
1

Predictive Safety in Embodied AI:
From Control-Theoretic Filters to Foundation Models

Kleyton da Costa, Adriano Koshiyama, Dimitrios Kanoulas, and Philip Treleaven

Abstract—Predictive safety links anticipated consequences to
interventions that prevent or limit harm. This review examines
that link across control-theoretic filters, constrained learning,
learned world models, and vision-language-action policies. A
structured review organizes 288 candidate records, with 26 full-
text inspections and 262 AI-assisted abstract assessments. We
distinguish conditional invariance and probabilistic guarantees
from calibrated prediction and empirical cost reduction, and
organize the literature by safety objective, assurance mechanism,
representation, platform, coordination, and evaluation setting.
Three recurring failures structure the synthesis: representations
omit hazard-relevant information, predictions become unreliable
under deployment shift, or warnings leave insufficient time
or authority to intervene. We compare representative methods
and benchmarks and propose evaluation records that report
task success alongside harm-specific violations, uncertainty, and
intervention behavior. Effective predictive safety requires a
grounded specification, reliable prediction, and an executable
safeguard within a documented operating domain.

Index Terms—Robot safety, predictive safety filters, world
models, safe reinforcement learning, vision-language-action models.

I. INTRODUCTION

EMBODIED agents turn computational decisions into
physical consequences. A navigation policy can enter a

region from which braking is no longer sufficient; a manipulator
can select a successful grasp that damages its surroundings;
and a language-conditioned robot can correctly follow an
instruction whose intended outcome is unsafe. Safety therefore
requires more than task competence. It requires a specification
of unacceptable outcomes, an account of what the controller
can know before acting, and a mechanism capable of preventing
or limiting those outcomes.

We use predictive safety to describe the use of anticipated
consequences when assessing or modifying an embodied
agent’s actions. The anticipation may involve a trajectory, a
reachable set, a future violation probability, or a learned value
function that summarizes longer-term outcomes. This definition
does not require photorealistic simulation. Nor does it imply
that every safety method explicitly rolls out candidate futures.
A control barrier function (CBF), for example, can constrain
the local state derivative to preserve a safe set. Its relationship
to future safety comes from the invariance argument, not
necessarily from a generated trajectory.
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The foundations of this approach precede current foundation
models. Predictive safety filters construct feasible backup trajec-
tories for learning-based controllers, while CBF formulations
already address automotive cruise control and lane keeping
[1], [2]. Recent learned models make it possible to anticipate
consequences from richer observations and to propose actions
conditioned on language. Their promise motivates a compar-
ison with established assurance mechanisms, rather than a
replacement of the assumptions on which those mechanisms
depend.

A central question is therefore: when does a prediction justify
a safety intervention, and when does that intervention justify
a claim about the deployed robot? An accurate-looking video
is insufficient if it omits contact force. A well-calibrated risk
score is insufficient if calibration fails under the encountered
shift. A warning is insufficient if no feasible action remains.
Conversely, a conservative analytical filter may provide a
meaningful guarantee for a limited specification even when it
lacks broad semantic understanding.

The literature spans control, reinforcement learning (RL),
formal verification, robotics, and foundation-model research.
These communities often use the word “safe” for different
properties: never leaving a specified set, bounding a violation
probability, keeping expected cumulative cost below a threshold,
or reducing observed unsafe behavior. These statements are
not interchangeable. The review makes their assumptions and
evidence explicit and uses them to organize the comparison.

The review makes four contributions: a systems account
linking specification, prediction, action, and recovery; a tax-
onomy that separates safety objectives from mechanisms and
representations; a comparison of control, learned-model, and
vision-language-action (VLA) approaches by evidence strength;
and a reproducible literature audit with an evaluation agenda.
The contribution is a synthesis of existing evidence; no new
controller or robot experiment is reported.

II. RELATIONSHIP TO EXISTING REVIEWS

Safe learning in robotics already has a substantial synthesis
connecting control-theoretic models, uncertainty, learning, and
certification [3]. Reviews of safe RL and constraint formulations
further explain why an expected-cost constraint, a chance
constraint, and a statewise constraint lead to different algorithms
[4], [5], [6]. Krasowski et al. distinguish action replacement,
projection, and masking and compare their behavior on control
tasks [7]. These contributions establish the foundations of our
intervention vocabulary.

Recent reviews explicitly address the safety of embodied
foundation models. The world-model safety review examines
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Predictive safety: from observation to physical action

Nominal policy
Task-conditioned proposal unom

t

Safety specification + operating assumptions
Hazard definition, constraint or risk bound; domain of validity

state / belief

Sense and estimate Predict futures Assess safety Select action Execute

State x̂t and uncertainty Ut Action-conditioned outcomes Check the specified property Accepted or verified alternative Apply ut ; observe ot+1

Intervene / recover
Project / replan / backup; verify constraints

reject / unresolved verified alternative

No feasible alternative:
escalate; safety is not assured

Feedback: executed action and new observations update the state estimate and uncertainty

Three conditions for an enforceable safety claim

Hazard-relevant state
Retain variables that determine harm.
Represent missing information.

Valid prediction
Check model error and calibration.
Reassess assumptions under shift.

Feasible, timely intervention
Maintain an executable alternative.
Meet actuation and timing limits.

Illustrative navigation scenario, not experimental data. Blue: prediction. Orange: hazard / rejected route. Teal: admissible route / goal.

Fig. 1. Predictive safety from observation to action. A nominal policy proposes unom
t from the estimated state x̂t and uncertainty Ut. Candidate futures (blue)

are assessed against a specified hazard (orange); the teal route illustrates an admissible alternative. Rejected or unresolved candidates trigger intervention, and
alternatives require safety and feasibility checks before execution. Applied inputs ut and observations ot+1 close the loop. The lower strip identifies three
requirements: hazard-relevant state, valid prediction, and timely, feasible intervention. Solid arrows show runtime flow; dashed arrows supply specifications and
assumptions. If no feasible alternative exists, escalation alone does not assure safety. The AI-generated illustrations are conceptual, not experimental trajectories
or quantitative uncertainty estimates. Functional roles may share an implementation; barrier- and value-based methods need not generate explicit trajectories.

scene and control generation and includes empirical analysis of
prediction pathologies [8]. Embodied-security and navigation-
safety surveys organize vulnerabilities, attacks, defenses, and
evaluation within their respective scopes [9], [10]. A VLA
safety survey maps training-time and inference-time threats
and mechanisms [11]; a world-model lifecycle survey follows
security failures from data and grounding through imagination
and execution [12]. Together, these reviews establish a broad
foundation for examining embodied safety.

We focus on the conditions connecting prediction to an
enforceable safety property. This provides a common basis
for comparing geometric filters and generative models while
preserving differences in their assurances. Table I summarizes
how this focus complements existing reviews; it describes their
principal emphases rather than exhaustively cataloguing their
contents.

III. REVIEW PROTOCOL AND EVIDENCE

A. Search and Collection

The targeted search was completed on 10 September 2026
and covers predictive safety filters, safe learning with world
models, VLA safeguards, and embodied and world-model safety
reviews. Web discovery was followed by inspection of selected
primary-source PDFs and publication metadata. The repository
records queries, retrieval dates, identifiers, and source PDF

hashes. The temporal scope extends from 2015 to the search
cutoff, with earlier foundational work included as background.

The dataset contains 292 collected records. Normalized
identifiers and titles yield 280 unique records; 8 targeted
additions produce 288 candidates (Fig. 2). The collection
contains methods, architectures, reviews, benchmarks, and
potentially out-of-scope records. The technical synthesis draws
on 26 purposively selected full-text sources, including 15
primary method papers.

Bibliographic normalization preserves traceability without
deciding scientific eligibility. Collected rows remain linked
through identifier and title matches, and unresolved citation
keys are treated as metadata issues. The candidate total
therefore measures the assembled collection, not the number
of eligible primary safety studies.

Coverage is limited by search-engine ranking, source acces-
sibility, and purposive selection. The targeted query log does
not establish exhaustive retrieval for the full collection, and no
authenticated Scopus or IEEE Xplore search was conducted.
We therefore describe the work as a structured review. Figure 2
reports normalization and assessment depth, without inferring
database-specific retrieval or full-text exclusion counts.

B. Selection and Assessment
The synthesis includes methods that specify, predict, enforce,

or evaluate safety-relevant properties of embodied controllers.
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TABLE I
POSITIONING RELATIVE TO SELECTED REVIEWS. THE FINAL COLUMN SPECIFIES THE ADDITIONAL FOCUS OF THIS REVIEW.

Review Principal emphasis Complementary question addressed here

Safe learning in robotics [3] Learning-based control, safe RL, and certification How do those assumptions translate to learned
representations and foundation-model policies?

Provably safe RL [7] Intervention categories and benchmarking What information and timing does each intervention
need at deployment?

World-model safety [8] Scene/control generation and prediction pathologies When can predicted consequences support an
executable safeguard?

Embodied and navigation security
[9], [10]

Vulnerabilities, attacks, defenses, and domain eval-
uation

What physical property survives an uncertain or
compromised predictor?

VLA safety [11] Threats and mechanisms across training and infer-
ence

How do empirical alignment and conditional con-
trol guarantees differ?

World-model lifecycle security
[12]

Threat propagation through the model lifecycle Which assumptions must be checked at the
prediction–control interface?

General control results are included when their assumptions in-
form robotic deployment. Architectures provide representation
context, benchmarks define evaluation settings, and reviews
position the contribution. These roles are coded separately from
evidence that a safeguard is effective.

On 11 September 2026, the supplied titles and complete
abstracts of the remaining 262 candidates were individually
screened with AI assistance. All 288 candidates thus have at
least an abstract-level assessment. Each abstract record contains
a contribution summary, relevance judgment, full-text follow-
up priority, verification question, and text hash. This pass used
supplied abstracts rather than freshly verified publisher text.

Abstract judgments remain separate from historical provi-
sional roles and keyword-derived facets, which support only
the descriptive audit. Full-text evidence records identify the
method, claimed property, assumptions, evaluation setting, and
source location. The review does not claim independent human
double screening or inter-rater agreement. Borderline decisions
and technical interpretations require author validation.

IV. TAXONOMY AND SAFETY PROPERTIES

A. Objectives, Mechanisms, and Representations

A useful taxonomy must distinguish what is to be protected
from how protection is attempted. Collision avoidance, contact-
force limits, human safety, and compliance with semantic pro-
hibitions are objectives. CBFs, predictive filtering, reachability,
shielding, and constrained learning are mechanisms. Robustness
qualifies a property under perturbations; it is not automatically
physical safety. A robust policy may reliably execute an unsafe
instruction, while a safety filter may reject instructions without
producing a robust task policy.

Training paradigms and representations also differ. RL
optimizes behavior through interaction, whereas a world model
represents dynamics or consequences. A VLA can be fine-
tuned with RL and can incorporate learned dynamics. A joint
world-action architecture can predict both observations and
actions. These descriptions overlap legitimately; treating “safe
RL” and “RL” as independent axes builds semantic dependence
into the taxonomy before any empirical analysis begins.

We use six facets: safety objective; assurance mechanism;
model representation; platform; coordination setting; and

evaluation setting. Platforms include manipulation, navigation,
driving, aerial robots, and legged robots. Multi-agent operation
is a coordination attribute that can apply to any platform. Simu-
lation and hardware are evaluation settings, not robot types. No
facet is assumed statistically independent of another. Unreported
information is marked explicitly rather than converted into a
negative scientific judgment.

B. Safety Properties

Consider dynamics and observations

xt+1 = f(xt, ut, wt), ot = h(xt, vt), (1)

where disturbances wt and observation errors vt may be
uncertain. A state estimator produces a state or belief from
the available history, and a nominal policy proposes an action.
The safety claim must identify the property evaluated on the
resulting physical trajectory.

A hard state constraint requires xt ∈ S for every relevant
time. A chance constraint may instead require

Pr(∃t ≤ H : xt /∈ S) ≤ δ. (2)

A constrained learning objective commonly bounds expected
cumulative cost:

max
π

Jr(π) subject to Jc(π) = Eπ

[
H∑
t=0

c(xt, ut)

]
≤ d.

(3)
Equation (3) allows cost to be distributed unevenly among
trajectories. Equation (2) permits a specified failure probability.
Neither is equivalent to unconditional invariance. Likewise, a
calibrated estimate of safety probability is a statement about
predictive reliability under sampling assumptions, not by itself
an intervention guarantee.

Semantic constraints may concern sequences rather than
instantaneous states: an object must remain away from a
heat source, a robot must not enter a private space with-
out permission, or a liquid container must remain upright
throughout a transfer. Such properties require explicit temporal
scope and a measurable grounding in observations or state.
A benchmark’s predicate is an operational definition of the
hazard, not necessarily a complete specification of real-world
harm.
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Collection Normalization Candidate pool Review depth Abstract relevance

292 records 280 unique records 288 candidates

8 targeted additions

12 duplicates merged

Full-text inspected 26

Abstract-screened 262

Directly relevant
126

Contextual
122

Outside scope 12

Unclear 2

Fig. 2. Collection provenance and assessment depth. Ribbon widths and node heights share a linear record-count scale. Normalization yields 280 unique
records from 292 entries; 8 additions bring the collection to 288 candidates. The 26 full-text sources comprise 15 methods, seven reviews, two architectures, and
two benchmarks. The remaining 262 records are partitioned by AI-assisted abstract relevance judgments, pending author validation. All candidates are retained.
Assessment depth and study role do not establish safety effectiveness; the diagram does not imply exhaustive retrieval or database-specific screening counts.

C. Prediction in the Control Loop

Prediction can support training, runtime monitoring, action
selection, or recovery. These placements impose different
computational and validation requirements. A model trained
to predict future frames may improve representations without
generating runtime rollouts. A risk critic may summarize future
costs without reconstructing the scene. A model predictive
control (MPC) filter may simulate a short horizon and rely on
a terminal invariant set to account for what happens afterward.

Figure 3 places selected control and learned-prediction
methods on a common timeline using their first public source
years. The chronology traces connections across method
families without assigning priority for their underlying ideas.

V. PREDICTION AND ENFORCEMENT MECHANISMS

Figure 4 distinguishes learned prediction, finite-horizon
optimization, and pointwise admissibility. A world model
can supply dynamics to MPC, and a CBF can constrain the
optimizer or filter its output. Their composition requires com-
patible representations, uncertainty assumptions, and feasibility
conditions. The following subsections examine these roles and
the evidence supporting each mechanism; Table II summarizes
the comparison.

A. Barrier Functions and Predictive Control

For continuous-time control-affine dynamics ẋ = f(x) +
g(x)u, a safe set can be represented as S = {x : b(x) ≥ 0}.
Under the regularity and feasibility assumptions of the barrier
formulation, constraining

∇b(x)⊤[f(x) + g(x)u] + α(b(x)) ≥ 0 (4)

supports forward invariance. A quadratic program can seek
the closest admissible input to a nominal command. The
foundational automotive examples apply barrier constraints
to cruise control and lane keeping [2]. The open deployment
issues concern model uncertainty, perception, actuator limits,
feasibility, and the completeness of the hazard specification.

A predictive safety filter searches over a horizon for
admissible inputs and a terminal state from which a safe backup
controller exists. The nonlinear formulation links probabilistic
safety to uncertainty bounds, constraint tightening, and initial
feasibility [1]. Its terminal condition supports continued safety
beyond the predicted horizon by maintaining an executable
backup plan.

Predictive CBFs connect constrained prediction with barrier-
based recovery. Their auxiliary soft-constrained construction
can restore feasibility under specified conditions [13]. This
matters when a disturbance or model error takes the controller
outside the original feasible region. Recovery must nevertheless
be reported separately from prevention: returning to a safe
region does not imply that the intervening trajectory satisfied
the original hard constraint. Physical miniature racing experi-
ments demonstrate predictive filtering beyond purely numerical
control tasks [14], while also illustrating dependence on a
specific vehicle model and track specification.

B. Reachability and Shielding

Reachability methods characterize states from which failure
can occur under competing control and disturbance choices.
The result can guide action replacement, restrict actions, or
define a switching surface. Exact guarantees depend on the
modeled dynamics, disturbance set, failure set, and solution
accuracy. Approximating a value function with a neural network
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Selected milestones in control, learned prediction, and embodied safeguards

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

CBF-QP
Conditional forward invariance
Ames et al. (2016)

Predictive safety filter
Feasible backup trajectories
Wabersich & Zeilinger (2018)

Predictive CBF
Wabersich & Zeilinger (2021)

Racing safety filter
Tearle et al. (2021)
Recovery and hardware validation

SafeDreamer
Constrained world-model planning
Huang et al. (2023)

Gameplay filters
Nguyen et al. (2024)

ActSafe
As et al. (2024)
Adversarial prediction / exploration

SafeVLA
Zhang et al. (2025)

AEGIS (VLSA)
Hu et al. (2025)
Constrained training / runtime safeguards

DreamZero
Ye et al. (2026)

VLA-JEPA
Sun et al. (2026)

ForesightSafety-VLA
Lyu et al. (2026)

Intervention-aware
world model
Yin et al. (2026)

Years denote first public versions of the cited sources, not invention of a method family. Axis spacing is proportional to time.
Author-year references are clickable; full bibliographic entries appear in the manuscript. Coverage ends 10 September 2026.

Fig. 3. Selected milestones, positioned by first public source year on a linear time axis. The CBF-QP preprint appeared in 2016 (journal publication, 2017),
and the nonlinear predictive-filter preprint in 2018. Linked author–year labels identify sources, not dates of invention for entire method families. Sources span
control and predictive filters [2], [1], [13], [14], learned prediction [15], [16], [17], and VLA safeguards and predictive architectures [18], [19], [20], [21], [22],
[23].

changes the verification obligation: the learned approximation
must be related to the underlying safe set before the exact
result can be transferred.

Observation-conditioned reachability applies this idea to
quadrupedal navigation, using perception and disturbance
estimates to adapt a safety value function to new environments.
Its simulation and hardware demonstrations show useful transfer
across controllers and settings, while its reduced-order model
and learned approximation remain material assumptions [24].
The relevant comparison with a language-conditioned safeguard
is therefore about state information, intervention authority, and
approximation error, not simply network size.

Probabilistic shielding provides a different formal route. An
augmented Markov decision process (MDP) can restrict action
choices so that a policy satisfies an undiscounted avoidance
bound when the safety dynamics are known [25]. The statement
protects a specified probability budget. It does not mean every
trajectory is failure-free, nor does it establish that a learned
perception system has supplied the correct MDP state. The
interface between a grounded physical state and the formal
abstraction is part of the assurance case.

C. World Models for Constrained Learning

Learned dynamics can improve sample efficiency and make
safety evaluation possible from high-dimensional observations.
The representation may predict latent states, rewards, costs,
or uncertainty. These targets should not be conflated: low
reconstruction error may coexist with an inaccurate safety-cost
model.

SafeDreamer integrates world-model planning and La-
grangian updates in low-dimensional and visual safe-RL

tasks. It distinguishes online action planning from background
planning used to update a policy [15]. The reported benchmark
cost reductions support the usefulness of learned prediction,
but do not provide a universal per-trajectory safety certificate.
A policy deployed without online planning also has a different
intervention path from one that repeatedly checks imagined
trajectories.

ActSafe combines optimistic exploration with pessimistic
constraint evaluation under calibrated models, regularity condi-
tions, and an initial safe policy set. A scalable practical variant
addresses more complex visual-control settings [17]. The theo-
retical algorithm and its neural approximation provide different
evidence: transferring the guarantee requires establishing the
implementation’s calibration and other assumptions.

Driving-policy work on predictive safety representations pro-
vides further empirical evidence that future-violation features
can improve a reward–cost trade-off in tested datasets [26].
Such results are distribution- and optimizer-dependent. Dataset-
based evaluation is valuable but is not equivalent to deployment
in uncontrolled traffic.

D. Adversarial Imagination and Human Intervention

Gameplay filters use imagined interaction between a learned
safety policy and an adversary to decide whether to intervene.
Their full-order quadruped experiments include physical distur-
bances and irregular terrain [16]. This differs from sampling
likely futures: adversarial imagination attempts to expose
unfavorable ones. However, a trained adversary may not span
the actual disturbance space, and rollout time must be accounted
for before the intervention is applied.
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Quadruped navigation
Shared illustrative scenario

GoalObstacle
Observations and state estimate
Task and safety specification

a World model b Model predictive control c Control barrier function
Action-conditioned futures Constrained state trajectories Safe-set admissibility

Observed ot

Forward

Turn

Xf

ut

Predicted states and inputs

Admissible

b(x) = 0b(x) ≥ 0

Clearance

Current state and safety margin

Representation
Latent futures and safety costs;
optional decoded camera views.

Representation
State–input sequence x0:H , u0:H−1 ;
obstacle, input and terminal constraints.

Representation
Safe set S = {x : b(x) ≥ 0};
input-dependent boundary condition.

Decision
Use predicted costs to plan or learn.
Prediction alone does not enforce safety.

Decision
Optimize the plan; apply its first input.
Re-estimate and replan at each step.

Decision
Filter a nominal input to satisfy
ḃ(x, u) + α(b(x)) ≥ 0.

Assurance requires
Hazard-relevant prediction, validated
uncertainty and a safety mechanism.

Assurance requires
Valid model/error bounds and recursive
feasibility beyond the planning horizon.

Assurance requires
Valid barrier and dynamics; feasible timely
control from the certified safe set.

Huang et al., 2024 Wabersich & Zeilinger, 2021 Ames et al., 2017

Closed-loop example

World model
Predict consequences

MPC
Plan under constraints

CBF filter
Check / modify input

Robot
Execute input

Dynamics /
uncertainty

Proposed input
unom

t

Filtered input
ut

Executed action and new observations → updated state / belief estimate

Fig. 4. Three representations of a shared quadruped navigation scenario. (a) A visual world model predicts latent futures and may decode action-conditioned
camera views; safety-cost prediction additionally requires an appropriate model head and decision mechanism [15]. (b) MPC optimizes a trajectory under
constraints: dots denote predicted robot states, the obstacle envelope a clearance constraint, and Xf a terminal set [1]. (c) A CBF restricts current inputs
through a safe-set derivative condition [2]; predictive CBFs extend this construction [13]. The clearance sketch assumes planar velocity control; full quadruped
dynamics require an appropriate barrier formulation. The bottom row shows a possible closed loop. Model validity, barrier feasibility, and the effect of filtering
on MPC recursive feasibility must be established jointly. All views are conceptual vector illustrations, not sensor captures, model outputs, or hardware results.

A recent intervention-aware world model uses human
takeover signals to predict situations in which an operator would
intervene and to shape dexterous control [23]. This connects
human feedback to future-action evaluation, but takeover
behavior is a proxy for risk, influenced by operator caution and
task context. The source reports limited experimental replication
and local task variation. A lower intervention rate can indicate
improved autonomy, reduced operator vigilance, or both; task
success and physical violations must therefore be reported
alongside it.

E. VLA Training and Runtime Safeguards

SafeVLA demonstrates constrained Markov decision process
(CMDP) learning for VLA policies and introduces Safety-
CHORES for long-horizon mobile manipulation [18]. Its
evidence concerns specified predicates, elicited hazards, and
empirical cumulative costs. The useful research question is how
those gains transfer across embodiments, hazard definitions,
and policy architectures.

AEGIS supplies a complementary runtime mechanism: a
CBF-based constraint layer adjusts VLA actions. Its theorem
assumes accurate safety assessment, complete obstacle rep-
resentation, enclosing geometry, and safe initialization; the
stated collision property concerns the modeled end-effector and
obstacle [19]. Those conditions must accompany any guarantee
claim. Whole-arm collision, force-sensitive damage, missed
obstacles, or semantic misuse are not automatically covered
by an end-effector separation constraint. Its SafeLIBERO and
hardware experiments provide evidence for the evaluated setting
rather than for all embodied hazards.

Training-time and runtime mechanisms can be combined.
Constrained training may reduce how often a filter needs to
intervene, while a filter can provide a narrower explicit con-
straint at execution. Their composition must still be evaluated:
intervention changes the distribution of states visited by the
policy, and policy adaptation may change the assumptions used
to build the filter.
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F. Joint World–Action Prediction

DreamZero jointly predicts future video and actions and
learns from heterogeneous robot data. Its zero-shot task and
environment generalization builds on training with robot
demonstrations [20]. The architecture makes joint prediction
available, but a joint generator is not automatically a safety
evaluator. It still needs a hazard representation, a decision rule,
and an intervention mechanism whose behavior is checked
independently of the generated appearance.

VLA-JEPA uses future latent states to supervise represen-
tation pretraining, followed by action-head fine-tuning [21].
This objective does not itself establish runtime candidate
screening. Its placement of prediction differs from DreamZero’s
joint generation, with corresponding differences in latency,
uncertainty, and runtime monitoring.

VI. ASSURANCE REQUIREMENTS AND FAILURE MODES

A. Hazard-Relevant Representation

The physical property of interest must survive representation.
If a latent state preserves object position but not fragility,
mass, temperature, or contact force, a safety evaluator may be
unable to distinguish two scenes with different consequences.
Improving prediction on irrelevant pixels does not solve this
identifiability problem. Object-focused safety prediction demon-
strates why state-specific metrics can be more informative than
aggregate image metrics [28].

A specification should identify the protected entity, failure
event, time interval, observables, and allowable uncertainty.
For a manipulator, “avoid collision” may mean end-effector
separation, whole-body separation, limiting contact impulse, or
preventing contact with a particular object. Each interpretation
leads to a different state representation and controller. A
benchmark should publish the operational predicate used to
mark a violation, including which interactions are allowed
during successful completion.

Semantic interpretation introduces another interface. A
language model can propose a prohibited action while the
low-level controller correctly enforces geometric limits. Con-
versely, a harmless instruction can produce dangerous motion.
Instruction refusal, geometric feasibility, and execution safety
must therefore be tested separately, then jointly. A refusal can
be the right response to an unsafe goal, but is not a substitute
for collision protection during permissible work.

B. Prediction Error at the Safety Boundary

Consider a safety function b that is Lb-Lipschitz and an
error bound ∥xt+k − x̂t+k∥ ≤ ϵk. A sufficient margin for the
predicted state is

b(x̂t+k) ≥ Lbϵk. (5)

This elementary bound illustrates the required link between
predictive accuracy and a physical constraint. It is not a
guarantee for an arbitrary learned model: the norm, bound,
Lipschitz constant, and covered state domain must be justified.
When the bound holds only with a stated probability, so does the
resulting implication. A model that omits the relevant physical

variable cannot satisfy the premise merely by predicting
observations well.

Prediction errors can compound over the horizon. Increasing
the number of generated futures does not compensate for
shared model bias, and uncertainty estimates must distinguish
stochastic variability from lack of knowledge. Evaluation should
inspect false-safe predictions near the boundary and after
interventions, where the visited state distribution may differ
most from the training data.

Calibrated safety-chance prediction provides one route
to quantifying reliability. The inspected formulation uses
independent trajectories in its sampling argument, and its
calibration result concerns confidence-score error at the dataset
level [27]. It must not be reinterpreted as a guarantee for
temporally correlated frames, individual trajectories, or arbitrary
deployment shifts. Adaptation results and a calibration theorem
answer different questions and should be reported separately.

C. Intervention Timing and Authority

Prediction has operational value only while an effective inter-
vention remains possible. Let Tsense, Tinfer, Tassess, Tsolve, and
Tactuate denote sensing, inference, assessment, optimization,
and actuation delays. A necessary timing condition is

Tsense + Tinfer + Tassess + Tsolve + Tactuate < Trecoverable,
(6)

where Trecoverable is the remaining time before safe recovery
becomes impossible under the specified dynamics. The quantity
is scenario-dependent. A nominal inference frequency alone
does not establish the condition: queued commands, sensor
age, worst-case solver time, and actuator response also matter.

Recovery authority is equally important. A high-level lan-
guage planner may update slowly while a faster low-level
controller executes a buffered action sequence. If the monitor
can only reject the next high-level plan, its authority may be
insufficient to stop an ongoing hazardous motion. The system
description should identify which component can interrupt
execution, what happens to buffered commands, and how the
fallback remains feasible.

D. Composition and Operating Domain

An assurance claim should be written as an implication
from stated assumptions to a stated property. It should identify
perception validity, model uncertainty, admissible disturbances,
control feasibility, and timing conditions. If a runtime monitor
checks an assumption, the response to a failed check must also
be specified. An alarm whose fallback depends on the same
failed assumption does not close the argument.

Shared models create correlated failure modes. When one
network proposes an action, imagines its consequence, and
judges the imagined result, a representational omission can pass
through all stages. Independent geometric checks, separately
calibrated risk estimators, and monitors of model residuals can
provide complementary evidence, but independence should not
be assumed merely because components have different names.
World-model lifecycle security also matters here: compromised
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TABLE II
REPRESENTATIVE METHODS AND THEIR ASSURANCE EVIDENCE

Method Mechanism Assurance evidence Hardware

Conditional formal or calibration results

CBF-QP [2] CBF constraint Invariance∗ –
Predictive safety filter [1] Horizon + backup Probability bound∗ –
Predictive CBF [13] Soft-constrained prediction Recovery conditions∗ –
Probabilistic shielding [25] Restricted action set Probability bound∗ –
ActSafe [17] Constrained learning Theory + approximation∗ –
AEGIS / VLSA [19] Runtime CBF constraint End-effector separation∗ Yes
Safety-chance calibration [27] Risk prediction Confidence calibration∗ –

Empirical safety or intervention evidence

Racing safety filter [14] Horizon + backup Hardware safety filtering Yes
SafeDreamer [15] Constrained planning Empirical cost reduction –
SafeVLA [18] Constrained VLA learning Empirical cost reduction –
Gameplay filter [16] Adversarial rollout Empirical safety Yes
Observation-conditioned reachability [24] Safety value function Empirical safety Yes
Foundation safety predictor [28] Object-focused prediction Empirical prediction –
Predictive safety representations [26] Future-violation features Empirical cost reduction –
Intervention-aware WM [23] Takeover prediction Empirical behavior Yes

Predictive architectures

DreamZero [20] Joint world–action model Safety not established Yes
VLA-JEPA [21] Predictive pretraining Safety not established Yes
∗Conditional on the source’s stated assumptions and safety property; see the technical discussion and evidence dataset for details. “Yes” denotes reported
hardware evaluation; “–” means hardware evidence is not established in this comparison. Hardware evaluation alone does not establish a safety guarantee.

inputs or learned dynamics can produce convincing but unsafe
predictions [12].

An operational design domain (ODD) should therefore be
explicit. It includes the environment, embodiment, payload,
disturbances, sensing conditions, and human interactions for
which evidence is available. Outside that domain, the appropri-
ate behavior may be degraded operation, requesting assistance,
or stopping where a safe stop is feasible. No single fallback is
universally safe; the recovery policy must be evaluated under
the same physical conditions as the nominal behavior.

VII. EVALUATION AND REPORTING

A. Benchmark Scope

Safety-Gymnasium provides safe-RL tasks and algorithm
infrastructure, including multiple observation and agent settings
[29]. Safety-CHORES evaluates specified hazards in long-
horizon mobile manipulation [18]. SafeLIBERO focuses on
safety-critical manipulation scenarios for VLA evaluation
[19]. SafeAgentBench supplies executable hazardous tasks for
embodied language-agent planning [30]. ForesightSafety-VLA
separates physical, language, and vision-related variations and
reports process-level cost and risk exposure [22]. Their differing
hazard definitions and measurement procedures motivate a
closer comparison.

The remaining challenge is comparability and coverage.
A language-planning benchmark can evaluate unsafe goal
completion without measuring torque or contact damage. A
collision benchmark can enforce distance while overlooking
semantic misuse. A simulator can provide exact labels for

its internal dynamics while omitting the failure modes of a
physical sensor or actuator. Table III distinguishes these roles
without aggregating incomparable scores.

B. Minimum Evaluation Record

Every method comparison should define the hazard and
record the number of episodes, independent seeds, hardware
trials, and exposure duration. Report task success jointly
with at least one harm-specific violation measure. Distinguish
frequency from severity: a brief low-force contact and a severe
collision need not contribute equal cost. When combining haz-
ards into a scalar, disclose the weights and retain disaggregated
results.

Report the joint outcomes of safe success, unsafe success,
safe failure, and unsafe failure. A policy that stops immediately
can have a low violation rate without useful competence;
a successful policy can still accumulate unacceptable risk.
Intervention frequency, duration, recovery success, and residual
violations describe what the safeguard actually contributes.
Human takeover rate should include operator protocol and
opportunities to intervene.

Prediction evaluation should include false-safe and false-
unsafe rates, calibration, horizon dependence, and performance
near decision boundaries. Split data by independent episodes or
deployment contexts rather than adjacent video frames. State
whether probabilities refer to a single step, an entire episode,
or an aggregate sample. Report uncertainty intervals with the
resampling unit and avoid interpreting a no-failure sample as
proof of zero failure probability.
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TABLE III
REPRESENTATIVE EVALUATION RESOURCES AND THE LIMITS OF CROSS-BENCHMARK COMPARISON. THESE ARE PUBLISHED RESOURCES, NOT NEW

EXPERIMENTS IN THIS REVIEW.

Resource Safety evidence emphasized Additional deployment evidence needed

Safety-Gymnasium [29] Task reward and safety cost in controlled RL envi-
ronments

Whether task costs cover the deployed robot’s
physical hazards

Safety-CHORES [18] Predicate-based costs in long-horizon mobile manip-
ulation

Transfer across embodiment, perception, and hazard
definitions

SafeLIBERO [19] Manipulation under obstacles and safety interven-
tions

Whole-body, contact-force, and incomplete-
perception behavior

SafeAgentBench [30] Executable and semantic evaluation of hazardous
plans

Low-level motion and physical consequence valida-
tion

ForesightSafety-VLA [22] Structured scene/language/vision variation; cost and
exposure

External validity beyond the specified simulated
scenarios

C. Closed-Loop Stress Testing

A useful stress test varies both the task and the assumptions
behind the safeguard. Perturb observation quality, dynamics,
payload, contact properties, distractors, instruction phrasing,
and other-agent behavior. Include stale sensor data, delayed
prediction, infeasible optimization, missed obstacles, and
interruptions while commands are buffered. Separate failures
of perception, prediction, safety assessment, and intervention
wherever instrumentation permits.

Compare a nominal policy, a safeguard alone, safety-oriented
training alone, and their combination on matched conditions.
Keep episode budgets, observation access, action authority, and
hardware constraints comparable. A method with privileged
simulator state should not be presented as directly equivalent
to a vision-only method. Ablations should identify whether
improvements come from better task competence, a better
hazard representation, or a more effective intervention.

Physical validation adds evidence about model mismatch
and execution timing, but a small hardware demonstration
remains limited evidence. Report the operational envelope and
the changes between simulation and hardware. For safety-
critical failures, describe containment and recovery rather than
only successful demonstrations. When experiments cannot
safely reproduce a hazard, distinguish simulated evidence,
analytical justification, and physically measured components
of the argument.

VIII. DESCRIPTIVE COVERAGE AND LIMITATIONS

Figure 5 summarizes all 288 candidates by study role and
bibliographic year. Roles for full-text sources come from
technical evidence records; the remaining roles retain historical
provisional classifications. The subsequent abstract assessments
are recorded separately and do not recode these totals. All
records have a year, and each panel sums to the full collection.
These counts describe the assembled literature rather than
field-wide prevalence or mechanism effectiveness.

Supplementary association outputs use binary paper-level
labels. If Ai and Bj identify two labels, observed overlap is
Cij =

∑
n AniBnj and independence gives Eij = ninj/N ,

with N the number of candidate records. The descriptive deficit
(Eij − Cij)/(Eij + 1) is a regularized association residual. It

has no normative interpretation: independence is not an ideal
allocation of research effort.

Whole-paper bootstrap resampling preserves each record’s
label combinations. Permutation shifts an entire label block
between papers; an additional analysis permutes within
publication-era strata. This preserves within-block label relation-
ships in the permutation reference. The supplementary outputs
report intervals and rank frequencies, and explicitly label the
inputs as provisional. Resampling cannot repair selection bias,
missing studies, or inaccurate coding. Association tests are
therefore not used to establish the review’s central conclusions.

Risk weighting is an illustrative sensitivity exercise com-
paring equal weights with specified platform weights and
their perturbations. The weights were not obtained from
a documented expert elicitation and do not measure real
deployment risk. Likewise, exploratory topic modeling is
separated from technical classification. Its selection rule uses
mean UMass coherence across five seeds, with smaller topic
counts preferred in a tie; the metric and its in-sample character
are documented. Topic prevalence is not evidence of a safety
guarantee or an important research gap.

The review emphasizes interfaces between control and
foundation models. It does not exhaustively cover surgical
robotics, wearable assistance, certification practice, or every
application domain. Many recent results are preprints, making
source version and archival status relevant to interpretation.
Purposive full-text selection favors accessible, illustrative
methods. The evidence records expose that selection but
cannot replace broader domain expertise or independent author
validation.

IX. RESEARCH PRIORITIES

A. Safety-Relevant Dynamics

Learned representations should preserve variables that deter-
mine harm and expose uncertainty when those variables cannot
be inferred. Evaluation should measure hazard-prediction
and safety-function error alongside image quality and task
success. Counterfactual action tests can assess whether a
model responds to interventions rather than merely generating
plausible continuations. These are evaluation priorities, not
assumed capabilities of current world models.
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provisional classifications. (b) Recorded publication years, grouping foundational work before 2021. Each panel accounts for every candidate. Bibliographic
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B. Recovery Under Distribution Shift

Dependable intervention requires tracking when model error,
new obstacles, actuator saturation, or delay invalidate a recovery
strategy. Combining a rich nominal policy with a narrower
monitored safeguard requires explicit tests of representation
and timing compatibility. Evaluation should measure sustained
safety and useful task progress within a documented domain,
alongside intervention frequency.

C. Predictive Confidence

Predictive confidence should be evaluated at safety-critical
decisions. An average calibrated score can conceal errors
on rare, consequential states. Studies should state sampling
assumptions, test horizon-dependent calibration, and assess
post-intervention and shifted distributions separately. Human
feedback can help identify hazards, but operator-specific
takeover behavior remains a proxy for harm.

D. Comparable Assurance Records

A common assurance record should identify the property, as-
sumptions, intervention authority, runtime budget, independent
trials, and operating domain. Benchmarks should publish task
outcomes and the hazard predicates used to label failures. These
records would support comparison across control, world-model
learning, and VLAs while preserving differences in evidence
strength. Table IV links the proposed work to the limitations
identified in this review.

X. CONCLUSION

Predictive safety depends on the complete perception–
prediction–intervention loop. Control-theoretic filters connect
explicit assumptions to conditional guarantees; learned models
expand the observations, tasks, and consequences that can
be represented. Combining them requires a grounded safety

property, reliable uncertainty estimates, timely execution, and
feasible recovery.

The central research questions are which hazard-relevant
variables a system preserves, where its predictions remain
reliable, and whether its safeguard can act effectively. Progress
requires evaluating those interfaces in deployment conditions
and reporting empirical performance separately from condi-
tional guarantees.

DATA AND REPRODUCIBILITY

The repository provides the raw-to-canonical audit, query
log, source manifest, full-text evidence, abstract assessments,
taxonomy, analysis code, and generated figures. Quantitative
descriptions are regenerated from the canonical candidate
collection. Source PDFs are referenced by URL and hash rather
than redistributed. These artifacts support replication of the
analysis and inspection of its coverage and coding decisions.

The full bibliography includes the candidate collection for
traceability. Bibliographic inclusion does not imply eligibility
as primary safety evidence or full-text inspection.
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