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Physics-Informed Causal Reasoning in Physical AI: A Review on Model-
ing Non-Stationary Environments for Safety-Critical Control
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Abstract: Non-stationary physical environments—arising from changes in friction, payload, contact conditions,
human intervention, and system degradation—remain a central obstacle to deploying learning-enabled controllers
in safety-critical settings. While substantial progress has been made in learning-based control and reinforcement
learning, many failures under distribution shift can be traced back to a modeling gap: the inability to infer and track
the physical causes that deform system dynamics and safety constraints over time. This review consolidates recent
advances in physics-informed causal reasoning and modeling for non-stationary environments, with an emphasis
on (i) inferring safety-relevant physical context from observations and interaction (action-reaction), (i) building
context-modulated dynamics models with physics priors injected via losses, architectures, or explicit constraints,
and (iii) quantifying and calibrating uncertainty in actionable forms that support downstream safety mechanisms,
including constraint tightening, risk-sensitive formulations, and distributionally robust reasoning. We propose a
unified taxonomy that disentangles task-relevant state from safety-critical physical context and highlights failure
modes induced by appearance—physics mismatch and non-informative cues. We organize the literature along axes of
non-stationarity types, context identification paradigms (passive vs. active), and physics-prior injection mechanisms.
Beyond summarizing methods, we provide an evaluation checklist and reporting protocol to improve comparability
across studies, and conclude with open problems and a research agenda toward deployment-ready physical Al
systems grounded in real-world physics.

Keywords: Physical Al, physics-informed modeling, causal reasoning, non-stationary environments, safety-critical

control.

1. INTRODUCTION

Learning-enabled control systems have recently
demonstrated impressive performance in robotics and
autonomous systems [1]; however, their deployment in
real-world, safety-critical settings remains fundamentally
limited by non-stationary physical environments [2, 3]. In
safety-critical control, the objective is not only to achieve
task performance but also to guarantee that system trajec-
tories remain within admissible safety constraints, such as
collision avoidance and force limits.

Changes in friction, payload, contact conditions, human
intervention, and long-term system degradation can con-
tinuously deform both the underlying dynamics and the
effective geometry of safety constraints, rendering mod-
els trained under nominal conditions unreliable. In such
settings, failures are often not caused by poor task-level
performance, but by the inability to anticipate how safety-
relevant constraints evolve as the physical environment
changes. This gap highlights a critical limitation of many

existing approaches: while they improve prediction accu-
racy or policy optimization under nominal assumptions,
they often overlook the need to identify and track the phys-
ical causes that drive non-stationarity and reshape safety
constraints over time.

A promising route to closing this gap is to treat non-
stationarity not as unstructured noise, but as a con-
sequence of latent, safety-critical physical context that
evolves and can be inferred. From this perspective, the
central modeling objective is not merely to predict fu-
ture states, but to disentangle (i) task- and control-
relevant state variables from (ii) physical context vari-
ables that govern how constraints tighten or relax (e.g.,
reduced friction increasing braking distance, or increased
payload shrinking admissible accelerations). Importantly,
such context cannot always be recovered from static ap-
pearance alone [4]. In many safety-critical scenarios, iden-
tical visual scenes can induce markedly different dynam-
ical responses due to hidden physical differences, leading
to spurious correlations driven by appearance—physics
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mismatch. Reliable context inference therefore often relies
on action—reaction signatures in interaction sequences,
where applied inputs reveal latent physical properties
through their dynamical consequences [5-8].

These considerations motivate a class of physics-
informed causal reasoning and modeling pipelines that
(a) encode physical context in interpretable, physically
aligned representations, (b) learn context-modulated dy-
namics that preserve physical consistency, and (c¢) quan-
tify uncertainty in actionable forms that can be propa-
gated to downstream safety mechanisms. Throughout this
review, we use the term Physical Al to refer to embodied
physical systems in which learning-enabled perception,
modeling, and control are explicitly grounded in real-
world physics, rather than treated as purely statistical
function approximation problems [9, 10].

Despite substantial progress across related areas—
including system identification, physics-informed learn-
ing, safe control, and robust learning—the literature re-
mains fragmented along methodological and disciplinary
boundaries [11-14]. Existing works often address con-
text inference, dynamics adaptation, uncertainty quan-
tification, and safety enforcement in isolation, with lim-
ited guidance on how these components should be coher-
ently integrated to handle non-stationary physical envi-
ronments. As a result, it remains unclear which modeling
choices are essential for anticipating safety-constraint de-
formation, how uncertainty should be represented and cal-
ibrated under distribution shift, and how different forms
of non-stationarity ought to be evaluated and compared.
In particular, many failures arise from shortcut features or
non-informative visual cues that obscure the true physical
causes of unsafe behavior.

Scope and positioning. This review adopts a modeling-
centric perspective. Rather than surveying safe control
or safe reinforcement learning algorithms themselves,
we focus on the upstream questions that often deter-
mine whether such algorithms succeed or fail under non-
stationarity: how safety-relevant physical context is in-
ferred, how dynamics models adapt coherently as con-
text evolves, and how uncertainty is represented in forms
that are actionable for safety mechanisms.! Detailed
treatments of control barrier functions, Hamilton-Jacobi
reachability, and predictive safety filters are therefore out-
side the scope of this review and are covered extensively in
dedicated surveys and tutorial articles [15—18]. Our goal is
to complement these works by clarifying the causal mod-
eling and uncertainty issues that underpin reliable safety
enforcement in evolving and deceptive physical environ-

"While many robotic systems leverage force/torque sensing,
motor-current feedback, or tactile measurements to infer interac-
tion properties, this review does not aim to survey sensor-specific
pipelines or hardware-centric solutions; instead, we emphasize
modality-agnostic modeling principles for inferring and propa-
gating safety-relevant physical context to downstream safety lay-
ers.

ments.

Causal modeling viewpoint. To make the role of “causal”
precise in this review, we use causal reasoning in a struc-
tural sense: non-stationarity is modeled via (possibly la-
tent) physical context variables that causally modulate (i)
the state-transition mechanism and (ii) the induced geom-
etry of safety constraints. This viewpoint highlights in-
terventions—exogenous changes of physical conditions
(e.g., surface, payload, wear) and endogenous action-
induced probes—as the key to identifiability, and moti-
vates representations that remain stable across environ-
ments rather than relying on appearance-driven shortcuts.

Crucially, this notion of causality goes beyond exploit-
ing statistical correlations: a latent context variable is
treated as causal only insofar as it captures a mechanism
that remains consistent under interventions and therefore
predicts how dynamics and safety constraints deform as
physical conditions evolve. This contrasts with purely pre-
dictive or task-conditioned representations, which may
match observed trajectories under nominal operating con-
ditions yet rely on incidental cues (spurious correlations)
that fail when system properties or environmental regimes
change.

Accordingly, our use of “causal” is not an exhaus-
tive survey of causal discovery, particularly the topolog-
ical perspective rooted in structure learning and Structural
Causal Models (SCMs) [19-21]; rather, it is a modeling
lens that connects identifiability, mechanism invariance,
and actionable uncertainty to safety enforcement under
distribution shift.

Contributions. In this paper, we present a comprehen-
sive review of physics-informed causal reasoning and
modeling for non-stationary environments, with safety-
critical control as the motivating application. Specifically,
we (i) propose a unified taxonomy that separates fask-
relevant state from safety-critical physical context and
highlights failure modes induced by appearance—physics
mismatch, (ii) organize prior work along axes of non-
stationarity type, context identification paradigm (passive
versus action—reaction), and physics-prior injection mech-
anism (loss, architecture, or constraint), and (iii) synthe-
size uncertainty representations—including distribution-
ally robust formulations—that can be directly consumed
by downstream safety mechanisms such as constraint
tightening, risk-sensitive evaluation, and conservative fall-
back. We further provide an evaluation checklist and re-
porting protocol to improve comparability across studies,
and conclude with open problems and a research agenda
toward deployment-ready physical Al in non-stationary
environments. Fig. 1 provides a system-level overview
of how context inference, context-modulated dynamics,
and actionable uncertainty connect to downstream safety
mechanisms under non-stationarity.

Organization. The remainder of this review is organized
as follows. Section 2 characterizes non-stationarity in
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Fig. 1. Overview of the modeling-centric pipeline reviewed in this paper. Non-stationary physical environments induce
time-varying safety-relevant physical context, which is inferred from observations and interaction (action—reaction)
and incorporated into context-modulated, physics-informed dynamics models. The resulting uncertainty is repre-
sented in actionable forms (e.g., distributions, sets, ambiguity sets) and translated into downstream safety mecha-
nisms such as constraint tightening, risk-sensitive evaluation, distributional robustness, and fallback strategies. In
this causal framing, non-stationarity is interpreted as interventions on latent physical context that induce mecha-

nism changes in both dynamics and safety constraints.

physical systems and formalizes how physical context
deforms dynamics and safety constraints. Section 3 sur-
veys approaches to identifying safety-relevant physical
context from observations and interactions. Section 4 re-
views context-modulated dynamics models and physics-
informed structure. Section 5 focuses on uncertainty quan-
tification under distribution shift, emphasizing representa-
tions that are actionable for safety mechanisms. Section 6
proposes an evaluation checklist and reporting protocol,
and Section 7 concludes with open problems and direc-
tions for future research.

2. NON-STATIONARITY IN PHYSICAL
SYSTEMS

Non-stationarity in physical environments refers to sys-
tematic changes in the underlying dynamics and con-
straints that cannot be explained by stochastic noise
alone [22-24]. In safety-critical settings, such changes are
particularly consequential because they directly deform
the geometry of safety constraints over time. For exam-
ple, reduced friction increases braking distance, additional
payload tightens admissible acceleration bounds, and hu-
man intervention alters contact modes and feasible tra-
jectories. Unlike stationary uncertainty, which can often
be absorbed by robust margins, non-stationary physics in-

troduces evolving regimes in which previously safe ac-
tions may become unsafe without explicit changes in task
state. This section provides a taxonomy of non-stationarity
types and highlights why they challenge safety guarantees,
motivating context-aware modeling in the subsequent sec-
tions.

2.1. Types of non-stationarity in physical environ-
ments

We categorize non-stationarity in physical environ-
ments according to what changes and how it impacts
safety-critical behavior. While the boundaries between
categories are not always sharp, this taxonomy is use-
ful for organizing modeling assumptions, data generation
protocols, and evaluation criteria.

Parametric non-stationarity (changing physical pa-
rameters). In many robotic tasks, the dominant source of
non-stationarity is a drift or shift in a low-dimensional set
of physical parameters [25-29]. Examples include fric-
tion coefficients, payload mass and inertia, damping and
compliance, and actuator/sensor biases. Such changes can
be gradual (e.g., wear and temperature effects) or abrupt
(e.g., switching surfaces or tools). Parametric shifts of-
ten preserve the functional form of the dynamics but al-
ter its coefficients, making them well-suited for context-
conditioned models in which a latent physical context



Physics-Informed Causal Reasoning in Physical Al 729

variable modulates the system parameters [30,31].
Structural non-stationarity (changing regimes and
constraints). Beyond parameter drift, physical systems
frequently exhibit regime changes that modify the struc-
ture of the dynamics or constraints [32-37]. Common in-
stances are contact mode switches (sticking vs. slipping),
changes in kinematic constraints (free motion vs. con-
strained motion), and intermittent actuation limits or satu-
ration. Structural non-stationarity is particularly challeng-
ing because it cannot be captured by smoothly varying pa-
rameters alone; instead, it typically requires hybrid sys-
tem representations (e.g., discrete modes with continuous
state), explicit modeling of contact/constraint transitions,
or latent variables that encode regime identity [38—40].
Interactive non-stationarity (exogenous interventions
and multi-agent effects). In human-in-the-loop settings,
the environment evolves through interaction [41—44]. Hu-
man intervention, crowding, occlusions, and unmodeled
external forces can introduce non-stationarity that is nei-
ther purely parametric nor purely structural. The key dif-
ficulty is that the dynamics become influenced by another
agent whose intentions are only partially observable. From
a causal perspective, these effects correspond to interven-
tions on the system through forces, contact events, or con-
straint modifications, motivating models that can attribute
changes in trajectories to exogenous causes rather than to
task state alone [45,46].

Deceptive and confounded non-stationarity (appearance-

physics mismatch). A safety-critical failure mode arises
when visual appearance is weakly informative of physi-
cal properties [47-49]. Objects or environments that look
identical may have drastically different internal mass dis-
tributions, compliance, or frictional behavior, leading to
“deceptive” regimes in which purely appearance-based
inference fails. In such cases, reliable context inference
often requires action—reaction evidence, counterfactual
or interventional data, and representations that explic-
itly separate nuisance visual factors from latent physical
causes [5,50].

Degradation-driven non-stationarity (aging and per-
formance loss). Long-horizon deployment introduces
persistent changes due to wear, mechanical degradation,
and calibration drift [51-54]. Examples include increasing
joint friction, reduced torque capability, sensor drift, and
intermittent faults. Unlike one-off shifts, degradation typ-
ically accumulates over time and can interact with other
sources of non-stationarity (e.g., increased friction ampli-
fying slip under low surface friction). Modeling degrada-
tion benefits from explicit uncertainty tracking and mech-
anisms that distinguish temporary disturbances from per-
sistent parameter shifts [55-57].

Implications for modeling and evaluation. These cat-
egories suggest that non-stationarity is not a mono-
lithic phenomenon; different mechanisms call for different
modeling choices and different evaluation protocols. Para-

metric shifts emphasize physically aligned context infer-
ence and context-modulated dynamics, whereas structural
and interactive shifts highlight the need for regime-aware
representations and causal attribution of exogenous inter-
ventions. Deceptive settings stress action—reaction iden-
tification and counterfactual data generation. In the next
section, we review how safety-relevant physical context
can be inferred under these forms of non-stationarity, and
how such context can be encoded in representations that
are actionable for downstream safety mechanisms.

2.2.  Why non-stationarity breaks safety guarantees

Non-stationarity poses a fundamental challenge to
safety-critical control because it alters the geometry of
safety constraints in ways that are not captured by fixed
models or static robustness margins. Safety constraints—
such as collision avoidance, braking distance, force limits,
or admissible accelerations—are typically derived under
nominal assumptions about physical parameters. When
these parameters shift, actions that were previously safe
may violate constraints without any apparent change in
task state. As a result, safety failures often occur not due
to incorrect task execution, but due to unmodeled changes
in the physical context that invalidate the assumed con-
straint feasibility [58—60].

More specifically, in non-stationary settings, the effec-
tive safety constraints become context-dependent: changes
in physical parameters such as road friction, surface grade,
or regulatory limits alter the feasible action set without
necessarily manifesting as explicit state changes. Conse-
quently, standard learning-based safety mechanisms often
guarantee constraint satisfaction only in expectation over
historical data distributions, rather than conditionally on
the current physical context. This leads to delayed adapta-
tion to regime shifts, biased safety value estimates due to
distributional mismatch, and policies that implicitly aver-
age across heterogeneous safety regimes, resulting in vio-
lations even when the policy appears optimal under nom-
inal conditions.

A common response to this challenge is to increase
conservatism, for example by enlarging safety margins
or relying on worst-case bounds [61-63]. While effec-
tive in preventing immediate violations, such approaches
can severely degrade performance and may still fail under
structured non-stationarity, where parameter shifts induce
qualitative changes in dynamics (e.g., contact modes)
rather than simple parametric drift. In contrast, safety un-
der non-stationary physics requires models that can an-
ticipate how constraints deform as context evolves, rather
than treating uncertainty as unstructured noise. This ob-
servation motivates a shift from purely state-based safety
reasoning toward causal modeling of safety-relevant phys-
ical context, which we address in the next section.
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Fig. 2. Appearance—physics mismatch and action—reaction for safety-relevant context inference in a peg-in-hole scenario.
Left: passive, appearance-based inference fails when visually similar environments exhibit different physical
regimes, leading to spurious correlations and unsafe predictions. Right: interaction-induced action-reaction re-
sponses reveal latent physical context (e.g., friction, mass), enabling reliable inference of safety-critical conditions

under non-stationary physics.

3. INFERRING SAFETY-RELEVANT PHYSICAL
CONTEXT

The preceding sections highlighted that safety viola-
tions under non-stationary physics are often driven by
latent physical context rather than observable task state.
We now review methods for inferring such safety-relevant
physical context from data. Existing approaches can be
broadly categorized by whether context is inferred pas-
sively from observations, or actively through interaction-
induced action-reaction signals. From a causal perspec-
tive, passive inference corresponds to an observational
setting, whereas action-reaction inference exploits in-
terventional information in which actions serve as in-
formative probes; this distinction clarifies when safety-
relevant context is identifiable and when appearance-
driven shortcuts can fail under distribution shift. This sec-
tion surveys both paradigms, emphasizing their underly-
ing assumptions, identifiability properties, and implica-
tions for safety-critical modeling under non-stationarity.
Related ideas have long been studied in systems and con-
trol through multiple-model filtering and experiment de-
sign [64—67], which provide complementary perspectives
on context (mode) inference and informative excitation.

Fig. 2 illustrates why passive, appearance-based infer-
ence can fail under non-stationary and deceptive environ-
ments and how action-reaction cues can reveal safety-
relevant physical context beyond observation alone; Ta-
ble 1 summarizes the corresponding inference paradigms

reviewed in the following subsections.

3.1. Passive context inference from observations

A large body of prior work seeks to infer physical prop-
erties or latent context directly from observations, without
explicit interaction designed for identification. Typical ex-
amples include vision-based estimation of mass, friction,
stiffness, and contact properties, as well as latent-variable
models that infer hidden system parameters from state tra-
jectories [68—76]. These approaches are attractive due to
their simplicity and compatibility with passive data collec-
tion, and have been successfully applied in settings where
appearance strongly correlates with physical properties.

However, passive inference faces fundamental limita-
tions in safety-critical non-stationary environments. When
multiple physical regimes induce similar observational
signatures, purely observational methods may conflate
nuisance factors with safety-relevant context. This issue
is particularly pronounced in deceptive settings, where
visual appearance is weakly informative of underlying
physics, and in interactive scenarios where exogenous
forces or human intervention alter dynamics without con-
sistent visual cues [110-112]. As a result, passive context
inference can lead to overconfident but miscalibrated esti-
mates, undermining downstream safety guarantees.

Several works attempt to mitigate these issues by in-
corporating temporal context, uncertainty estimation, or
physics-inspired priors into passive models [99, 100, 113,
114]. While such extensions improve robustness to noise,
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Table 1. Taxonomy of physical-context inference under non-stationary environments (Section 3).

Paradigm Core idea Strengths Failure modes / caveats References
Identifiability gaps under
Infer physical properties Simple deployment; appearance—physics
. or latent context directly compatible with offline mismatch; confounding by
Passive . . .
from observations / logs; effective when nuisance factors; [68-76]
Inference . . ccnald
trajectories appearance correlates  overconfident/miscalibrated
(no designed interaction).  with physics. estimates in deceptive or
interactive regimes.
Use interaction-induced .
. . cp e Requires safe-yet-
signatures Improves identifiability; . . .
. . . . informative probing;
. (action — reaction) reveals hidden physics .
Active . . . . . exploration vs
to disambiguate in deceptive settings; [5,67,77-98]
Inference . . safety trade-off;
safety-relevant physical enables early detection . .
L . action constraints
causes (e.g., friction, of regime changes. . e e
; may limit identifiability.
payload, contact regimes).
Combine passive
observation with Practical for Some contexts only
. selective interaction; deployment; reduces locally identifiable;
Hybrid .. . ) .
Inference explicitly reason about probing burden; uncertainty must be
& identifiability under supports multi-rate represented [11,46,65,67,81,
Identifiability sensing/action architectures in actionable form; 85,93,99-110]

constraints and track
uncertainty over
context.

(fast low-level cues
+ slow perception).

partial observability
complicates attribution.

they do not fundamentally resolve the identifiability gap
inherent to observation-only inference. These limitations
motivate approaches that leverage interaction and inter-
vention to reveal causal physical context, which we review
next.

3.2. Action—reaction and active context inference

To overcome the identifiability limitations of passive
inference, a growing line of work leverages interaction
to actively reveal latent physical context. From a causal
perspective, physical context often acts as a hidden con-
founder that influences system response but cannot be re-
liably inferred from observation alone. By deliberately
exciting the system through actions and observing the
resulting reactions, active inference exploits discrepan-
cies in action—reaction signatures to disambiguate safety-
relevant physical causes [5, 81-83, 85, 89]. In systems
and control, this viewpoint is closely related to exper-
iment/input design for identification, where informative
excitation is engineered to maximize identifiability under
constraints [67,77,78,82,115].

In robotic systems, action-reaction signals manifest
through differences in acceleration, slip, contact forces,
compliance, or response delays under identical com-
manded actions. Even when visual appearance remains

unchanged, such interaction-induced cues can expose
variations in friction, mass distribution, stiffness, or
contact regimes that directly affect safety constraints.
This principle underlies a range of interactive percep-
tion and active system identification methods, including
manipulation-based probing of liquids and other challeng-
ing physical phenomena [5, 86, 87,90].

Active context inference is particularly well-suited to
safety-critical non-stationary environments. First, it en-
ables early detection of regime changes before constraint
violations occur, allowing safety mechanisms to adapt
proactively rather than reactively [92,96]. Second, it sup-
ports causal attribution by distinguishing whether devia-
tions in behavior arise from changes in task state, exoge-
nous interventions, or underlying physical context [84].
Third, when combined with physics-informed priors,
action—reaction inference can be performed with minimal
excitation, mitigating the risk of unsafe probing [93,94].

Nevertheless, active inference introduces its own chal-
lenges. Designing informative yet safe probing actions
requires balancing exploration with constraint satisfac-
tion, especially in human-in-the-loop settings [79, 80, 89,
95, 97]. Moreover, not all physical context variables are
equally identifiable through interaction, and the degree of
excitation required for reliable inference depends on both
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system dynamics and sensing modalities [88, 98]. These
considerations motivate hybrid approaches that combine
passive observation with selective, physics-aware interac-
tion, as well as representations that explicitly encode un-
certainty over inferred context.

3.3. Hybrid inference and identifiability considera-
tions

In practice, reliable inference of safety-relevant physi-
cal context often requires a hybrid strategy that combines
passive observation with selective action—-reaction cues.
Purely passive inference may be insufficient under decep-
tive or confounded regimes, while fully active probing
can be impractical or unsafe in real-world deployments.
Hybrid inference approaches aim to exploit readily avail-
able observational data while invoking interaction only
when ambiguity remains high or safety margins begin to
erode [81,85,102].

From a modeling standpoint, hybrid inference raises
fundamental questions of identifiability. A physical con-
text variable is identifiable if distinct values of the con-
text induce distinguishable distributions over observations
or interaction outcomes under admissible actions. In non-
stationary environments, identifiability depends not only
on sensing modalities and model expressiveness, but also
on the set of actions that can be safely executed [93,
103, 104]. This connects directly to classical identifiabil-
ity and experiment design considerations in system iden-
tification [11, 67]. As a result, some safety-critical con-
text variables may be locally identifiable only within cer-
tain operating regimes, while remaining indistinguishable
elsewhere.

These considerations highlight the importance of repre-
sentations that explicitly encode uncertainty over inferred
context. Rather than committing to point estimates, hy-
brid models benefit from maintaining distributions or sets
over latent physical context, which can guide both selec-
tive interaction and downstream safety mechanisms [65,
99, 100, 110]. When uncertainty is high, conservative be-
havior or additional information-gathering actions may be
warranted; when uncertainty collapses, models can exploit
more aggressive control strategies without compromising
safety.

Hybrid inference also interacts closely with system ar-
chitecture and timing. In many robotic systems, fast low-
level signals (e.g., joint encoders, motor currents) provide
early indicators of physical regime changes, while slower
perceptual streams (e.g., vision) refine context estimates
over longer horizons. Effective hybrid approaches there-
fore integrate multi-rate inference pipelines and leverage
physics-informed priors to reconcile information across
time scales [85, 91]. Taken together, hybrid inference
and identifiability considerations suggest that safety un-
der non-stationary physics is fundamentally a problem
of causal model design, rather than algorithm selection

alone [46,101, 105].

While this review adopts a modeling-centric no-
tion of causal reasoning rather than a full sur-
vey of causal discovery, it is useful to summarize
concrete deep learning patterns that operationalize
causal ideas in non-stationary physical systems.

Invariant representation learning. A central
principle is that predictive mechanisms should
remain stable across environments, while short-
cut correlations vary. Recent work clarifies prac-
tical objectives and trade-offs for enforcing in-
variance and improving out-of-distribution gener-
alization [101,116-119].

Counterfactual and paired-data training.
Causal reasoning is strengthened when train-
ing data contains controlled contrasts—e.g.,
paired samples where appearance is fixed but
physical properties differ (and vice versa). In
practice, this is realized via counterfactual data
generation and structured augmentation schemes
that break shortcut features and expose causal
factors [27,120-123].

Latent causal variable modeling. Many ap-
proaches introduce latent variables intended to
capture safety-relevant physical context and con-
strain how these variables modulate dynamics.
This aligns with recent causal representation
learning results establishing identifiability of la-
tent causal variables under interventional, multi-
domain, or multi-view settings [81, 124—-127].

Intervention through action-reaction. Actions
can be interpreted as interventions that reveal
causal structure. Recent work demonstrates this
principle through active system identification
and interactive physical reasoning, where explo-
ration policies are designed to collect informa-
tive action—reaction data and disambiguate latent
physical regimes [5,93, 128, 129].

Uncertainty-aware causal reasoning. Under
non-stationarity, causal assumptions may be vio-
lated or only locally valid; recent work therefore
combines causal estimation with calibrated uncer-
tainty quantification and robustness under distri-
bution shift [99, 130-132].

In line with this view, recent work increasingly
emphasizes contextual and physics-informed model-
ing pipelines—including embodied world models and
context-aware learning under observed contexts—to
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improve robustness under non-stationarity and enable
deployment-oriented inference architectures [106—109].

To conclude this section, Box 1 summarizes practical
deep learning patterns that operationalize causal reason-
ing in non-stationary physical systems, bridging the con-
ceptual discussion above with the modeling frameworks
reviewed in the next section.

4. CONTEXT-MODULATED DYNAMICS
MODELING

Having discussed how safety-relevant physical context
can be inferred, we now review how such context is in-
corporated into dynamics models to handle non-stationary
environments. The central question addressed in this sec-
tion is how to move beyond fixed dynamics representa-
tions and construct models whose predictions adapt co-
herently as physical context evolves, while remaining
compatible with known physical principles. We primarily
adopt a discrete-time notation for clarity and alignment
with sampled robotic data streams; continuous-time coun-
terparts are discussed when they provide the most natural
expression of physical structure.

Table 2 summarizes the main modeling paradigms re-
viewed in this section, organizing them by how context
enters the dynamics and how physics priors are injected
(via losses, architectures, or explicit constraints), together
with their typical strengths and failure modes. We begin
by contrasting fixed and context-modulated dynamics and
then discuss parameter-conditioned and latent-context for-
mulations, physics-informed structure, and common fail-
ure modes under regime shifts.

4.1. Fixed versus context-modulated dynamics

Many learning-based dynamics models assume a fixed
mapping from state and control input to next state, implic-
itly treating non-stationarity as noise or unmodeled distur-
bance [68, 72, 133—-136]. In its simplest form, this corre-
sponds to learning a single transition function

Xi41 :f(xtaut)+8la (1)

where x;, € X’ and u, € U denote the state and control input,
and & captures stochasticity and modeling error. Through-
out this review, we use f(-) to denote a dynamics model
with fixed, shared parameters learned offline, and reserve
the time-varying variable ¢, to represent non-stationary
physical context.

While fixed dynamics models can perform well in
stationary or narrowly varying regimes, they tend to
fail under structured non-stationarity, where identical
(x;,u,) pairs can yield qualitatively different outcomes
due to changes in physical parameters or operating con-
ditions [81,85,137,160,161]. A common mitigation strat-
egy is to increase robustness through conservative model-
ing, for example by enlarging safety margins or training

over randomized environments [27, 28, 63]. Although ef-
fective against unstructured uncertainty, these approaches
do not explicitly represent the causes of non-stationarity
and therefore struggle to extrapolate to unseen regimes.
In particular, when safety constraints depend sensitively
on physical parameters—such as friction, payload, or
compliance—a fixed dynamics model cannot anticipate
how constraint geometry deforms as context shifts.

Context-modulated dynamics models address this limi-
tation by conditioning the dynamics on an explicit or im-
plicit representation of physical context [124, 162, 163].
Instead of learning a single f(x;,u,), these models repre-
sent a family of dynamics

-xt+1:f(xhuhcf)+gl7 (2)

where ¢, € C captures the aspects of the environment re-
sponsible for non-stationary behavior. This formulation
provides a natural interface between context inference
(Section 3) and downstream safety reasoning, as changes
in ¢, directly induce predictable changes in system re-
sponse [5, 81, 164-166].

4.2. Parameter-conditioned and latent-context dy-
namics
Context-modulated dynamics models can be broadly di-
vided into parameter-conditioned and latent-context ap-
proaches. In parameter-conditioned models, context cor-
responds to interpretable physical parameters

06cO®CR!,  6=(usm,load,...), A3
such as friction coefficients (i, payload mass m, or iner-
tial/compliance parameters, which are either estimated on-
line or provided as inputs. Dynamics are then conditioned
on 0,

Xep1 = f(X,u30) + &, 4)

which yields physical interpretability and can directly
leverage known structure from mechanics, but requires
that the relevant parameters be identifiable and measur-
able (or estimable) at runtime [81, 137, 138].

Latent-context dynamics models relax this requirement
by representing context as a low-dimensional latent vari-
able inferred from interaction history [30,85,124]. A com-
mon abstraction is to infer ¢; from a window of recent ob-
servations/inputs,

Cr = g(ht)a hy = (xthihuthitfl); (5)

and condition either the dynamics model or the control
policy on ¢,. This paradigm underlies online adaptation
and system identification approaches, where the latent
context is updated in real time and used to condition the
dynamics model or the policy [81, 85,93, 124,139, 140].
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Table 2. Taxonomy of context-modulated dynamics modeling under non-stationary environments (Section 4).

Model class Core idea Physics prior injection  Strengths / failure modes References
. Single transition model None (or implicit + Slmple; stable in .
Fixed . . . . stationary/narrow regimes.
. trained to explain via data); sometimes [68,72,133-136]
Dynamics . . . — Breaks under structured
all regimes. randomized training. . .
parameter/regime shifts.
Condition dynamics on Parameter bounds; + Interp reta.ble;. supports
Parameter- interpretable physical hysics-residual losses; error attribution.
Conditioned P phy phy . * —Requires identifiable (81,137, 138]
. parameters (e.g., scheduled/estimated .
Dynamics . . parameters; risk of
friction, mass). variables. . . .
misspecification.
Infer latent context Often none by default; + Flexible; fast adaptagon
Latent- from recent interaction optional stabilit to heterogeneous shifts.
Context . .. P . y — Latent misalignment; [30, 81, 85,93, 111,
. history and condition regularizers; downstream . .
Dynamics . . . brittle under deceptive 124,139, 140]
dynamics or policy. constraints. .
regimes.
Physics- Regularize dynamics . . + Improves p I?USI.b ility
.. C Soft physics constraints and generalization.
Informed by penalizing violations . . o . [12,141-145]
. . via residual losses. — Sensitive to residual
Losses of governing relations. . L
design and weighting.
. + Preserves invariants;
Structure- Impose physical . . .
. . Architecture-level improves extrapolation.
Preserving structure by construction . . . . [146-151]
Arch (e.q.. energy-based) physics encoding. — Limited expressiveness
' & &y ’ for contact/deformation.
. + Robust across regimes;
Combine context . . . .
Context- modulation with bhysics Loss/architecture priors; coherent-driven modulation.
Modulated riors for non phy often multi-rate — Context misidentification; [100, 106, 108, 152—
World Models p deployment. latency/discretization 159]

stationary regimes.

transients.

From a modeling perspective, latent-context ap-
proaches offer flexibility and scalability, particularly in
complex environments where explicit parameterization
is difficult. They also naturally accommodate partial ob-
servability and heterogeneous sources of non-stationarity.
However, their expressiveness comes at the cost of re-
duced interpretability, and improper alignment of latent
dimensions can lead to brittle adaptation or spurious cor-
relations [111].

Recent work has explored hybrid formulations that
combine latent context embeddings with physics-
informed structure, for example by using inferred con-
text to modulate physically meaningful components of
the dynamics rather than arbitrarily altering the transition
function [154, 156]. One representative pattern is to use
the context variable to parameterize families of structured
models,

Xi+1 :f(x,,u,;oc(c,))—&-s,, (6)

where a(c,) denotes context-dependent parameters (e.g.,
frictional or inertial terms) or feature-wise modulation co-

efficients [146, 167, 168]. Such approaches aim to retain
the adaptability of latent representations while constrain-
ing them to evolve in ways consistent with known me-
chanics [100, 108, 152, 153].

To illustrate this mechanism in practice, consider a stan-
dard rigid-body dynamics model where ¢, is mapped to
the inertial matrix M(c,;) or the Coriolis term C(x;,¢;)
rather than influencing the acceleration directly as a black-
box input. By restricting context modulation to these spe-
cific terms, the model enforces key physical invariants—
such as energy conservation or passivity—regardless of
the value of the inferred context. This design pattern en-
sures that even if the latent context estimation is noisy
or uncertain, the resulting trajectory predictions remain
physically plausible, thereby enhancing the reliability of
downstream safety mechanisms.

4.3. Physics-informed structure and consistency

While context-modulated dynamics provide a mecha-
nism to adapt predictions under non-stationarity, they raise
a critical modeling question: what constraints should be
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imposed on how context influences the dynamics? With-
out additional structure, highly expressive models risk fit-
ting spurious correlations, producing physically implausi-
ble trajectories, or extrapolating poorly to unseen regimes.
This issue is particularly acute in safety-critical settings,
where unphysical predictions can directly translate into in-
correct constraint evaluation and unsafe behavior.

Many physics-informed learning approaches are nat-
urally formulated in continuous time, reflecting the fact
that governing physical laws are expressed as differential
equations [141,142,147,149]. In this view, system evolu-
tion is modeled as

() = fe (x(2),ut);e(2)), M

where f.(-) encodes physically meaningful structure
such as conservation laws, contact dynamics, or force—
acceleration relationships, and c(¢) represents time-
varying physical context. For data-driven learning and
downstream decision layers, the continuous-time model is
typically discretized with sampling interval At, yielding a
discrete-time transition of the form

(t+1)At

L@ u(m)e(n)dr @®)

= f(x,usc) + &,

X1 R X+

which recovers the context-modulated discrete-time for-
mulation used throughout this section.

From a practical perspective, physics priors can be in-
jected into learning-based dynamics through three main
mechanisms: (i) physics-informed losses that penalize vi-
olations of governing relations [142, 144], (ii) physics-
structured architectures that enforce qualitative behav-
ior by construction (e.g., energy-based parameteriza-
tions) [147-149], and (iii) explicit constraints that re-
strict trajectories or parameters to physically admissible
sets [142,169]. These mechanisms are complementary and
often combined in modern pipelines.

A simple example of (i) is Newtonian consistency be-
tween force and acceleration [145]. Let 4, and F, denote
the acceleration and net force implied by the predicted tra-
jectory and control input under context ¢; (or parameter
estimate 0). One may use a physics-informed loss func-
tion:

Lrewion = Y ||(e)a — |3, )
t

where 771(c;) denotes a context-dependent mass estimate.
More generally, physics-informed losses can penalize
residuals of governing equations and constraints, includ-
ing kinematic relations, contact-mode consistency, and en-
ergy balance relations [12, 142, 143].

For (ii), many physics-informed models impose struc-
ture at the level of the governing equations them-
selves [150]. In Hamiltonian neural networks, for exam-
ple, one learns an energy function H(q, p;c¢) and derives

dynamics via Hamilton’s equations

oH oH
q9= P p= (10)
p

dq’
while Lagrangian formulations parameterize a learned
L(q,q;c) and obtain dynamics through Euler-Lagrange
equations [146, 147, 149]. Such parameterizations encode
conservation laws and qualitative properties (e.g., symme-
tries, invariants) by construction, and provide a principled
mechanism for incorporating physical context through
modulation of physically meaningful terms rather than ar-
bitrarily altering a black-box transition function [146,147,
151].

Finally, regarding (iii), explicit constraints are essential
for modeling systems where energy-based priors alone are
insufficient. While Hamiltonian or Lagrangian networks
effectively regularize conservative systems, they often
fail to capture dissipative and nonsmooth phenomena—
such as dry friction, viscous damping, or discontinuous
collisions. To address this, dynamics modeling can be
cast as a constrained optimization problem or a differ-
ential variational inequality. In this view, physics pri-
ors are imposed as geometric or algebraic constraints:
contact non-penetration is modeled via complementar-
ity conditions or barrier functions, while friction is en-
forced through the maximum dissipation principle or fric-
tion cone limits [170, 171]. Recent approaches have in-
tegrated these complementarity constraints directly into
network architectures, utilizing differentiable optimiza-
tion layers to accurately capture hybrid contact dynam-
ics [172, 173]. By restricting the learned model to satisfy
these inequalities—whether through hard projections onto
admissible sets or downstream shielding—we ensure that
predicted trajectories respect thermodynamic irreversibil-
ity and contact geometry, preventing the nonphysical os-
cillations or drift common in purely conservative formu-
lations [174,175].

In non-stationary environments, physics-informed
structure plays a dual role. First, it improves general-
ization by biasing the model toward physically mean-
ingful extrapolations when encountering novel con-
texts [157, 158]. Second, it provides a coherent interface
for context modulation: latent or estimated physical con-
text can be used to modulate interpretable components
such as inertial, frictional, damping, or contact terms,
enabling the model to adapt while remaining physically
plausible [155, 159]. Recent work on physics-informed
world models and structured latent dynamics exempli-
fies this trend, demonstrating improved robustness under
distribution shift and regime changes [108].

Importantly, physics-consistency should be viewed as
an enabler of safety rather than a purely aesthetic mod-
eling choice. By constraining how dynamics can evolve
under context changes, such models reduce the risk of
unphysical predictions that would otherwise undermine
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downstream safety mechanisms. Moreover, structured
models facilitate error attribution by clarifying whether
prediction errors arise primarily from context misestima-
tion, unmodeled physical effects, or data scarcity. This
clarity becomes essential when uncertainty must be prop-
agated to safety-critical decision layers, motivating the
uncertainty-aware modeling tools reviewed next.

4.4. Adaptation, generalization, and failure modes

Despite the benefits of context modulation and physics-
informed structure, accurate dynamics modeling alone
does not guarantee safe behavior under non-stationarity.
In practice, adaptation mechanisms introduce new fail-
ure modes that arise from misidentification, limited exci-
tation, and mismatches between modeling and execution
timescales. Understanding these failure modes is essen-
tial for assessing when adaptive models can be trusted and
when additional safeguards are required [176].

A primary source of failure stems from context misiden-
tification [111, 177]. When inferred context variables are
poorly aligned with the true physical causes of non-
stationarity, models may adapt in the wrong direction, am-
plifying prediction errors rather than correcting them. This
issue is exacerbated under partial observability, where
multiple physical regimes induce indistinguishable re-
sponses within the admissible operating envelope. Even
physics-informed models can exhibit such failures if the
assumed structure does not capture the dominant modes
of variation or if context is inferred from insufficiently in-
formative interaction data [11, 64,93, 177].

A second challenge concerns generalization beyond the
training distribution [178, 179]. While physics-informed
priors improve extrapolation relative to unconstrained
models, they do not guarantee correctness under qualita-
tively novel regimes, such as unmodeled contact modes,
deformation, wear, or human intervention. Domain ran-
domization and context conditioning expand the range
of covered scenarios, but rare or extreme combinations
of physical parameters can still violate implicit assump-
tions embedded in the model [27, 28]. In safety-critical
settings, such failures are particularly concerning because
small modeling errors can translate into large violations of
safety constraints.

Temporal and architectural factors further complicate
adaptation [91, 180, 181]. In many robotic systems, low-
level control loops operate at high frequency, while
context inference and model updates occur on slower
timescales. This multi-rate structure can lead to transient
inconsistencies, where outdated context estimates are used
for safety evaluation or where rapid control actions are
taken based on stale dynamics predictions. Without care-
ful coordination, such mismatches can induce unsafe be-
havior even when long-term adaptation converges [80, 85,
106, 182].

Taken together, these failure modes highlight a funda-

mental limitation of adaptation-centric approaches: com-
mitting to a single context estimate or a single adapted dy-
namics model is often unsafe during periods of ambiguity
or transition. What is required instead is a principled rep-
resentation of model uncertainty that captures both epis-
temic uncertainty due to limited data and structural un-
certainty arising from model mismatch. Such representa-
tions enable systems to reason conservatively when con-
fidence is low and to relax constraints only as uncertainty
collapses.

This observation motivates the next section, which sur-
veys uncertainty quantification methods tailored to non-
stationary and physics-informed settings. We focus on
uncertainty representations that are not only statistically
meaningful, but also actionable for safety-critical deci-
sion making, allowing adaptive systems to balance per-
formance and safety under evolving physical conditions.

5. UNCERTAINTY QUANTIFICATION FOR
NON-STATIONARY, SAFETY-CRITICAL
MODELING

The failure modes discussed in Section 4.4 suggest that
committing to a single context estimate or a single adapted
dynamics model is often unsafe under non-stationarity.
Safety-critical systems therefore require principled uncer-
tainty representations that capture not only stochastic dis-
turbances, but also epistemic uncertainty due to limited
data and structural uncertainty induced by regime shifts,
unmodeled contacts, and human interventions. In this sec-
tion, we review uncertainty quantification methods for
physics-informed and context-modulated dynamics mod-
els, with an emphasis on uncertainty representations that
are actionable for downstream safety mechanisms. We
first introduce a taxonomy of uncertainty sources under
non-stationarity, then survey practical estimation methods,
discuss calibration and shift detection, and finally outline
how uncertainty outputs can be translated into conserva-
tive safety behavior without incurring unnecessary perfor-
mance loss.

Throughout this section, we use non-stationarity to de-
scribe time-varying physical dynamics and constraints,
distribution shift to refer to changes in the data/transition
distributions that can invalidate calibrated uncertainty,
and regime change to emphasize discrete or structural
shifts (e.g., contact-mode switches) that induce model
mismatch; shift detection refers to mechanisms that detect
such changes in real time.

5.1. Sources and taxonomy of uncertainty under non-
stationarity
Uncertainty plays a fundamentally different role in
safety-critical systems operating under non-stationary
physics than in stationary or purely stochastic settings. In
particular, uncertainty is not merely a measure of predic-
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tion variance, but a key indicator of when learned models
and inferred context should no longer be trusted for safety
evaluation. To clarify this distinction, we first categorize
the sources of uncertainty that arise in non-stationary envi-
ronments and discuss their implications for safety-critical
modeling.

A classical distinction separates uncertainty into
aleatoric and epistemic components. Aleatoric uncer-
tainty captures irreducible randomness arising from sen-
sor noise, process disturbances, or inherently stochas-
tic phenomena [183]. In robotic systems, this includes
measurement noise, unmodeled micro-perturbations, and
contact variability that persists even with perfect knowl-
edge of system dynamics. Aleatoric uncertainty can often
be modeled as additive noise and is typically handled
through probabilistic filtering or stochastic control formu-
lations [184-186].

Epistemic uncertainty, by contrast, reflects a lack of
knowledge about the system model itself [187]. This in-
cludes uncertainty due to limited data coverage, insuffi-
cient excitation, or ambiguity in inferred physical con-
text. Under non-stationarity, epistemic uncertainty be-
comes particularly salient because learned dynamics mod-
els and context estimates may be valid only within a re-
stricted regime of operation. Under distribution shift—
for example, due to changes in friction, payload, wear, or
human intervention—epistemic uncertainty can increase
sharply, signaling that model predictions may no longer
be reliable for safety assessment [99, 178, 187-189].

Beyond this classical dichotomy, non-stationary envi-
ronments introduce an additional and often underappreci-
ated source of uncertainty: structural or regime-shift un-
certainty [190-192]. This arises when the true system
dynamics no longer belong to the assumed model class,
even after adaptation. Examples include unmodeled con-
tact modes, changes in actuation limits, or qualitative al-
terations of interaction geometry. Structural uncertainty is
not well captured by variance estimates alone and often
manifests as systematic prediction errors or abrupt degra-
dation in model performance. From a safety perspective,
this form of uncertainty is especially dangerous, as it can
invalidate previously learned safety margins without obvi-
ous warning.

Importantly, these sources of uncertainty interact with
context inference. When physical context is inferred from
data, uncertainty arises not only in state prediction but also
in the context estimate itself. Ambiguity in inferred con-
text can propagate nonlinearly through context-modulated
dynamics, leading to large uncertainty in downstream
safety-relevant quantities such as stopping distance, colli-
sion probability, or constraint violation risk. As discussed
in Section 4.4, committing to a single context estimate
during such periods of ambiguity can be unsafe.

From the standpoint of safety-critical modeling, the key
question is therefore not only how much uncertainty is

present, but what kind of uncertainty is being represented
and how it should be used. Aleatoric uncertainty may
be accommodated through probabilistic constraints, while
epistemic and structural uncertainty often call for conser-
vative behavior, constraint tightening, or explicit reason-
ing over sets of plausible models [63]. This motivates un-
certainty representations that go beyond scalar confidence
measures and instead provide structured outputs—such as
predictive distributions, sample ensembles, or confidence
sets—that can be directly consumed by downstream safety
mechanisms.

In the following subsections, we review practical un-
certainty quantification methods through this lens. Rather
than categorizing methods solely by their statistical for-
mulation, we emphasize the form of uncertainty output
they produce and its suitability for safety-critical decision
making under non-stationarity.

5.2.  Uncertainty representations and practical estima-
tion methods

Having identified the major sources of uncertainty un-
der non-stationary physics, we now review practical meth-
ods for uncertainty quantification (UQ). Rather than or-
ganizing methods purely by their probabilistic formula-
tion, we categorize them by the form of uncertainty out-
put they produce. This perspective is particularly relevant
for safety-critical systems, where uncertainty must ulti-
mately be consumed by downstream safety mechanisms
such as constraint tightening, risk assessment, or conser-
vative control.
Predictive distributions. A common approach to UQ is
to represent uncertainty through a predictive distribution
over future states or trajectories,

P(xt+1 |xt;ut)7 0y

often parameterized by a mean and covariance
(W+1,%4+1). Such representations arise naturally in
Bayesian neural networks, variational state-space
models, and Gaussian process-based dynamics mod-
els [68,72,136,193]. Predictive distributions are attractive
due to their compactness and compatibility with stochastic
control and risk-constrained formulations [186, 194, 195].
However, in practice they rely on strong assumptions
about distributional form and can underestimate uncer-
tainty under distribution shift or model mismatch.
Ensemble-based uncertainty. Ensemble methods ap-
proximate epistemic uncertainty by maintaining a collec-
tion of models {f*) X, trained with different initializa-
tions, data subsets, or stochastic regularization [99, 196].
Uncertainty is then represented implicitly through the dis-
persion of predictions,

{xr(ﬂ = f<k) (X, uf)}llc(:l' (12)

Ensembles are widely used in model-based reinforcement
learning and robotics due to their simplicity and empirical
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robustness [99, 100, 180]. They provide a nonparametric
approximation of epistemic uncertainty and are less sen-
sitive to model misspecification than single-model predic-
tors. Nonetheless, ensembles can be computationally ex-
pensive and may still fail to capture structural uncertainty
when all models share the same inductive bias.
Confidence sets and set-valued prediction. An alterna-
tive representation is to output a set X, that is guaranteed
(with high probability) to contain the true next state,

X1 € Xy, (13)

rather than a full distribution [197-199]. Such set-valued
predictions arise in conformal prediction, interval meth-
ods, and robust identification frameworks [200-205].
Confidence sets are particularly appealing for safety-
critical applications because they can be directly mapped
to constraint tightening or worst-case analysis without re-
lying on distributional assumptions. Their main limitation
lies in potential conservatism, especially when uncertainty
is high or poorly calibrated.

Residual- and error-based uncertainty indicators. In
many deployed systems, uncertainty is inferred indirectly
from prediction errors, residual statistics, or inconsis-
tency measures between model outputs and observed be-
havior [12,206-208]. Examples include monitoring nor-
malized prediction residuals, innovation sequences in fil-
ters, or violation rates of physics-consistency constraints.
While such indicators do not constitute uncertainty esti-
mates in a strict probabilistic sense, they often serve as ef-
fective triggers for conservative behavior, fallback strate-
gies, or model adaptation. Their effectiveness depends
critically on appropriate thresholds and calibration.
Uncertainty over context and model parameters. In
context-modulated dynamics, uncertainty arises not only
in state prediction but also in inferred context or physical
parameters [124,209-211]. Representations such as

p(c, | h,) or ¢; € Ct (14)

capture ambiguity over physical regimes and can propa-
gate nonlinearly into safety-relevant quantities. Explicitly
representing uncertainty over context is essential in non-
stationary environments, as errors in context inference can
dominate downstream risk estimation. Methods that col-
lapse context uncertainty into a point estimate risk brittle
behavior during regime transitions.

Discussion. Each uncertainty representation offers dis-
tinct trade-offs between expressiveness, computational
cost, and suitability for safety-critical use. Predictive dis-
tributions are compact but assumption-laden; ensembles
are flexible but resource-intensive; set-valued predictions
provide strong safety guarantees at the cost of conser-
vatism; and residual-based indicators offer pragmatic but
heuristic signals. Importantly, the choice of UQ method
should be guided not only by estimation accuracy, but

by how naturally its outputs can be translated into down-
stream safety mechanisms. This translation, and the asso-
ciated challenges of calibration and reliability under dis-
tribution shift, are the focus of the next subsection.

5.3. Calibration and shift detection under non-
stationarity

Uncertainty quantification is only meaningful for
safety-critical decision making if it is reliable. In par-
ticular, uncertainty estimates must be calibrated such that
stated confidence levels accurately reflect empirical er-
ror frequencies. Under non-stationary physics, however,
maintaining calibration is challenging: models trained or
adapted under one regime may become systematically
miscalibrated as physical context shifts.

Conformal prediction provides distribution-free cover-
age guarantees under minimal assumptions, and thus of-
fers an attractive calibration tool when parametric uncer-
tainty models are unreliable [201, 202, 212, 213]. Clas-
sical conformal methods rely on exchangeability, which
is violated under non-stationarity, motivating adaptive
and online variants that update calibration sets over time
and aim to maintain long-run coverage under distribution
shift [214-217]. These methods are particularly relevant
when uncertainty estimates are fed directly into safety
margins or constraint tightening rules.

Distribution shift is closely tied to calibration: safety-
critical systems must detect when they are operating out-
side the distributional regime in which their uncertainty
estimates remain trustworthy. Practical shift-detection in-
dicators include abrupt changes in input statistics, persis-
tent prediction residuals, physics-consistency violations,
or disagreement across ensemble members [178,218,219].
From a systems perspective, these indicators can be inter-
preted as evidence that the current dynamics no longer
match the assumed model class—often due to regime
changes or model mismatch—and can be used to trigger
conservative behavior, re-identification, or fallback con-
trol [11,205].

5.4. Actionable uncertainty for safety mechanisms

The ultimate value of uncertainty quantification in
safety-critical systems lies not in uncertainty estima-
tion itself, but in how uncertainty is translated into con-
crete safety behavior. For example, in peg-in-hole inser-
tion(Fig. 2), non-stationary physical conditions such as
changes in friction, hole clearance, surface wear, slight de-
formation, or misalignment can make contact transitions
difficult to predict using a single nominal model. Under
such uncertainty, a controller that commits too aggres-
sively to one predicted contact outcome may cause ex-
cessive insertion force, jamming, or unstable contact be-
havior. This motivates uncertainty-aware control, where
uncertainty estimates are used to induce safer behavior,
such as reducing insertion speed, increasing compliance,
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tightening force-related constraints, or switching to a more
conservative search or recovery strategy when the pre-
dicted contact dynamics are unreliable.

In this subsection, we discuss how different forms of
uncertainty representations can be systematically mapped
to safety mechanisms, enabling conservative decision
making under ambiguity without unnecessary loss of per-
formance. Table 3 summarizes common uncertainty repre-
sentations and illustrates how they are operationalized in
downstream safety mechanisms, ranging from constraint
tightening and risk-sensitive formulations to distribution-
ally robust reasoning and conservative fallback strategies.
From uncertainty to constraint tightening. One of the
most direct uses of uncertainty is constraint tighten-
ing [220,221]. When uncertainty is represented through
confidence sets, safety constraints can be conservatively
adjusted to account for worst-case deviations. For exam-
ple, if a safety constraint is expressed as A(x,1) > 0 and
uncertainty is captured by a set &, |, a sufficient condition
for safety is

min h(x) > 0. (15)
XEX 11
This approach is particularly attractive in systems with
hard safety constraints, where violation is unaccept-
able [63,222,223].
Risk-sensitive and chance-constrained formulations.
When uncertainty is represented probabilistically, safety
requirements can be expressed via risk measures [224,
225]. A common example is a chance constraint

]P)(h(thl) 20|xl7ut) Z 1763 (16)

where O specifies an acceptable violation probabil-
ity [186]. Alternative risk measures, such as Condi-
tional Value-at-Risk (CVaR), provide a continuous trade-
off between conservatism and performance by penaliz-
ing tail events more heavily than mean behavior [226].
These formulations are most effective when predictive
uncertainty is well calibrated, as emphasized in Sec-
tion 5.3 [227-231].

Distributionally robust safety under ambiguity sets.
Under non-stationary physics, a particularly compelling
viewpoint is distributional robustness [232], where uncer-
tainty is represented as an ambiguity set over transition
or disturbance distributions rather than a single predictive
model [233-240]. Let P denote a nominal (data-driven)
conditional distribution of the next state given the current
state and input, and consider a Wasserstein ambiguity set

D(P,p):={P:W(P,P) < p}, (17)

where p controls the admissible amount of distribution
mismatch. A distributionally robust safety requirement
can then be expressed by enforcing safety under all transi-
tions in D, [241] e.g., a worst-case bound on a safety risk

functional R defined on the one-step transition [242],

sup  Ep[R(x;,u,x41)] < 6. (18)
PeD(P,p)

This formulation is well aligned with non-stationarity:
rather than committing to a single probabilistic model, it
explicitly accounts for distribution shift, and the radius p
provides a transparent knob to trade off conservatism and
performance [189,243-246].

Crucially, the ambiguity radius p can be made adap-
tive using uncertainty signals from modeling and context
inference. For example, increases in epistemic or shift un-
certainty can trigger larger p (more conservative robust-
ness), while improved calibration and reduced uncertainty
allow p to shrink, yielding a principled “uncertainty-to-
robustness” translation mechanism.

Scenario-based and sampling-based robustness. A
complementary line of work enforces safety and robust-
ness via randomized constraints built from sampled uncer-
tainties (scenario approaches) [247, 248]. Such methods
provide finite-sample guarantees for constraint satisfac-
tion under convexity assumptions and have been widely
used in systems and control to handle uncertainty with-
out explicit distributional models [249-251]. From the
present viewpoint, scenario approaches can be interpreted
as another form of uncertainty-to-safety translation, where
data directly induces conservative feasible sets.
Uncertainty-triggered mode switching and fallback.
In deployed systems, uncertainty often serves as a trig-
ger rather than a direct optimization variable. Sudden
increases in prediction dispersion, physics residuals,
or disagreement across ensemble members can signal
loss of model validity, prompting a switch to conserva-
tive fallback controllers, reduced operating envelopes, or
information-gathering actions [60, 252, 253]. This mech-
anism is especially effective in multi-rate architectures,
where fast safety layers can react immediately to uncer-
tainty spikes while slower adaptation processes update the
underlying model.

Discussion. Across these mechanisms, a common theme
emerges: uncertainty must be represented in a form that
downstream safety layers can consume directly, without
requiring prohibitive online inference. Whether through
tightened constraints, risk bounds, ambiguity sets, or
mode-switching triggers, actionable uncertainty provides
a principled interface to balance safety and performance
under non-stationary physics. Importantly, no single un-
certainty representation is universally optimal. Effective
safety-critical systems often combine multiple represen-
tations, leveraging coarse but reliable signals (e.g., resid-
ual thresholds) to guard against rare, catastrophic fail-
ures, while exploiting more refined probabilistic estimates
when confidence is high.

A critical practical consideration for these methods is
their computational cost, which often conflicts with the
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Table 3. Actionable uncertainty: translating uncertainty representations into safety mechanisms under non-stationary

physics (Section 5).

Uncertainty output How it is obtained

Safety translation References

Probabilistic dynamics;
Predictive distribution (u,X)
Gaussian approximations

Bayesian state-space models;

Chance constraints;
risk-sensitive bounds
(e.g., CVaR)

[68,72,136,186,193-195]

Deep ensembles;
bootstrap;
stochastic regularization

Ensemble dispersion

Empirical worst-case risk;
uncertainty-triggered
conservatism

[99, 100, 180,196]

Conformal prediction;
set-valued identification;
residual bounds

Confidence set / interval

Constraint tightening;

robust feasibility checks [197-205]

Wasserstein or
moment-based
ambiguity sets

Ambiguity set of distributions

Distributionally robust

. [189,232-243,245,246]
safety constraints

Randomized samples
of uncertainty;
scenario programs

Scenario-based uncertainty

Finite-sample safety
guarantees via
sampled constraints

[247-251]

Prediction errors;
innovation statistics;
physics residuals

Residual / inconsistency indicators

Mode switching;
fallback control;
re-identification triggers

[11,12,206-208]

Posterior inference over
physical context;
context ensembles

Context uncertainty p(c; | i) or C;

Conservative constraint
deformation during
regime transitions

[81,85,124,209-211]

high-frequency control loops required in safety-critical
systems. In practice, deployments frequently navigate this
challenge via multi-rate architectures, where computa-
tionally intensive uncertainty quantification is performed
at a lower frequency than the inner control loop. We fur-
ther address these real-time implementation trade-offs in
Section 7.5.

6. EVALUATION CHECKLIST AND
REPORTING PROTOCOL

As research on physical Al for non-stationary environ-
ments continues to expand, comparing methods across
papers has become increasingly difficult. Differences in
task setups, non-stationarity sources, safety definitions,
and evaluation metrics often obscure the true strengths
and limitations of proposed approaches. In this section,
we propose an evaluation checklist and reporting protocol
aimed at improving transparency, comparability, and re-
producibility for safety-critical modeling and control un-
der non-stationary physics.

The goal of this checklist is not to prescribe a single
benchmark or experimental setup, but to identify a mini-
mal set of questions that authors should address to clarify
what their method handles well, where it may fail, and un-
der what assumptions its safety claims hold.

6.1. Characterization of non-stationarity

A first requirement for meaningful evaluation is a clear
characterization of the non-stationarity being considered.
Authors should specify:

* Source of non-stationarity: e.g., parametric drift
(friction, mass, wear), regime switching (contact
modes, payload changes), external interventions (hu-
man interaction), or structural changes.

* Temporal profile: whether changes are abrupt, grad-
ual, periodic, or adversarial.

* Observability: which aspects of the non-stationarity
are directly observed, indirectly inferred, or entirely
latent.

Explicitly stating these factors helps distinguish between
methods designed for mild distribution shift and those in-
tended for genuinely deceptive or safety-critical regime
changes.

6.2. Context inference and identifiability

When a method relies on inferred physical context or
latent variables, evaluation should explicitly address iden-
tifiability and inference reliability. In safety-critical set-
tings, failures often arise not from poor nominal predic-
tion, but from incorrect or ambiguous attribution of phys-
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ical context. We therefore recommend that authors report
the following items:

* Inference paradigm: whether physical context is in-
ferred passively from observations, actively through
action—reaction signals, or via a hybrid strategy.

» Excitation and safety compatibility: what actions or
excitations are required for reliable context inference,
and whether these actions respect safety constraints
throughout deployment.

* Identifiability limits: failure cases in which distinct
physical regimes are observationally indistinguish-
able within the admissible operating envelope, includ-
ing whether identifiability is global or only local to
specific regimes.

* Intervention specification: a clear description of
what physical factors are intervened upon to in-
duce non-stationarity (e.g., friction, payload, contact
mode), and whether these changes are exogenous or
action-induced.

¢ Appearance—physics mismatch stress tests: con-
trolled contrasts in which visual appearance varies
while physical properties are fixed (and vice versa),
to expose shortcut features and spurious correlations
in context inference.

* Sensitivity analysis: quantitative or qualitative anal-
ysis of how downstream safety metrics (e.g., con-
straint violation rate, fallback frequency) degrade un-
der context misidentification.

Whenever possible, ablation studies that isolate the ef-
fect of context inference accuracy on safety outcomes are
strongly encouraged, as they provide critical insight into
whether safety improvements stem from correct physical
attribution or incidental robustness. Taken together, these
items emphasize that context inference should be evalu-
ated not only by prediction accuracy, but by causal identi-
fiability under safety constraints.

6.3. Dynamics modeling and physics consistency

For context-modulated or physics-informed dynamics
models, evaluation should clarify how physical structure
influences performance and safety:

* Which physical priors are enforced (loss-based, archi-
tectural, or constraint-based).

* How violations of physics consistency are measured
and monitored.

* Whether improved prediction accuracy translates into
improved safety-relevant quantities (e.g., stopping
distance, collision risk).

* Robustness of learned dynamics under extrapolation
to unseen physical regimes.

Reporting physics residuals alongside standard prediction
errors can provide valuable insight into model behavior
under shift.

6.4. Uncertainty quantification and calibration

Because safety under non-stationarity hinges on uncer-
tainty awareness, evaluation should include:

* The form of uncertainty output (distribution, ensem-
ble, set, ambiguity set).

* Calibration diagnostics appropriate to the chosen rep-
resentation (e.g., coverage, reliability).

* Behavior of uncertainty estimates before, during, and
after regime changes.

* Interaction between uncertainty signals and safety
mechanisms (e.g., constraint tightening, fallback trig-
gering).

Methods that report uncertainty without demonstrating its
calibration or downstream use should be interpreted with
caution in safety-critical settings.

6.5. Safety metrics and failure analysis
Safety evaluation should go beyond average perfor-
mance metrics. We recommend reporting:

 Explicit safety constraints and violation definitions.

* Worst-case or tail-risk statistics (e.g., maximum vio-
lation, CVaR).

* Frequency and severity of safety interventions or fall-
back activations.

* Qualitative failure analyses highlighting when and
why safety mechanisms fail.

Such analyses help distinguish between methods that fail
gracefully and those that fail catastrophically.

6.6. Deployment considerations

Finally, for methods targeting real-world deployment,
evaluation should consider:

* Computational overhead and real-time feasibility.

e Multi-rate architectures and latency between infer-
ence, adaptation, and control.

* Behavior under partial system failure or degraded
sensing.

* Assumptions required for safe operation in practice.

Explicit discussion of these factors helps bridge the gap
between laboratory demonstrations and deployment-ready
physical Al systems.

Summary. Together, these checklist items provide a struc-
tured lens for evaluating safety-critical learning systems
under non-stationary physics. While not all items will
be relevant for every contribution, addressing them trans-
parently can significantly improve the interpretability
and comparability of experimental results, and accelerate
progress toward reliable deployment.
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7. OPEN PROBLEMS AND RESEARCH AGENDA

Despite significant recent progress, building safety-
critical physical Al systems that operate reliably under
non-stationary environments remains an open and funda-
mentally challenging problem. In this section, we high-
light key open issues that emerge from the preceding re-
view and outline a research agenda toward deployment-
ready systems.

7.1. Causal identifiability under safety constraints

A central challenge lies in identifying safety-relevant
physical context when informative excitation is itself con-
strained by safety requirements. While active and hybrid
inference approaches improve identifiability relative to
passive observation, they often rely on probing actions
whose informativeness competes with safety [60, 254—
256]. Developing principled frameworks that character-
ize what can be identified safely, and under which operat-
ing envelopes, remains largely open. This includes under-
standing identifiability under partial observability, limited
excitation, and human-in-the-loop interaction, as well as
designing actions that are maximally informative subject
to hard safety constraints.

7.2. Disentanglement and verification of uncertainty
sources

While the theoretical distinction between aleatoric,
epistemic, and structural uncertainty is clear (as discussed
in Section 5.1), developing algorithmic mechanisms to au-
tomatically disentangle and verify these sources from raw
data remains an open challenge [257-260]. Current meth-
ods often conflate these sources; for instance, high en-
semble variance can result equally from a novel physical
regime (structural uncertainty) or simply from noisy data
in a known regime (aleatoric uncertainty). This ambigu-
ity leads to suboptimal or unsafe downstream responses:
while aleatoric noise should be handled via probabilis-
tic chance constraints, epistemic or structural gaps re-
quire model adaptation or conservative fallback. Develop-
ing rigorous verification tools that can distinguish "I don’t
know" (epistemic) from "The world has changed" (struc-
tural) is a critical step toward competency-aware physical
AL

7.3. Uncertainty representations beyond point esti-
mates

Most existing systems ultimately commit to a single
adapted model or context estimate, even when uncertainty
remains high. As discussed in Sections 5.1-5.4, such com-
mitment can be unsafe under regime transitions or am-
biguous observations [197,261]. An open research direc-
tion is the development of uncertainty representations that
persist through the modeling and control stack, enabling
decision making over sets or distributions of plausible dy-

namics rather than point estimates. This includes scal-
able methods for propagating uncertainty through context-
modulated dynamics and translating it into conservative
yet nontrivial safety behavior.

7.4. Calibration and robustness under evolving
regimes

Ensuring calibration of uncertainty estimates over
long horizons remains an unresolved problem in non-
stationary environments. While adaptive and online cal-
ibration methods offer partial solutions, their interaction
with regime changes, structural shifts, and delayed feed-
back is poorly understood [217, 262, 263]. Future work
should investigate principled mechanisms for maintaining
reliability guarantees under continual distribution shift, as
well as detecting when calibration itself has failed. This
is especially critical when uncertainty estimates directly
influence safety margins or robustness parameters.

7.5. Bridging modeling fidelity and real-time deploy-
ment

Physics-informed and context-modulated models of-
ten increase computational complexity, raising concerns
about real-time feasibility and robustness to latency [12,
264]. Current mitigation strategies face fundamental lim-
itations in safety-critical settings. For instance, reduced
ensemble methods approximate epistemic uncertainty by
evaluating only a small subset of models, significantly
lowering inference costs; however, they often under-
represent uncertainty in out-of-distribution regimes where
ensemble diversity is most needed [100, 265]. Similarly,
amortized or distilled uncertainty surrogates compress ex-
pensive predictors into lightweight models, yet their esti-
mates are tied to the training distribution and risk becom-
ing overconfident under novel contexts or sensing degra-
dation [266]. While multi-rate architectures partially ad-
dress latency issues by decoupling inference from control,
they introduce distinct failure modes arising from tim-
ing mismatches and stale context estimates [85,264,267].
A key open question is how to systematically co-design
modeling, inference, and execution layers such that safety
guarantees are preserved despite asynchronous updates,
partial failures, or degraded sensing.

7.6. Evaluation standards and failure transparency

As emphasized in Section 6, the lack of standardized
evaluation protocols showing how and why methods fail
remains a major obstacle to progress [268, 269]. Future
benchmarks should go beyond average performance and
explicitly stress-test systems under deceptive, adversarial,
or rare physical regimes. Equally important is transpar-
ent reporting of failure cases and near-miss events, which
can provide valuable insight into the limits of current ap-
proaches and guide safer system design.
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7.7. Toward deployment-ready physical Al

Ultimately, the goal of research in this area is not
merely improved modeling accuracy, but the deployment
of systems that fail gracefully and predictably under un-
certainty. Achieving this requires a shift from optimizing
nominal performance toward designing architectures that
explicitly reason about model validity, uncertainty, and
safety throughout their lifetime. We believe that integrat-
ing physics-informed causal modeling, uncertainty-aware
reasoning, and principled robustness mechanisms pro-
vides a promising foundation for this vision, but substan-
tial theoretical and practical challenges remain.

Outlook. Addressing these open problems will require
closer integration between systems and control theory,
machine learning, and robotics. By grounding learning-
based methods in physical structure, causal reasoning,
and actionable uncertainty, future work can move toward
physical Al systems that operate safely not only when
conditions are favorable, but also when they are deceptive,
evolving, and uncertain.

8. CONCLUSION

Non-stationary physical environments remain a fun-
damental barrier to the reliable deployment of learning-
enabled controllers in safety-critical systems. Across the
literature reviewed in this paper, a recurring theme is that
safety failures under shift are often driven not by poor
nominal performance, but by an inability to infer and track
the physical causes that deform dynamics and safety con-
straints over time. This observation motivates a modeling-
centric perspective: rather than treating non-stationarity as
unstructured noise, we should represent it through safety-
relevant physical context and incorporate it coherently
into dynamics modeling.

This review organized recent progress through four
connected lenses. We first characterized types of non-
stationarity in physical systems and emphasized their im-
plications for safety-constraint geometry. We then sur-
veyed methods for inferring safety-relevant physical con-
text, highlighting the identifiability gap of purely passive
inference and the role of action—reaction evidence and hy-
brid strategies. Next, we reviewed context-modulated dy-
namics modeling and physics-informed structure, clarify-
ing how physics priors can be injected via losses, archi-
tectures, or explicit constraints. Finally, we synthesized
uncertainty quantification under non-stationarity, focus-
ing on uncertainty representations that are actionable for
safety mechanisms, including constraint tightening, risk-
sensitive formulations, and distributionally robust reason-
ing.

Beyond summarizing methods, we proposed an eval-
uation checklist and reporting protocol to improve com-
parability and transparency across studies, and we out-

lined open problems and research directions toward
deployment-ready physical AI. We hope that this per-
spective encourages tighter integration between causal
reasoning, physics-informed modeling, and uncertainty-
aware safety enforcement, ultimately enabling systems
that not only perform well under nominal conditions but
also remain reliable when environments are evolving,
deceptive, and uncertain.
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