longer helping.

This chapter examines innovation statistics as runtime signals,
how residual energy reveals gradual degradation, and how failures
of learned components can be detected before they become catas-
trophic.

15.1 Innovation Statistics as Signals

In recursive estimation, the innovation quantifies the discrepancy
between prediction and measurement. For a measurement zk, the
innovation is given by

νk = zk − h(x̄k), (15.1)

where x̄k denotes the predicted nominal state.
Under correct modeling assumptions, νk is a zero-mean random
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variable whose covariance is

Sk = HkPk|k−1H⊤
k + Rk. (15.2)

This relationship makes the innovation a powerful diagnostic
signal. If the model, noise assumptions, and uncertainty are coherent,
innovation statistics behave predictably.

A common scalar summary is the normalized innovation squared
(NIS):

NISk = νkS−1
k ν⊤

k . (15.3)

When NIS values remain within expected bounds, the estima-
tor is internally consistent. Persistent deviations indicate loss of
coherence.

Innovation statistics are especially valuable in AI-enhanced sys-
tems. They provide a model-agnostic check on learned components.
Regardless of how a correction was produced-analytical or learned-its
validity is reflected in the innovation.

Learning should therefore never bypass innovation computation.
If a learned component does not influence νk or Sk in a traceable
way, its failure cannot be detected.

15.2 Residual Energy Growth

While individual innovations capture instantaneous mismatch, long-
term reliability depends on trends.

Residual energy aggregates innovation magnitude over time. A
simple measure may be defined as

Ek =
k∑

i=k−W

νiν
⊤
i , (15.4)

where W is a sliding window length.
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Under stable conditions, residual energy fluctuates around a
steady level. When assumptions degrade, residual energy grows
systematically.

This growth often precedes visible divergence in state estimates.
Accuracy may remain acceptable while residual energy trends up-
ward.

Learning-based components frequently mask this effect. By
reducing instantaneous error, they may delay visible failure, even as
residual statistics drift.

For this reason, residual energy is a critical early-warning signal.
It captures cumulative mismatch rather than pointwise error.

In practice, residual energy growth should be monitored alongside
innovation normalization. The combination provides sensitivity to
both abrupt and gradual degradation.

15.3 Detecting Learned Component Failure

Failures of learned components are rarely abrupt. They manifest
as slow erosion of validity under distribution shift, sensor aging, or
changes in operating regime.

Because learned models often produce confident outputs, their
failure cannot be inferred from output magnitude alone.

Detection must therefore rely on estimator-level signals.
Three patterns are particularly indicative of learned component

failure:
First, persistent inflation of innovation statistics after learning-

based corrections are applied. If learning reduces raw residuals but
increases normalized statistics, it is likely miscalibrated.

Second, divergence between error reduction and uncertainty cali-
bration. When accuracy improves but covariance shrinks excessively,
overconfidence is being introduced.

Third, temporal correlation in innovations. Repeated structure
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Figure 15.1: Innovation-Based Anomaly Detection. Measured
navigation signals compared against expected estimator behavior.
Smooth, correlated deviations indicate environmental disturbance,
while impulsive mismatches suggest faults. Learning assists classifi-
cation but does not replace innovation-based detection.

in νk suggests hidden coupling often induced by shared learned
models.

Detection strategies should focus on isolating the contribution
of learning. This can be achieved by: temporarily disabling learned
components, comparing residual statistics with and without learning,
or monitoring innovation behavior conditional on learning activation.

Crucially, detection does not require ground truth. It relies
entirely on internal consistency signals.

Learning that cannot be monitored through innovation and
residual statistics cannot be trusted in deployment.
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Figure 15.2: Anomaly Classification and Confidence. Clas-
sification confidence represents belief over anomaly cause rather
than correctness. Overconfidence is mitigated by retaining residual
statistics and estimator coherence checks as primary signals.

AI Implementation Notes
Always route AI effects through innovations and covariances.
Monitor NIS and residual energy as primary runtime signals. If
learning improves accuracy but degrades innovation statistics,
disable it. A learned component that cannot be detected when
it fails is unsafe.
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16 Overconfidence Is the Real Enemy

In navigation systems, large errors are not the most dangerous failure
mode. Overconfidence is. A system that knows it is uncertain can
degrade gracefully. A system that is wrong while believing it is
correct will fail silently and irreversibly.

Learning-based components tend to improve point estimates. At
the same time, they often obscure or suppress uncertainty. This
mismatch is subtle, difficult to detect externally, and devastating at
scale.

This chapter explains why learning naturally hides uncertainty,
how overconfidence manifests as a mismatch between error and
covariance, and why rejecting confident but wrong outputs is a core
requirement for reliable AI-enhanced navigation.

16.1 Why Learning Hides Uncertainty

Most learning models are trained to minimize a pointwise loss. They
are optimized to predict the most likely output, not to represent
uncertainty faithfully. Formally, a learned model often approximates

ŷ = arg min
y

E
[
ℓ(y, ytrue)

]
, (16.1)

where uncertainty is implicit or ignored. Even when probabilistic
outputs are used, the learned uncertainty reflects the training distri-
bution, not the operational one. Out-of-distribution inputs therefore
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produce confident but invalid predictions.
In navigation systems, this behavior is especially dangerous.

Learning-based corrections may reduce instantaneous error while
simultaneously invalidating uncertainty assumptions inside the es-
timator. The problem is not malicious. It is structural. Learning
compresses information. Uncertainty, by definition, expands it.
Without explicit architectural constraints, learning will always bias
the system toward confidence.

16.2 Overconfidence as a Decision Failure

Overconfidence is not a failure of sensing, modeling, or learning. It
is a failure of decision-making under uncertainty.

In structured navigation systems, detection of inconsistency often
occurs before visible failure. Innovation statistics inflate. Residual
energy trends upward. Internal coherence degrades. Yet many
systems continue to act as if nothing is wrong.

This is the defining characteristic of overconfidence. The sys-
tem has access to evidence that its assumptions are violated, but
continues to trust its outputs and act on them.

From an architectural perspective, overconfidence occurs when
estimates retain authority after the conditions that justified that
authority have disappeared.

Learning-based components exacerbate this behavior. By im-
proving pointwise accuracy, they delay visible degradation. By
suppressing uncertainty, they reduce the urgency of response.

Overconfidence is therefore not a lack of information. It is the
refusal to downgrade trust when information demands it. Reliable
navigation systems are designed not only to detect inconsistency,
but to change behavior when it appears. Without this transition,
detection has no operational value.
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16.3 Rejecting Confident Wrong Outputs

Reliable systems must be designed to reject confident but wrong
information. This principle applies equally to physical sensors
and to learned components. A confident measurement with invalid
assumptions is more dangerous than a noisy one. Rejecting confident
wrong outputs requires two capabilities.

First, the system must be able to detect overconfidence. This
requires monitoring internal consistency signals, not just output
magnitude or prediction variance. Second, the system must be
willing to discard information. When learning-based outputs vi-
olate estimator expectations, they must be gated, downweighted,
or disabled-even if they appear accurate. This behavior is coun-
terintuitive. Engineers are often reluctant to discard high-quality
predictions. In navigation systems, refusing such predictions is a
sign of maturity, not weakness. The estimator must remain the final
authority. Learning may suggest. Estimation decides. Systems that
fail to reject confident wrong outputs do not fail because they lack
intelligence, but because they lack discipline.

AI Implementation Notes
Assume learned outputs are overconfident by default. Never
adjust state without adjusting covariance. Use innovation-based
checks to detect confidence mismatch. If an AI output cannot
be safely rejected at runtime, it is unsafe to deploy.
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17 Recovery-Oriented Design

In many engineering disciplines, recovery is associated with physical
failure. A component breaks, the system halts, and a recovery proce-
dure is triggered. Navigation systems fail differently. In navigation,
failure often occurs without any physical malfunction. Sensors con-
tinue to operate. Algorithms continue to produce outputs. Yet the
system’s internal belief drifts away from reality. For AI-enhanced
navigation systems, this distinction is critical. Recovery must be
designed not as a response to hardware failure, but as a response to
loss of estimation coherence.

This chapter introduces recovery-oriented design as a core archi-
tectural principle and explains why recovery is fundamentally an
estimation concept.

17.1 Recovery Without Physical Failure

In structured estimation systems, recovery is triggered when as-
sumptions are violated, not when components stop functioning.

A navigation system may require recovery even when: sensor data
continues to arrive, state estimates appear smooth, and accuracy
metrics remain acceptable. The trigger for recovery is not error
magnitude, but inconsistency.

Typical recovery triggers include: persistent innovation inflation,
residual energy growth, or divergence between error behavior and
uncertainty estimates. In AI-enhanced systems, recovery may be
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required even when learning outputs remain confident. Indeed,
confident learned outputs are often the cause of delayed recovery.

Recovery without physical failure therefore requires: continuous
monitoring of estimator coherence, and explicit mechanisms for
reverting or restructuring belief. This perspective shifts recovery
from a rare exception to a normal operational mode.

17.2 Time-to-Restore Coherence

Traditional reliability metrics focus on time-to-failure. For naviga-
tion systems, time-to-recovery is often more important.

Time-to-restore coherence measures how quickly a system can
return to a state where model assumptions, data, and uncertainty are
aligned. This process may involve: disabling learned components,
inflating uncertainty, reinitializing bias states, or switching to a
conservative fallback mode. Formally, recovery is achieved when
innovation statistics return to expected bounds and uncertainty once
again reflects actual error. A system with fast recovery can tolerate
frequent degradation. A system with slow recovery accumulates
error and risk.

AI integration directly affects recovery time. Learning that is
modular and reversible enables rapid recovery. Learning that is
deeply entangled delays or prevents it. Recovery-oriented design
therefore prioritizes: reversibility, locality of learned effects, and
observability of internal state.

17.3 Why Recovery Is an Estimation Concept

Recovery is often treated as a control or operations problem. In
navigation systems, it is fundamentally an estimation problem.

Recovery does not require knowing the true state. It requires
restoring consistency between belief and uncertainty.
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This distinction is essential. A system may recover without
becoming accurate, as long as it becomes self-aware again.

Structured estimators support this process naturally. They
expose internal signals that indicate when recovery has occurred.

End-to-end learning systems do not. Without explicit uncer-
tainty and innovation signals, there is no principled notion of recov-
ery.

For this reason, recovery-oriented design favors structured esti-
mation architectures, even when augmented by learning.

Recovery is not about fixing the model. It is about restoring
trust in the estimate.

AI Implementation Notes
Design recovery as a normal runtime mode, not an exception.
Trigger recovery using estimator coherence signals, not output
error. Ensure learned components can be disabled or weakened
to accelerate recovery. If recovery cannot be defined without
ground truth, the design is unsafe.
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18 What This Enables (and What It
Doesn’t)

The integration of learning into navigation systems has reached a
level of maturity that allows meaningful deployment in real-world
systems. At the same time, persistent misconceptions continue to
inflate expectations and obscure fundamental limitations.

This closing chapter clarifies what AI-enhanced navigation can
realistically deliver, what remains unresolved at the engineering
level, and which research directions are likely to matter in practice.

18.1 What AI-Enhanced Navigation Can Realistically
Deliver

When integrated within structured estimation architectures, AI can
significantly improve navigation performance.

Its most reliable contributions include: improved modeling of
error processes, context-aware trust and uncertainty adaptation,
and improved system behavior once degradation has been detected.

AI enables navigation systems to operate closer to their physical
limits without sacrificing stability. It reduces conservatism where
data supports it, and increases caution where uncertainty grows.

Crucially, AI enhances system awareness. It allows estimators to
better understand when assumptions are violated, and to respond
earlier than classical models alone would permit.
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What AI does not deliver is certainty. It does not remove
observability limits, eliminate drift, or replace the need for explicit
uncertainty management.

AI-enhanced navigation is therefore not a new class of systems,
but a refinement of existing ones.

18.2 Open Engineering Problems

Despite substantial progress, several engineering challenges remain
open.

Robust modeling of correlation introduced by learned compo-
nents is still poorly understood. Most deployed systems rely on
conservative heuristics rather than principled solutions.

Runtime validation of learning under distribution shift remains
an active challenge. Detecting when a learned component should be
weakened or disabled without ground truth is difficult and system-
dependent.

Finally, integrating learning across long time horizons without
accumulating hidden coupling or overconfidence requires further
architectural discipline.

These are not algorithmic gaps. They are system design prob-
lems.

18.3 Research Directions That Actually Matter

Future research in AI-enhanced navigation will be most impactful
when it aligns with system-level needs.

Promising directions include: learning models that explicitly
reason about uncertainty, architectures that expose internal fail-
ure signals, and recovery-aware learning that accelerates return to
coherence.
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Equally important is research that defines limits. Understanding
when learning should not be used is as valuable as improving its
performance.

Navigation systems evolve slowly for a reason. They operate
under constraints that reward robustness over novelty.

The path forward is therefore not end-to-end learning, but deeper
integration between learning and estimation.

Progress will come not from replacing structure, but from work-
ing within it.

18.4 Compute-Aware Navigation and Physical AI

As navigation systems increasingly incorporate learning-based com-
ponents, computational constraints become a first-class design con-
cern. Modern platforms operate under strict limits on power, latency,
and thermal budget, particularly at the edge. Navigation architec-
tures must therefore account not only for estimation accuracy, but
also for the computational cost required to achieve it.

Compute-aware navigation treats inference as a resource that
must be managed dynamically, rather than as a fixed-cost operation.
The objective is not to maximize model fidelity at all times, but to
allocate computational effort where it provides the greatest system-
level benefit.

This leads naturally to the concept of adaptive inference. Dif-
ferent operational regimes impose different estimation demands.
During nominal, steady-state motion, the navigation problem is
often well-conditioned. In such regimes, lightweight learning models
or reduced-order estimators are sufficient to maintain accuracy and
consistency. Running high-capacity models continuously in these
conditions wastes energy without improving reliability.

By contrast, during aggressive maneuvers, rapid dynamics, or
partial sensor degradation, the estimation problem becomes more
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challenging. Linearization error increases, observability may degrade,
and uncertainty grows more rapidly. In these regimes, higher-fidelity
models and more expensive inference may be justified, provided they
remain integrated within the estimator’s structure.

The key architectural requirement is that transitions between
inference modes are driven by estimator-native signals rather than
external heuristics. Changes in innovation statistics, covariance
growth, or sensor availability should determine when additional
computational resources are activated. Compute scaling must there-
fore be subordinate to estimation state, not the other way around.

From a system perspective, navigation efficiency can no longer
be evaluated by accuracy alone. It must be understood as a trade-
off between estimation quality and computational cost. Practical
designs operate along a Pareto frontier in which accuracy, robustness,
latency, and energy consumption are balanced explicitly.

Compute-aware navigation does not change the fundamentals
of estimation. It reinforces them. By aligning inference complex-
ity with estimation need, physical AI systems achieve improved
endurance, predictable behavior, and graceful degradation under
resource constraints. Learning remains a tool for improving perfor-
mance, not a mandate to consume computation indiscriminately.

AI Implementation Notes
Use AI to reduce conservatism, not to eliminate uncertainty. Ex-
pect improved robustness and recovery, not guaranteed accuracy.
Focus implementation effort on uncertainty, trust, and recovery
signals. If a learned component cannot expose its limits, it is
not ready for deployment.

The navigation engineer of 2026 is no longer just a filter designer;
they are a Trust Architect. They must build systems that can explain
their decisions, survive on limited edge power, and remain compliant
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with global safety laws.
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