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Abstract— Recent works have shown that foundational safe
control methods, such as Hamilton–Jacobi (HJ) reachability
analysis, can be applied in the latent space of world models.
While this enables the synthesis of latent safety filters for
hard-to-model vision-based tasks, they assume that the safety
constraint is known a priori and remains fixed during deploy-
ment, limiting the safety filter’s adaptability across scenarios. To
address this, we propose constraint-parameterized latent safety
filters that can adapt to user-specified safety constraints at
runtime. Our key idea is to define safety constraints by condi-
tioning on an encoding of an image that represents a constraint,
using a latent-space similarity measure. The notion of similarity
to failure is aligned in a principled way through conformal
calibration, which controls how closely the system may ap-
proach the constraint representation. The parameterized safety
filter is trained entirely within the world model’s imagination,
treating any image seen by the model as a potential test-time
constraint, thereby enabling runtime adaptation to arbitrary
safety constraints. In simulation and hardware experiments
on vision-based control tasks with a Franka manipulator, we
show that our method adapts at runtime by conditioning on the
encoding of user-specified constraint images, without sacrificing
performance. Video results can be found on the project website.

I. INTRODUCTION

World models offer a promising paradigm for generalizing

robot control to hard-to-simulate physical tasks by learning

compact latent state spaces and dynamics directly from

high-dimensional observations [1]–[4]. Recent works have

demonstrated that foundational safe control methods, such

as Hamilton–Jacobi (HJ) reachability analysis [5], [6], can

be applied directly in a world model’s latent space, enabling

safety analysis directly from high-dimensional sensor inputs.

By computing robot policies that anticipate and avoid future

failures within the world model’s imagination, these latent

safety filters can proactively steer robots away from hard-to-

model constraints, such as spilling the contents of deformable

bags [7] or toppling complex rigid-body structures [8].

However, most safe control frameworks assume that the

state constraints that robots should avoid are determined

a priori and remain fixed during deployment [6], [9]. In

practice, this assumption is overly restrictive: at deployment

time, a robot may need to adapt its notion of what is a

safety constraint based on changing environments or end-user

requirements. For example, consider the robot manipulator in

Fig. 1 that must sweep clutter from a table. In one scenario,

it needs to avoid sweeping objects in a particular region (top
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Fig. 1: Constraint-Parameterized Latent Safety Filter. The

latent safety filter adapts its safety constraint by conditioning

on an encoding of an image specified by the user as a failure.

row), but later it may be tasked with intentionally collecting

objects into that same region while avoiding a different one

(bottom row). This raises the central question of our work:

How can latent safety filters adapt to safety

constraints specified at test-time?

In this work, we design constraint-parameterized latent

safety filters (called AnySafe). The core challenge with pa-

rameterizing safety constraints in the latent space is that,

unlike in hand-designed state spaces, the structure needed to

represent and optimize against a suite of safety constraints

does not naturally emerge. In hand-designed state spaces,

one can design a low-dimensional parameterization of the

constraint set (e.g., a circle by its center and radius) alongside

a dense distance measure for guiding policy optimization

(e.g., signed distance to the constraint set); this allows for

the safety filter to be effectively computed for all possible

constraint variations. In latent spaces, by contrast, constraints

are typically only implicitly defined by classifiers on the

latent states [7], [8] which do not admit a continuous

parameterization to represent diverse safety constraints nor

yield a notion of proximity from a state to such constraints.

We propose three key ingredients that enable constraint-

parameterization in latent safety filters. First, we specify

safety constraints via a similarity measure between the em-

bedding of a constraint image and the robot’s current latent

state; this provides a dense signal of how close the policy

is to failure. Then, we calibrate the resulting constraint set

with conformal prediction [10], [11] to align with an end-

user’s semantic notion of failure. Lastly, we train the safety
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filter by treating any image in the world model dataset as

a possible test-time safety constraint. At runtime, we adapt

the latent safety filter by conditioning it on an encoding of

a user-specified constraint image, thereby adapting it to the

runtime safety specification.

We evaluate our framework on vision-based safe-control

tasks, including a simulated vehicle collision-avoidance do-

main and real-world object sweeping with a Franka ma-

nipulator. Our results highlight four key findings: (1) by

parameterizing the safety filter with constraint representa-

tions, AnySafe can adapt to arbitrary constraints provided as

images; (2) this adaptability does not come at the cost of per-

formance, as for a given constraint, the parameterized safety

filter achieves performance comparable to a specialized filter

trained solely on that constraint; (3) AnySafe generalizes to

constraints beyond those that specialized safety filters can

model; and (4) since AnySafe learns from continuous latent

similarity signals, conformal calibration allows us to control

how conservatively the robot avoids specified constraints by

adjusting the effective size of the failure set.

II. RELATED WORK

Safety Filtering in Robotics. Safety filtering is a control-

theoretic approach for preventing robotic systems from en-

tering unsafe states [6], [9]. Foundational methods enforce

safety by correcting the robot’s base control policy using

Control Barrier Functions [12], Hamilton–Jacobi (HJ) reach-

ability analysis [5], [13], or model predictive shielding [14].

Since the key challenge of these methods is the tractable

synthesis of a valid safety value (or barrier) function that

encodes a set of safe states, recent methods have leveraged

self-supervised learning [15] and reinforcement learning

(RL) [16], [17] to scale safety value functions and controllers

to high-dimensional nonlinear systems. More recently, latent

dynamics models [2], [4] have been used to compute these

safety filters in learned latent spaces [7], [8], enabling safe

control directly from high-dimensional image observations.

However, most existing approaches assume that the safety

constraint is fixed [6], [9], [18], and thus cannot generalize

beyond a predefined safety specification. With hand-designed

state spaces and dynamics models, safety constraints can be

updated online by precomputing families of reachable sets

parameterized by environmental or system factors [19], or by

incrementally updating safety specifications [20], [21]. Re-

cent works introduce observation-conditioned safety filters,

which adapt a safety value function for collision-avoidance

with current sensor observations [22]–[24]. In contrast, our

method operates in the world model’s learned latent state

space and adapts the safety filter to runtime user-specified

constraints, provided as RGB images of undesirable states.

Learning Conditioned Control Policies. Conditioned (or

parameterized) policies are a well-established way to enable

control policies to adapt to arbitrary objectives. Within the

safe control literature, this conditioning has been applied

to constraint thresholds [25], low-dimensional environmen-

tal parameters [19], or high-dimensional LiDAR observa-

tions [23], [24], all of which adapt the robot’s safety specifi-

cations at runtime. More broadly, goal-conditioned reinforce-

ment learning (GCRL) trains agents to achieve diverse user-

defined goals by conditioning policies and value functions

on goal representations, enabling zero-shot deployment with

runtime goal images without further training [26], [27].

GCRL relabels past experiences in a self-supervised manner

and learn value functions that capture similarities between

states [28], [29]. Instead of goal-conditioning, we constraint-

condition the HJ reachability problem with an RL-based

solver [16] in the imagination of a world model, self-labeling

past trajectories as potential safety constraints to make a

latent safety filter avoid diverse runtime safety constraints.

III. BACKGROUND: LATENT SAFETY FILTER

We briefly introduce latent safety filters [7], which serve as

the foundation of our method. A latent safety filter consists of

two components: a safety value function V è : Z → R, which

measures how close the robot is to inevitable failures, and a

safety-preserving policy πè : Z → A, which steers the robot

away from failure. In this work, we compute these models

via Hamilton–Jacobi (HJ) reachability analysis [5]. The key

innovation is that the value function and policy are optimized

within the learned latent state representation (z ∈ Z) of a

world model learned directly from RGB observations.

Latent States, Dynamics, and Constraints. World mod-

els [1], [2], [4] offer a paradigm for learning difficult-to-

simulate dynamical systems models directly from raw sensor

observations by jointly inferring a lower-dimensional latent

state z ∈ Z and its associated dynamics fz . These models

are trained with an offline dataset of robot–environment

interactions, Dtrain := {(ot, at, lt)
T
t=1}

Ntrain

i=1 . Here, each tra-

jectory consists of high-dimensional observations o ∈ O
(e.g., proprioception and RGB images), robot actions a ∈ A,

and failure labels l ∈ {−1, 1} that indicate the presence of

visible failures from an observation. (e.g., the contents of a

bag being spilled [7], or objects toppling into a sensitive

region [8]). Note that the failure is modeled as a binary

classification, where the notion of failure is assumed to be

fixed at training time and remains unchanged at deployment.

The world model consists of an encoder E that maps an

observation and a prior latent state ẑ ∈ Z into the posterior

latent representation z ∈ Z , and a latent dynamics model fz
that predicts the next latent state conditioned on an action.

Encoder: zt ∼ E(zt | ẑt, ot)

Latent Dynamics: ẑt ∼ fz(ẑt | zt−1, at−1)

Failure Classifier: lt = ℓz(zt),

(1)

where ℓz(zt) models the safety constraints as a classifier; it

returns whether the z is in failure or not. This formulation

describes a wide range of world models [1]–[4], [30].

Latent Safety Filter with a Fixed Failure Set. With

a binary classifier ℓz learned on the latent space, a

fixed safety constraint can be represented as a failure set

F := {z : ℓz(z) ≤ 0} ⊂ Z encoded via the zero-sublevel

set of the failure margin function. A latent safety filter for
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Offline: Learning a constraint-parameterized safety filter in latent space

Fig. 2: Framework: Constraint-Parameterized Latent Safety Filter. Left: The constraint-parameterized latent safety filter

is trained by sampling constraint images from the WM training dataset, treating any image as a possible test-time safety

constraint. Safety constraints are specified using a latent-space similarity measure, with a calibrated threshold that defines

the size of the failure set. Right: At runtime, the safety filter adapts to any safety constraint with a user-specified image.

the fixed failure set can then be constructed by performing

Hamilton–Jacobi (HJ) reachability analysis [5], [9] in the

latent space. Using the latent imagination of a pretrained

world model as the environment dynamics, the safety filter is

learned by solving the fixed-point safety Bellman equation 1:

V è(zt) = (1− γ)ℓz(zt)

+ γmin
{

ℓz(zt),max
at∈A

Eẑt+1∼fz(·|zt,at)V
è
(

ẑt+1

)

}

,

πè(zt) = argmax
a∈A

Eẑt+1∼fz(·|zt,a)V
è
(

ẑt+1

)

.

(2)

where γ ∈ [0, 1) is a time discounting factor ensuring a

contraction mapping [16]. We note that, unlike typical RL,

which maximizes the cumulative reward, this optimization

performs a min-over-time to remember if the trajectory ever

entered the failure set. Thus, V è(z) < 0 indicates that the

robot is doomed to enter the failure set if starting from z,

whereas V è(z) ≥ 0 implies there exists a safety-preserving

action (e.g., provided by πè) that can prevent future failure.

At runtime, this learned safety filter can be deployed to

safeguard any arbitrary task policy πtask with respect to a

fixed safety constraint. Given the current latent representation

z (embedded from the current observations) and the action

proposed by the task policy, the safety filter evaluates the

sign of V è of the next state z′ = fz(z, π
task) as a safety

monitor. Based on this evaluation, the filter either allows the

action from πtask to proceed or overrides it with the fallback

policy: aexec = 1{V è(z)>0} · π
task + 1{V è(z)≤0} · π

è(z).

IV. CONSTRAINT-PARAMETERIZED

LATENT SAFETY FILTER

In this section, we generalize the fixed latent safety filter by

parameterizing it on a constraint representation, zc, obtained

by encoding images of constraints that an end-user cares

to prevent, yielding V è(z; zc) and πè(z; zc). We describe

three key ingredients–a latent similarity measure, calibration,

and training–that enable constraint parameterization of latent

1This includes an expectation over transitions for stochastic dynamics
(e.g., RSSM [1]) but can be removed for deterministic ones (e.g., [4]).

safety filters, thereby making them adaptable at test time. The

overall framework is described in Fig. 2

Learning a Similarity Measure Over Failures. Recall

how the fixed latent safety filter requires a classifier for a

specific constraint. To generalize beyond a fixed classifier, we

propose utilizing a dense similarity measure ℓz(z; zc) in the

latent space, which represents how close z is to the specified

representation zc, thereby enabling any constraint embedding

to be used as a possible safety constraint. For example, a

natural choice could be cosine similarity between any world

model state, z, and the constraint embedding, zc. However, as

we find in Sec. V-B and Sec. VI-B, using the raw embeddings

from the world model to compute this similarity measure is

often not sufficiently informative nor aligned with an end-

user’s understanding of similarity. To address this, we train

a projector Ẽ : Z → Z̃ on top of the latent space, which

maps the world model’s representation z ∈ Z into a failure-

relevant latent representation z̃ ∈ Z̃:

Failure Projector: z̃ = Ẽ(z), (3)

Latent Failure Margin: ℓ̃z(z; zc) := − sim(z̃, z̃c). (4)

This ensures that the similarity sim(z̃, z̃c) provides a better

aligned measure of meaningful distances in the latent space,

enabling safety specifications to be represented by a dense

latent failure margin function.

In general, this projector can be trained in various ways

to align failure-relevant features, such as supervised metric

learning [31], representation learning [28], or alignment [32].

In this work, we adopt a simple supervised learning so that

similarity in the projected latent space reflects proximity to

failure-relevant features2.

Ultimately, safety constraints depend on an embedding zc
and are modeled via the δ-sub-level set (left, Fig. 2):

Fδ
zc

:= {z : ℓ̃z(z; zc) ≤ δ} = {z : − sim(z̃, z̃c) ≤ δ}, (5)

where sim(·, ·) is the cosine similarity between two vectors

and δ is a threshold for how similar a latent state must be

to the constraint embedding to be also considered a failure.

2A thorough comparison or the design of novel training objectives for
metric-space similarity measures is beyond the scope of this work.



Calibrating the Similarity-based Latent Failure Set. Re-

call that the latent failure set defined in Eqn. (5) depends on

the threshold δ, which determines its effective size.

We calibrate the threshold δ that defines the size of

the failure set to align with a user’s notion of failure set

size, thereby controlling how closely the robot is permitted

to approach the constraint representation, zc (middle left,

Fig. 2).

Specifically, we employ Conformal Prediction (CP), a

distribution-free statistical method [10], [11]. Using a held-

out calibration dataset that reflects the user’s understanding

of failures, we aim to provide a recall guarantee for detecting

failures conditioned on a representation [33]. The calibration

dataset consists of latent pairs with ground-truth labels,

Dcalib :=
{(

(zj , z
′
j), yj

)}Ncalib

j=1
, where yj ∈ {0, 1} indicates

whether the pair of representations are similar. We then

employ class-conditioned CP [8], [34] to guarantee the recall

of failures at a user-specified confidence level α ∈ [0, 1]:

P

(

ℓ̃z(ztest; z
′
test) ≤ δ | ytest = 1

)

≥ 1− α. (6)

This is implemented by only using positive latent pairs from

the same class (i.e., yi = 1) and defining the conformal

nonconformity score as − sim(z̃j , z̃
′
j). The threshold δ is then

chosen as the (1−α)-quantile of the set {− sim(z̃j , z̃
′
j)}

N
i=1,

obtained by selecting the ⌈(1 − α)(N + 1)⌉-th smallest

value, where N denotes the number of positive pairs in the

calibration dataset. This class-conditioned CP guarantees the

recall of failure [34], P
(

ztest ∈ Fδ
z′

test
| ytest = 1

)

≥ 1− α.

Training Constraint-Parameterized Latent Safety Filter.

Finally, we train a constraint-parameterized latent safety filter

entirely within the latent imagination of the world model.

During training, we treat any observation from the world

model dataset as a candidate failure we could see at test-

time; we randomly sample observations, encode them into

zi, and solve the constraint-parameterized fixed-point safety

Bellman equation conditioned on them (top middle, Fig. 2):

V è(zt; zi) = (1− γ) ℓ̃z(z̃, z̃i)

+γmin
{

ℓ̃z(z̃, z̃i),max
at∈A

Eẑt+1∼fz(·|zt,at)V
è
(

ẑt+1; zi
)

}

,

πè(z; zi) = argmax
a∈A

Eẑt+1∼fz(·|zt,a)V
è(ẑt+1; zi),

(7)

where γ ∈ [0, 1) is a time discounting factor similar to (2).

Intuitively, the safety value function V è(zt; zi) measures

how close the robot, starting from z̃t, comes to the failure

representation z̃i in Z̃ despite its best-effort safety policy

πè(zt; zi) to minimize similarity with that representation. As

zi is sampled randomly from the training dataset, the safety

filter can treat either one of these or a newly interpolated

representation as a potential failure at test time.

Runtime Constraint-Parameterized Safety Filtering. At

runtime, a user provides a constraint image oc, which is

encoded into a constraint representation zc = E(oc) and used

to adapt the safety filter to the specified constraint (right,

Fig. 2). The safety value function evaluates whether the

action proposed by the task policy would inevitably enter the

latent-space failure set defined by the calibrated threshold,

and intervenes with the safety-preserving policy if necessary:

aexec
zc

:=







πtask, if V è
(

fz(z, π
task); zc

)

> δ,

πè(z; zc), otherwise.
(8)

Intuitively, the safety filter ensures that the observations–and

the corresponding latent states—are dissimilar enough (by a

δ margin) to the conditioned runtime safety constraint.

Note that in (8), we apply the calibrated threshold directly

to the value function V è, while the guarantee in (6) only

ensures that the similarity measure ℓ̃z is calibrated. Ap-

proximate value function solvers (e.g., RL [16]) can induce

errors, but directly calibrating the value function requires

stronger assumptions about access to ground-truth unsafe set

labels [33]. We thus apply the similarity-calibrated threshold

δ directly to the value function at runtime, assuming that

approximation errors are marginal. Importantly, this enables

calibration to be performed post hoc, without the need to

retrain the safety filter for different calibration results.3

V. SIMULATION RESULTS

We first conduct experiments with a low-dimensional,

benchmark collision-avoidance navigation task where priv-

ileged information about the state, dynamics, safe set, and

safety controller is available. We focus on the following

questions: (i) Can AnySafe adapt to diverse test-time safety

constraints? (ii) Does calibration of AnySafe correctly align

the safety filter with the user’s understanding of failure?

A. Experimental Setup

Privileged Dynamics: 3D Dubins’ Car. Let discrete-

time dynamics with privileged state be s = [px, py, θ]
st+1 = st + ∆t [v cos(θt), v sin(θt), at], where the robot’s

action is continuous angular velocity at ∈ A = [−amax, amax]
with amax = 1.25 rad/s, while the longitudinal velocity is

fixed v = 1m/s. The time discretization is ∆t = 0.05 s.

World Model. We adopt Dreamer [2] with the latent dynam-

ics model of the Recurrent State Space Model (RSSM) [1]

with continuous latents. The world model is trained using

an offline dataset of Ntrain = 4, 000 observation–action

trajectories collected without failure labels. Each observation

is a 3 × 128 × 128 image of the environment and vehicle

(Fig. 3), while actions are randomly sampled during trajec-

tory generation. Each trajectory terminates after T = 100
timesteps or earlier if the ground-truth x or y coordinate

leaves the environment bounds of [−1.5m, 1.5m].

Failure Projector & Calibration. We train the fail-

ure projector, implemented as a 2-layer MLP, sam-

pling from the world model training dataset to construct

{(zi1, zi2, si)}. The ground-truth similarity score is defined

as si = max[1 − 1√
2
{(pxi1 − pxi2)

2 + (pyi1 − pyi2)
2},−1.0],

3In the Appendix, we prove that with a perfect value function solver,
applying the calibrated threshold δ directly to the value function yields the
same unsafe set as solving a threshold-dependent value function.
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Fig. 3: Dubins’ Car Qualitative Results. We visualize

the safety value function parameterized on two different

constraints, shown at heading slices θ ∈ {0, π/4, π/2}.

Method fz ℓz ℓ̃z FPR↓ Rec.↑ Pre.↑ F1 ↑ B.Acc.↑ Safe Rate↑

Privileged-Fix ✗ ✗ ✗ 0.030 0.982 0.991 0.987 0.976 0.960

Privileged-Any ✗ ✗ ✗ 0.050 0.977 0.986 0.982 0.964 0.988

Latent-Fix ✓ ✓ ✗ 0.041 0.971 0.988 0.980 0.965 0.908

Latent-Fix-Cont ✓ ✗ ✓ 0.080 0.972 0.977 0.975 0.946 0.904

Anysafe (w.o. Proj) ✓ ✗ ✗ 0.480 0.991 0.881 0.933 0.755 0.836

AnySafe ✓ ✗ ✓ 0.082 0.966 0.977 0.971 0.942 0.924

TABLE I: Comparison of Safety Filter in Dubins’ Car.

AnySafe accurately adapts to different safety constraints

while maintaining safety performance comparable to a filter

trained for a single safety constraint.

based on the ground-truth robot positions. The failure pro-

jector is then trained with the mean-square error (MSE)

loss L̃i =
(

sim(z̃i1, z̃i2) − si

)2

. The calibration dataset

consists of Ncalib = 3, 000 held-out images labeled with robot

positions. Pairs within ϵ = 0.5m are labeled positive, and

used to compute the threshold δ with α = 0.005.

Latent Safety Filter Setup. We use DDPG [35] as our

solver for computing the latent safety filter. We randomly

sample initial robot observations and the failure observations

from the world model training data and encode both into the

latent state. For runtime filtering (8), we add a small margin

(0.1) to the calibrated threshold.

Evaluation & Metrics. In this low-dimensional exam-

ple, we have access to the ground-truth dynamics and can

compute a high-quality “ground-truth” safety value function

using grid-based methods [36]. This enables us to directly

evaluate the safety monitor V è’s classification accuracy

across all three state dimensions. We evaluate the quality

of the safety value function conditioned on 50 different

constraint images. We measure the classification accuracy

across all three state dimensions. To assess the performance

of the fallback policy πè, we roll out the learned policies

from 250 ground-truth safe initial states and measure the

safety rate by checking whether the safety policy ensures

the robot never enters the ground-truth failure set.

Method FPR↓ Recall ↑ Pre.↑ F1 ↑ B.Acc.↑ Safe Rate↑

Z × Z 0.082 0.966 0.977 0.971 0.942 0.924

Z × P 0.221 0.912 0.946 0.929 0.845 0.904

Z × Z̃ 0.064 0.933 0.981 0.957 0.935 0.828

Z̃ × Z̃ 0.113 0.910 0.967 0.938 0.899 0.504

TABLE II: Ablation: Parameterization Strategies. The

constraint-parameterized latent safety filter shows the best

performance when parameterized with latent representations,

with constraints randomly sampled from the training dataset.

B. Can AnySafe Adapt to Diverse Safety Constraints?

We first study whether AnySafe can be parameterized on

diverse constraints without sacrificing safety performance.

Baselines. We compare AnySafe against the following

baselines. Privileged baselines train safety filters using RL

with privileged ground-truth states [16], with a single circular

failure set of radius ϵ = 0.5 centered at (0 ,0 ) (Privileged-

Fix), or by parameterizing with the position of the constraint

in a privileged state-space (Privileged-Any). Latent baselines

use the world model, raw image observations as input, and

center the failure set in the middle of the plane. Latent-Fix [7]

employs a single failure classifier while Latent-Fix-Cont uses

a continuous similarity signal ℓ̃z to the representation of an

image with the vehicle at the center. Lastly, Anysafe (w.o.

Proj) solves (7) using raw latent similarities without the

failure projector. For baselines restricted to a single safety

constraint (the *-Fix variants), we report performance only

against the ground-truth center failure region.

Results. Qualitative results in Fig. 3 show that AnySafe

adapts to diverse failure sets when conditioned on different

constraint representations, constructing accurate constraint-

parameterized unsafe sets. Quantitative results in Table I

first confirm that latent safety filters achieve performance

comparable to safety filters trained with privileged states,

consistent with [7]. In both privileged-state (Privileged-Any)

and latent-state (AnySafe) settings, conditioning on failure

states during training enables the safety filter to generalize to

arbitrary failure sets. Furthermore, AnySafe achieves safety

monitor performance and safe rates comparable to those of

a filter trained for a single fixed failure set (Latent-Fix),

while maintaining the ability to adapt to arbitrary safety

constraints. Moreover, AnySafe without the failure projector

(Anysafe (w.o. Proj)) performs significantly worse with low

accuracy and safe rate. This confirms our hypothesis that the

raw latent space of the world model is not well aligned for

detecting failures and that the failure projector is necessary

for effective parameterization of the latent safety filter.

Ablation: How should the latent safety filter parameterize

the safety constraint? We hypothesize that sampling

constraint representations from the world model training

data enables effective parameterization of the latent safety

filter, by exposing it to possible test-time constraints and

allowing it to learn to interpolate between them. To test

this, we ablate the conditioning strategy for both training

(7) and runtime filtering (8). We compare four variants: (i)

(z; zc) ∈ Z × Z , which conditions directly on latent states
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Fig. 4: Qualitative: Thresholds Calibrated with Different

Datasets. We visualize the failure and unsafe sets constructed

with thresholds calibrated from different datasets. AnySafe

can adjust the size of the failure sets through calibration.

Threshold FPR↓ Recall ↑ Pre.↑ F1 ↑ B.Acc.↑ Safe Rate↑ Min. Dist

δ = δ0.3 0.145 0.986 0.986 0.982 0.917 0.908 0.377

δ = δ0.4 0.111 0.974 0.981 0.977 0.932 0.880 0.477

δ = δ0.5 0.082 0.966 0.977 0.971 0.942 0.924 0.569

TABLE III: Quantitative: Thresholds Calibrated with

Different Datasets. The same safety filter is used with vary-

ing thresholds calibrated from different datasets. Minimum

distances to the failure set are measured using ground-truth

states and averaged over trajectories.

and constraint representations; (ii) (z; p) ∈ Z × P , which

samples only from a small set of “prototypes ”of the latent

representations P ⊂ Z during training and uses the nearest

prototype to the embedding of a user-specified constraint

image at runtime. Prototypes are computed via K-means

clustering with 9 cluster centers. (iii) (z; z̃c) ∈ Z×Z̃ , which

conditions the safety filter on projected latent representations;

and (iv) (z̃; z̃c) ∈ Z̃ × Z̃ , which conditions both the current

state and the projected latent failure representation.

Table II shows that the latent safety filter performs best

when conditioning on the original latent states. Conditioning

on diverse failure representations yields high-quality value

functions without sacrificing performance, whereas condi-

tioning on a restricted subset P ⊂ Z fails to generalize

across diverse failure sets. Notably, conditioning on projected

latent representations underperforms, as the projection omits

critical state information (e.g., angles) required to accurately

recover unsafe sets, preserving only features needed for

similarity measures (e.g., positions).

C. Does Calibration Adaptively Control the Failure Set Size?

Since AnySafe specifies safety constraints based on contin-

uous latent similarities, the conformal calibration defines the

effective size of the failure set and, thus, the unsafe set. To

evaluate the conformal calibration process, we test whether

the calibrated threshold leads to failure and unsafe sets that

align with the user’s understanding of the safety constraints.

Setup. We construct three calibration datasets of equal

size, but with labels defined under different criteria for

detecting failures, yi = 1
{

(pxi1 − pxi2)
2 + (pyi1 − pyi2)

2 < ϵ
}

.
Specifically, we build D0.3

calib, D
0.4
calib, D

0.5
calib using thresholds

ϵ ∈ {0.3, 0.4, 0.5}, and compute respective {δ0.3, δ0.4, δ0.5}.

Results. Fig. 4 shows that unsafe sets of different sizes can

be accurately estimated using different calibration datasets.

The value function learned from continuous similarity signals

produces a smooth estimate of the worst-case similarity to

the safety constraint. By applying calibrated thresholds to

this value function, the safety filter can construct different-

sized unsafe sets for runtime filtering. Table III further

confirms that calibration enables accurate construction of

unsafe sets of varying sizes, effectively constraining how

closely the system can approach a safety constraint. The

calibrated thresholds yield a high-quality value function with

high accuracy. It also maintains a high safety rate during

rollouts and ensures that minimum distances to the failure

position remain above the desired value, which is the radius

ϵ plus a small margin (0.1) that we use for runtime filtering.

VI. HARDWARE RESULTS: VISION-BASED SWEEPING

WITH A ROBOTIC MANIPULATOR

We scale AnySafe to a real-world visual manipulation task

using a Franka Research 3 arm equipped with a third-person

camera. The robot is tasked with sweeping small objects on

a table using a brush, while avoiding a constraint specified at

runtime with an image showing objects in the failure region.

A. Experimental Setup

World Model. Following [7], we adopt DINO-WM [4] as

the latent dynamics model, and DINOv2 [37] as the encoder.

We record 3×244×244 RGB images at 15 Hz, along with the

end-effector poses. Actions control only the end-effector’s

x−y positions and yaw angle. For training the world model,

we collect 1,300 trajectories: 300 from teleoperation and

1,000 from random Gaussian-sampled actions.

Failure Projector & Calibration. Since the safety specifi-

cation for this task depends on the positions of objects on the

table, labels are generated from similarity scores computed

using the pixel coordinates of the objects’ centers of mass.

We train a failure projector with 300 labeled trajectories,

sampling latent pairs of images and optimizing an MSE

loss as in Sec. V. For calibration, we construct a dataset

of Ncalib = 4, 000 labeled images, from which pairs are

sampled, and the threshold is then calibrated with α = 0.1.

Latent Safety Filter Setup. We use DDPG [35] as the

solver for the latent safety filter, sampling initial states and

constraints from the world model training data.

B. Can AnySafe Safeguard a Runtime-Specified Constraint?

Setup. The task policy πtask is human teleoperation, where

the teleoperator controls the end-effector’s pose while being

filtered by AnySafe. At runtime, the failure representation zc
is specified by an image depicting an undesirable outcome,

such as placing objects within the failure region.

Results: Qualitative. As illustrated in Fig. 5, the teleopera-

tor can freely sweep the objects when they are sufficiently far

from the safety constraint specified at runtime. When the ob-

jects approach the region indicated by the constraint image,
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Fig. 5: Qualitative Results: Filtering πtask on Hardware. AnySafe adapts the safety filter based on the different constraint

images, intervening only when the chocolates come close to the runtime failure regions indicated in the constraint images.

𝛿
Fig. 6: Quantitative Results. Left: Empirical distribution

of distances between the current object positions and those

in the failure images. Right: Portion of states outside the

failure set and success rate. AnySafe keeps distances from

the runtime failure region above the threshold.

however, the safety filter detects the proximity and prevents

entry into that region. This safety behavior is conditioned on

the constraint representation, showing adaptive behavior for

different safety constraints (middle and right of Fig. 5).

Results: Quantitative. We record 30 trajectories with

different safety constraints, each sweeping the objects close

to the failure region specified by the constraint image. We

then replay these action sequences as πtask from the same

initial states, with the safety filter adapted to each safety

constraint. We compare against LatentSafe [7], which trains

three separate safety filters for different safety constraints

using binary classifiers, each corresponding to one of three

distinct regions. At test time, the constraint image is assigned

to one of these regions, and the corresponding safety filter

is applied to the base policy. Fig. 6 shows that AnySafe

achieves higher success rates and consistently keeps the

distances to the failure regions below the thresholds (< 2%).

In contrast, LatentSafe fails to satisfy arbitrary safety con-

straints, highlighting its limited adaptability.

C. AnySafe’s Generalization Beyond Fixed Safety Filters

We next ask whether a single AnySafe can generalize

across diverse constraints better than multiple fixed filters.

We compare AnySafe to three fixed filters (LatentSafe),

each specialized on a different failure region with its own

failure classifier. We measure the safety values of each

method during a replayed open-loop trajectory that sweeps

objects through the three failure regions.

Results. Fig. 7 shows that when AnySafe is adapted with

a constraint image corresponding to one of these failure
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𝑉 ;ݖ 2𝑉2ݖ ݖ ߜ
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Fig. 7: Parameterized (AnySafe) vs Fixed (LatentSafe)

Safety Filter. Left: Images of three constraints (o1, o2, o3)

corresponding to each fixed filter. AnySafe adapts to a new

constraint, o2.5, in between 2 and 3 at test time. Right: Safety

value functions of the fixed and the parameterized filter.

regions (o1, o2, o3), it produces a safety value function sim-

ilar to that of LatentSafe (top three graphs of Fig. 7). By

contrast, when AnySafe is adapted with a constraint image

located between the failure regions (o2.5), it identifies the

new unsafe set (bottom of Fig. 7), whereas none of the safety

value functions LatentSafe detect it as unsafe. Moreover,

the AnySafe computed directly from raw DINOv2 representa-

tions without the failure projector (3) yields ineffective value

function estimates (bottom graph of Fig. 7), as raw DINO

similarities are not aligned with safety similarity semantics.

D. Can AnySafe Adapt its Level of Conservativeness?

We show that the calibration process allows control over

the level of conservativeness by selecting different values of

α in (6), enabling adaptive conservativeness of filtering.

Setup. Using the same calibration dataset, we perform

calibration with α ∈ {0.01, 0.1} to get δ0.1 and δ0.01. For

each calibrated threshold, we replay 15 action sequences as

πtask that attempt to sweep the objects in the same direction

from different starting points, while AnySafe filters the πtask.

Results. Fig. 8 shows the filtered trajectories with different

thresholds. It shows that AnySafe can enforce different levels

of conservativeness depending on α during the calibration.
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Fig. 8: Safety Filtering with Different Conservativeness.

Smaller α in calibration leads to more conservative filtering.

While consistently preventing the system from entering the

failure region specified by the constraint images, a smaller

α yields larger margins from the failure region by activating

the safety filter more proactively with a calibrated threshold.

VII. CONCLUSION & LIMITATIONS

In this work, we propose AnySafe, a constraint-

parameterized latent safety filter that adapts to runtime safety

constraints. To enable constraint parameterization in latent

space, we condition safety filters on constraint representa-

tions encoded from images, using a latent-space similarity

measure and conformal calibration to align similarities with

the user’s notion of failure. Through experiments, we show

that AnySafe adapts to arbitrary safety constraints specified

by a failure image, while also allowing control over the con-

servativeness of the filtering through conformal calibration.

Limitations. Our work assumes adaptation only to images

seen during world model training, leaving open the challenge

of generalizing to unseen constraints. It also relies on dense

labels for learning failure-related similarity measures, moti-

vating future work on data-efficient metric learning to better

align similarity with a user’s notion of failure.
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VIII. APPENDIX

A. Implementation Details

Dubins Car. For the Dubins Car experiments, we use

a Recurrent State-Space Model (RSSM) [1] as the world

model. RSSM decomposes the latent state into determin-

istic and stochastic components, zt := [ht|xt], where the

stochastic latent is modeled as a distribution and optimized

via the KL divergence between its prior and posterior. We

build on the open-source implementation of DreamerV34.

We use a continuous stochastic latent space modeled as a

32-dimensional Gaussian. The action space is normalized to

[-1, 1]. The hyperparameters for the Dubins Car experiments

are provided in Table IV.

HYPERPARAMETER VALUE

IMAGE DIMENSION [128, 128, 3]

ACTION DIMENSION 1

STOCHASTIC LATENT Gaussian

LATENT DIM (DETERMINISTIC) 512

LATENT DIM (STOCHASTIC) 32

LATENT DIM (FAILURE PROJECTOR) 512

ACTIVATION FUNCTION SiLU

ENCODER CNN DEPTH 32

ENCODER MLP LAYERS 5

FAILURE PROJECTOR LAYERS 2

BATCH SIZE 16

BATCH LENGTH 64

OPTIMIZER Adam

LEARNING RATE 1e-4

ITERATIONS 10000

TABLE IV: Dreamer Hyperparameters

Vision-Based Sweeping. For the real-world hardware task,

we use DINO-WM [4], a transformer-based world model

that represents latent states using the patch tokens of DI-

NOv2 [37]. The DINOv2 encoder is kept frozen, and only

the parameters of a vision transformer are trained. The

latent ẑt+1 consisting of dense patch tokens is determin-

istically predicted by conditioning on a sequence of past

normalized actions at−H:t and latent tokens zt−H:t from the

previous H timesteps. The model is trained with teacher

forcing to ensure temporal consistency by regressing the

latent patches, using the mean squared error (MSE) loss:

LDINO = ∥E(ot+1)− fz(zt−H:t, at−H:t)∥
2
. The hyperpa-

rameters for DINO-WM are provided in Table V. To measure

the similarity of DINOv2 features in Sec. VI-C, we compute

the norm of the patch tokens to obtain a global feature

z ∈ R
384 from the dense patches z ∈ R

Npatches×384.

4https://github.com/NM512/dreamerv3-torch

HYPERPARAMETER VALUE

IMAGE DIMENSION [224, 224, 3]

ACTION DIMENSION 3

DINOV2 PATCH SIZE (16 × 16, 384)

VIT DEPTH 6

VIT ATTENTION HEADS 16

VIT MLP DIM 2048

LATENT DIM (FAILURE PROJECTOR) 512

ACTIVATION FUNCTION SiLU

FAILURE PROJECTOR LAYERS 2

BATCH SIZE 16

BATCH LENGTH 4

OPTIMIZER Adam

LEARNING RATE 5e-5

ITERATIONS 100000

TABLE V: DINO-WM Hyperparameters

HJ Reachability Analysis. To solve the latent fixed-

point safety Bellman equation, we adopt DDPG [35] within

an off-policy, model-based reinforcement learning frame-

work, using the implementation from [38]5. We model

the safety value function as a latent-action value func-

tion conditioned on the constraint representation Q(z, a; zc).
The safety policy is parameterized by an actor-network

a = πè(· | z, zc) ∈ [−1, 1]daction , and the safety value is

evaluated by V è(z) = maxa Q(z, a; zc) = Q(z, πè(z, zc)).
Each trajectory starts from random initial states with ran-

domly sampled constraint representations. The replay buffer

B then stores transitions of the form (z, zc, a, l̃, z
′). The

safety filter is optimized using the following objectives:

Lcritic := EB
[

(Q(z, a; zc)− y)
2
]

(9)

y = (1− γ) l̃ + γmin{l̃,max
a′

Q(z′, a′; zc)}. (10)

Lactor := Ez∼B [−Q(z, a; zc)] , a = πè(· | z, zc), (11)

where γ is scheduled from 0.85 to 0.9999. The hyperparam-

eters for training DDPG are summarized in Table. VI.

HYPERPARAMETER VALUE

ACTOR ARCHITECTURE [512, 512, 512, 512]

CRITIC ARCHITECTURE [512, 512, 512, 512]

NORMALIZATION LayerNorm

ACTIVATION ReLU

DISCOUNT FACTOR γ 0.9999

LEARNING RATE (CRITIC) 1e-3

LEARNING RATE (ACTOR) 1e-4

OPTIMIZER AdamW

NUMBER OF ITERATIONS 640000

REPLAY BUFFER SIZE 1000000

BATCH SIZE 512

MAX IMAGINATION STEPS 30

TABLE VI: DDPG hyperparameters.

B. Failure Projector

In Sec. IV and Eq. (3), we define a failure projector that

maps the raw latent representation of the world model into

a metric space where similarities are better aligned with the

5https://github.com/jamesjingqili/Lipschitz_

Continuous_Reachability_Learning
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Fig. 9: Dubins’ Car Qualitative Result with Raw Unpro-

jected Features. We visualize the latent similarity and safety

value function at heading slices θ ∈ {0, π/4, π/2} using the

raw Dreamer features without applying the failure projector.

user’s notion of failure. Since AnySafe constructs the failure

set based on a latent-space similarity metric, the projected

latent space retains only failure-relevant features. In Sec. VI-

C, we qualitatively demonstrate that the raw DINOv2 latent

space is insufficient to define a failure set, yielding a noisy

and uninformative similarity metric that cannot capture fine-

grained position-based differences, which in turn degrades

the quality of the value function.

Architecture. We implement the failure projector as a

2-layer MLP, with the architecture summarized in Ta-

ble VII. For RSSM, the input is the latent vector formed

by concatenating the deterministic and stochastic compo-

nents, zt = [ht |xt], resulting in an input dimension of

din = 512 + 32 = 544. For DINO-WM, we compute the

norm of the patch tokens from the dense latent features

z ∈ R
Npatches×384 and concatenate the proprioceptive state,

yielding an input dimension of din = 384 + 3 = 387.

LAYER INPUT DIM OUTPUT DIM NORMALIZATION

Linear din din LayerNorm

Linear din 32 LayerNorm

TABLE VII: Failure Projector Architecture

Ablation. We provide a qualitative evaluation of the raw

world model latent space of Dreamer in the Dubins Car.

Fig. 9 shows both the feature similarities computed us-

ing unprojected world model latents and the corresponding

safety value function learned with these latents. Compared

to the results learned from projected features shown in

Fig. 3 and Fig. 4, the unprojected similarities fail to rep-

resent position-based, failure-relevant distinctions, resulting

in poorly learned value functions.

C. Calibration of Latent Similarity

In Sec. IV, we compute a threshold for defining a latent

failure set and then apply this threshold at runtime for

safety filtering in (8), operating on the safety value func-

tion. Formally, this calibration procedure guarantees only

that the similarity measure—and the corresponding failure

set—are calibrated. Approximate value function solvers (e.g,

RL) can still induce errors in the downstream safety filter,

and calibrating the value function directly requires stronger

assumptions about access to the ground-truth unsafe set

labels [33]. Nevertheless, we prove in Theorem 1 that under

a perfect value function solver, the calibrated threshold δ
can be applied directly to the value function learned from

the similarity measure, yielding an unsafe set defined as the

sub-threshold level set of the value function.

Specifically, we show that learning a threshold-dependent

safety value function V è

δ with a safety margin ℓδz := ℓz − δ,

is equivalent to learning the value function V è from the

raw latent similarity ℓz and applying the threshold δ post

hoc. This equivalence implies that calibration can be per-

formed after computing the value function using the latent

similarities without adjusting them with thresholds, whereas

threshold-dependent training would require recomputing the

value function whenever the threshold changes.

Theorem 1. Let ℓz : Z → R be a safety margin function.

Consider the discrete-time safety Bellman backup operator:

(TV )(zt) = (1− γ) ℓ(zt) (12)

+ γmin
{

ℓ(zt), max
at∈A

Eẑt+1∼fz(·|zt,at)

[

V (ẑt+1)
]

}

.

Let V è denote its unique fixed point. For a constant δ ∈ R,

define ℓδz := ℓz − δ and let Tδ be the safety Bellman backup

operator T where the margin function ℓz is replaced by ℓδz:

(TδV )(zt) = (1− γ) (ℓ(zt)− δ) (13)

+ γmin
{

ℓ(zt)− δ, max
at∈A

Eẑt+1∼fz(·|zt,at)

[

V (ẑt+1)
]

}

.

Let the fixed point of this Bellman backup be V è

δ . Then:

V è

δ = V è − δ and (14)

{ z : V è

δ (z) < 0 } = { z : V è(z) < δ }. (15)

Proof. Let V : Z → R be any value function. Recall the

linearity of expectation and the shift-invariance identities:

min{a− δ, b− δ} = min{a, b} − δ,

max{a− δ, b− δ} = max{a, b} − δ.

Using ℓδz = ℓz − δ, we compute

(Tδ(V − δ))(zt) = (1− γ) (ℓz(zt)− δ)

+ γmin
{

ℓz(zt)− δ, max
at∈A

E
[

V (ẑt+1)− δ
]

}

= (1− γ) ℓz(zt)− (1− γ)δ

+ γ
(

min
{

ℓz(zt), max
at∈A

E
[

V (ẑt+1)
]

}

− δ
)

=
(

(1− γ) ℓz(zt)

+ γmin
{

ℓz(zt), max
at∈A

E
[

V (ẑt+1)
]

})

− δ

= (TV )(zt)− δ.

In particular, if V := V è is the fixed point of T , then,

Tδ(V
è − δ) = TV è − δ = V è − δ, (16)

where V è − δ is a fixed point of Tδ . Since the fixed point is

unique [16], V è

δ = V è − δ.

Thus, the corresponding unsafe sets are equivalent:

{ z : V è

δ (z) < 0 } = { z : V è(z)− δ < 0 }

= { z : V è(z) < δ }. (17)
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