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Abstract

World models have shown promise in robotics by imagining future out-
comes of robot actions directly from high-dimensional sensor observations.
However, learning visuomotor policies with world models still faces signif-
icant reliability challenges, as imagined futures from world models often
diverge from the outcomes that may actually occur. This unreliability
arises from uncertainty in learned world models, including epistemic un-
certainty, where the model lacks sufficient knowledge in out-of-distribution
regions, and aleatoric uncertainty, where intrinsic randomness in the sys-
tem allows multiple plausible outcomes to arise under the same robot
action. This thesis develops methods for learning robust visuomotor
policies using uncertain world models by explicitly reasoning about and
mitigating these uncertainties. Our key insight is that epistemic uncer-
tainty can be addressed by systematically avoiding out-of-distribution
regions where world model predictions may be unreliable, while aleatoric
uncertainty can be addressed by pessimistically steering world model
imaginations to reason over worst-case yet plausible outcomes of robot
actions.

We first introduce UNISafe, an uncertainty-aware latent safety filter for
mitigating epistemic uncertainty in learned world models. We propose a
principled framework for detecting out-of-distribution world model predic-
tions by quantifying epistemic uncertainty and calibrating an uncertainty
threshold with conformal prediction. Moreover, this out-of-distribution
detection is incorporated into Hamilton-Jacobi reachability analysis, syn-
thesizing the safety filter to proactively avoid regions where world model
predictions are unreliable and thereby achieve robust, safe visuomotor con-
trol. We then introduce StressDream, an inference-time steering method
for mitigating aleatoric uncertainty in world models. Instead of relying
on nominal samples from the world model, StressDream actively steers
the imaginations of video world models to expose plausible but critical
outcomes of robot actions. This enables more robust policy evaluation
by uncovering failure modes of robot actions, as well as improved policy
optimization by training policies against challenging but realistic imagined
futures. Together, these methods enable visuomotor policies relying on
learned but uncertain world models to achieve robust control in complex,
uncertain environments with high-dimensional sensor observations by
explicitly reasoning about the uncertainties of the learned world model.
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Chapter 1

Introduction

Robots have been widely deployed in complex, open-world environments, where

systems may be governed by complicated dynamics that are di�cult to specify

analytically, involving contact, deformable objects, 
uids, clutter, or other agents'

behavior. In such environments, robots must operate from high-dimensional sensor

observations, such as RGB images, while understanding dynamics that may only

be captured through such observations and by reasoning about the uncertainties

of the system. Recent progress in robotics has therefore shifted its focus from

methods relying on manually speci�ed state representations and dynamics models

toward methods that learn such representations and dynamics models directly from

data. This shift enables robots to operate in complex open-world environments by

understanding the system from high-dimensional sensor observations, while achieving

complicated task objectives as well as satisfying nuanced operational constraints such

as safety or alignment with users.

A promising approach for enabling robot operation directly from high-dimensional

sensor observations is the world model (WM), which predicts the consequences of

actions from such observations. WMs jointly learn compact latent representations

from sensory observations and predict their dynamics, providing a way to model

aspects of the world that are di�cult to specify analytically. Such models can

serve as learned simulators of physical environments, allowing the robot to reason

about future outcomes, evaluate or improve behaviors through imagined futures,

and reduce reliance on direct real-world interaction. WMs have shown remarkable
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bene�ts for image-based robot control, including visual planning, policy evaluation

and improvement, visuomotor policy learning, and safety analysis. For safety-critical

robotic systems, this capability is particularly useful because it provides a mechanism

for anticipating possible consequences before executing actions in the physical world.

Despite their promise, WMs introduce a fundamental reliability challenge: the

future predicted by a learned model is not necessarily the future that will occur in the

physical world. This gap arises from uncertainty associated with learned world models.

Robust robot control with WMs must consider two types of uncertainty: the intrinsic

uncertainty of the system being modeled and the uncertainty of the learned model due

to limited knowledge. The former corresponds to aleatoric uncertainty, which captures

inherent variability in the environment: the same action can intrinsically lead to

di�erent outcomes depending on the system, such as unobserved physical conditions,

contact interactions, or the behavior of other agents. The latter corresponds to

epistemic uncertainty, which captures uncertainty due to limited knowledge: WM

predictions may become unreliable for unseen, out-of-distribution (OOD) situations

not represented in the training distribution, resulting in overly optimistic or inaccurate

predictions when the model lacks su�cient understanding. As a result, a robot that

relies only on uncertain WM predictions may overlook plausible outcomes that are

critical for task performance or safety, or overtrust predictions in unfamiliar situations,

thereby degrading the reliability of robot control with world models.

In this thesis, we propose methods for robust visuomotor policy learning with

uncertain WMs by reasoning about and mitigating the uncertainties of learned

world models. Our key insight is that epistemic uncertainty can be addressed by

systematically avoiding OOD regions where its predictions may be unreliable, while

aleatoric uncertainty can be addressed by pessimistically steering WM imaginations

to reason over worst-case yet plausible outcomes of robot actions. Therefore, we

develop two complementary approaches: one that quanti�es epistemic uncertainty

to detect OOD regions and incorporates it into a control-theoretic framework to

proactively avoid entering such regions, and another that e�ciently steers WMs to

expose plausible but critical outcomes of robot actions for robust policy evaluation

and improvement. Together, these methods enable robots relying on learned WMs

to achieve safe and robust control in complex, uncertain environments by explicitly

reasoning about the uncertainties of the learned world models.
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1.1 Thesis Statement

The central statement of this thesis is that robust control with learned world models

requires explicit understanding and mitigation of the learned world model's uncer-

tainties. Rather than treating a WM as a faithful simulator that produces a single

reliable prediction of the future, this thesis views WMs as uncertain generative models

whose imaginations may be a�ected by both intrinsic variability in the system and

limited knowledge in the learned model. Under this view, robust control should not

rely only on nominal WM predictions, but should instead reason about whether the

WM imagination is uncertain and how such uncertainty should be mitigated. This

thesis develops two complementary approaches for this problem: one for mitigating

epistemic uncertainty by avoiding out-of-distribution regions of the learned world

model, and another for mitigating aleatoric uncertainty by pessimistically steering

WM imaginations toward plausible yet high-impact outcomes of robot actions.

Project I: Epistemic Uncertainties of World Models. The �rst part of this

thesis focuses on mitigating epistemic uncertainty in learned WMs. We study how

to detect out-of-distribution WM predictions, as well as how to proactively prevent

the robot from entering such regions by learning an uncertainty-aware latent safety

�lter. To this end, we adopt a control-theoretic safe control framework, Hamilton-

Jacobi (HJ) reachability analysis, to learn a safety �lter that augments the safety

speci�cation with OOD regions. This allows the robot to avoid both known failure

regions and OOD regions where the WM predictions are unreliable. If the WM is

overcon�dent in out-of-distribution situations, a standard latent safety �lter may

incorrectly classify unseen failure scenarios as safe and fail to prevent both unseen and

known failures. To address this challenge, we propose UNISafe, an uncertainty-aware

latent safety �lter that systematically quanti�es epistemic uncertainty, calibrates an

uncertainty threshold for detecting OOD WM predictions using conformal prediction,

and incorporates this uncertainty into the reachability-based safety �lter.

Project II: Aleatoric Uncertainties of World Models. The second part

of this thesis focuses on aleatoric uncertainty in learned WMs and discusses how

robots should make robust decisions when facing aleatoric uncertainties of WMs. We

study how to reason over multiple plausible futures of robot actions to imagine rare

but high-impact outcomes that could be missed by nominal WM imaginations. To
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this end, we propose StressDream, which actively steers WM imaginations toward

high-impact yet still plausible scenarios, instead of passively random-sampling futures

from the WM. StressDream is an inference-time steering method that optimizes the

initial noise of a di�usion-based WM to produce targeted stress-test scenarios that

remain plausible under the world model, without retraining the model. This enables

more robust policy evaluation by exposing failure modes that random sampling often

misses, as well as improved policy optimization by training against challenging but

realistic imagined futures.

1.2 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 consolidates the

technical background and related works, including world models, uncertainty quanti�-

cation in robotics, safety �ltering, and steering generative models. Chapter 3 presents

UNISafe, an uncertainty-aware latent safety �lter for avoiding out-of-distribution

regions. This chapter introduces the latent safety �lter grounded in HJ reachability

analysis, the method for quantifying epistemic uncertainty and calibrating OOD

detection thresholds with conformal prediction, how this uncertainty is incorporated

into HJ reachability analysis, and simulation and real-world experiments demonstrat-

ing the prevention of OOD failures in latent safety �ltering. Chapter 4 presents

StressDream, a method for steering WMs through initial-noise optimization for robust

policy evaluation and improvement. This chapter discusses the technical challenges,

the proposed steering objectives, and experiments in both robotic manipulation and

autonomous driving. Chapter 5 synthesizes the two frameworks, concludes the thesis,

and outlines directions for future works.

4



Chapter 2

Related Works and Backgrounds

2.1 World Models

World models have emerged as a promising paradigm for robotics, enabling the predic-

tion of future states directly from high-dimensional sensory observations conditioned

on actions [2, 23, 49, 55, 70, 126, 130, 208, 221]. By generating synthetic trajectories,

they have proven e�ective for vision-based policy learning [4, 67, 71, 72, 73, 74, 135,

168], planning in latent space [145, 221], and policy evaluation [68, 75, 146]. Advances

in video generation models [22], which produce realistic and temporally consistent

predictions, have further increased the expressiveness of world models in diverse

real-world scenarios, especially when �ne-tuned with embodiment data for action

conditioning [62, 68, 77]. World models typically operate under partial observabil-

ity, which naturally gives rise to uncertainty in future predictions [98, 194, 220],

particularly in settings such as contact-rich manipulation [68] or autonomous driv-

ing [19, 62, 77, 157]. In particular, di�usion- and 
ow-matching-based [82, 95, 120]

approaches have shown strong performance in modeling high-dimensional, complex

environments due to their ability to capture rich, multimodal distributions over

future observations [9, 29, 63, 98]. Despite this, many existing methods using world

models either rely on nominal rollouts without reasoning over distribution over plau-

sible futures [29, 68] or adopt deterministic world models that cannot represent

such diversity [126, 221], thereby failing to explicitly account for risks arising from

uncertainties.
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2.2 Uncertainty Quanti�cation for Robotics

Uncertainty quanti�cation is central to reliable robotics because robots must make

decisions under uncertainty in both the system being observed and the learned models

used for prediction [1, 97, 172]. In robotics, uncertainty is commonly categorized

into two types: aleatoric and epistemic [90]. Aleatoric uncertainty arises from

intrinsic stochasticity in the system, such as observation noise, process noise, partial

observability, contact ambiguity, or the behavior of other agents. This uncertainty

re
ects variability that may remain even with an accurate model of the system [105].

In contrast, epistemic uncertainty originates from limited knowledge of the underlying

system, typically due to �nite data, distribution shift, or insu�cient coverage of rare

and safety-critical scenarios in the training set. While an ideal model trained on in�nite

data could, in principle, eliminate epistemic uncertainty, realistic learned models retain

it because the robot cannot observe all possible environments, actions, and outcomes

during training [3, 169, 173, 210]. Capturing these uncertainties is therefore important

for determining when model predictions can be trusted, when multiple outcomes should

be considered, and when the robot should reason conservatively [37, 103, 129, 163, 164].

For analytic systems, quantifying and propagating uncertainty has been studied

extensively through probabilistic modeling, state estimation, stochastic processes,

robust control, and �ltering methods. However, tractably estimating, calibrating, and

propagating uncertainty remains challenging for learned systems [59, 65, 108, 110].

2.3 Out-of-distribution Detection for Robotics

Data-driven control often exhibits unreliable behavior when encountering data that

deviates from its training distribution [3, 158, 172, 173, 210]. To detect such out-

of-distribution (OOD) conditions, uncertainty is estimated via pre-trained feature

spaces [121, 205], reconstruction [153, 156, 162, 202], density estimation [26, 48, 94,

122, 149], or ensembles [100, 148, 166, 215]. While these methods can detect OOD and

serve as runtime monitors [3, 37, 129, 163], they often lack control invariance, limiting

them to passive detection rather than proactive failure prevention. Moreover, they

typically do not distinguish between epistemic uncertainty (i.e., lack of knowledge) and

aleatoric uncertainty (i.e., inherent noise) [100, 148, 215], while capturing epistemic
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uncertainty is critical for reliable OOD detection [105, 170].

2.4 Safety Filtering

Safety �ltering is a control-theoretic approach for safeguarding robotic systems from

unsafe conditions [10, 56, 61, 87, 131, 192]. While they can provide robust safety

assurances under model uncertainty [39, 56, 80, 88, 200], they focus on worst-case

disturbances, addressing aleatoric uncertainty rather than epistemic uncertainty of

the model. Self-supervised [18] and reinforcement learning methods [57, 86] have

been used to scale safety �ltering to high-dimensional systems, but these approaches

typically rely on known system dynamics with simple safety speci�cations [27, 88] or

online rollouts in simulators [78, 89, 138]. To generalize safety �lters with complex

dynamics and constraints, latent world models [70] have been used [26, 135, 204],

but the epistemic uncertainty of the learned model can compromise reliability [148].

Recent works prevent the system from entering OOD states [26, 94], but they restrict

in-distribution to safe trajectories or do not construct constraints with calibrated

OOD detection [26, 119, 155], limiting their scalability to complex settings.

2.5 Inference-time Steering of Generative Models

Inference-time steering of di�usion [82, 175] or 
ow-matching [120, 123] model aims to

guide a pretrained generative model toward samples that maximize an inference-time

reward [83, 180, 185, 186]. While directly �ne-tuning di�usion models with reward

objectives can be e�ective for reward alignment [40, 45, 54, 144, 185, 196], it is costly,

complex, tied to a speci�c reward [83, 180], and may shift the model away from the

original data distribution [53]. In contrast, inference-time steering keeps the pretrained

model �xed and instead modi�es the sampling procedure [38, 79, 171, 180, 186, 217],

for example through classi�er guidance [175] or particle-based sampling methods

such as Sequential Monte Carlo (SMC) [46, 83, 143, 207]. One particularly relevant

direction is noise optimization, which optimizes the noise sampled at the denoising

process [52, 66, 96, 140, 180, 195]. Prior work has shown that this can improve

image quality [30, 53, 66], mimic the e�ects of di�usion guidance [5], generate
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rare [159, 160, 161] or diverse concepts [101], and adapt di�usion policies in robotic

control [193]. However, a central challenge, especially when the noise space becomes

high-dimensional, is out-of-distribution noise: samples may achieve high reward while

no longer remaining in the support of the pretrained distribution once the noise

deviates from the prior [20, 52, 53, 76, 159, 180, 218]. Moreover, these methods

often require backpropagating reward gradients through the denoising process; in

practice, many therefore rely on step-distilled models to make backpropagation

tractable [44, 52, 53, 139], while recent works propose multistep score distillation to

approximate reward gradients to the initial noise more e�ciently [5].
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Chapter 3

Epistemic Uncertainty in World

Models

The content of this chapter is based on \Uncertainty-aware latent safety �lters

for avoiding out-of-distribution failures\ [164], which appeared at CoRL 2025

and was written in collaboration with Kensuke Nakamura and Andrea Bajcsy.

In this chapter, we study robust control under epistemic uncertainty of learned

world models. We propose a method to quantify epistemic uncertainty and

calibrate an uncertainty threshold for detecting out-of-distribution (OOD) world

model predictions with probabilistic guarantees. Beyond simply detecting OOD

regions, we further provide a systematic way to proactively avoid such regions

by learning an uncertainty-aware latent safety �lter. Speci�cally, we build on

Hamilton-Jacobi (HJ) reachability analysis in the latent space of the world model

and augment the safety speci�cation with regions of high epistemic uncertainty.

The resulting safety �lter avoids both known failure regions and unseen OOD

regions where the world model predictions are unreliable, enabling robust control

directly from high-dimensional sensor observations.
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Abstract. Recent advances in generative world models have enabled classical safe

control methods, such as Hamilton-Jacobi (HJ) reachability, to generalize to complex

robotic systems operating directly from high-dimensional sensor observations. How-

ever, obtaining comprehensive coverage of all safety-critical scenarios during world

model training is extremely challenging. As a result, latent safety �lters built on

top of these models may miss novel hazards and even fail to prevent known ones,

overcon�dently misclassifying risky out-of-distribution (OOD) situations as safe. To

address this, we introduce an uncertainty-aware latent safety �lter that proactively

steers robots away from both known and unseen failures. Our key idea is to use the

world model's epistemic uncertainty as a proxy for identifying unseen potential hazards.

We propose a principled method to detect OOD world model predictions by calibrating

an uncertainty threshold via conformal prediction. By performing reachability analysis

in an augmented state space{spanning both the latent representation and the epistemic

uncertainty{we synthesize a latent safety �lter that can reliably safeguard arbitrary

policies from both known and unseen safety hazards. In simulation and hardware

experiments on vision-based control tasks with a Franka manipulator, we show that

our uncertainty-aware safety �lter preemptively detects potential unsafe scenarios and

reliably proposes safe, in-distribution actions.

3.1 Introduction

Robots operating in complex open-world environments must interact safely with

the world based on high-dimensional sensor observations. A promising approach

to scale safe control to such settings is to learn a world model (WM) [70] that

jointly compresses observations into compact latent representations and predicts their

dynamics, allowing the robot to anticipate the consequences of candidate actions

to prevent unsafe ones [135]. However, without unlimited unsafe exploration, the

WM's training data can fail to capture the full range of possible safety hazards. For

example, in the Jenga game (right, Fig. 3.1), most of the ways in which the tower

can fall are not seen during training. During interaction, if the robot fails to reliably

predict how its actions can lead to such out-of-distribution (OOD) scenarios, it may

inadvertently execute actions that lead to unsafe outcomes [3, 210].

One way to address this model uncertainty is through OOD detection, which
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Figure 3.1: Left : We quantify the world model's epistemic uncertainty for detecting
unseen failures in latent space and calibrate an uncertainty threshold via conformal
prediction, resulting in an OOD failure set,FOOD . Center : Uncertainty-aware latent
reachability analysis synthesizes a safety monitorV è and fallback policy � è that
steers the system away from both known and OOD failures. Right: Our safety �lter
reliably safeguards arbitrary task policies during hard-to-model vision-based tasks,
like a teleoperator playing the game of Jenga.

identi�es when the robot encounters anomalous observations or generates uncertain

predictions [158, 172, 211]. However, on its own, OOD detection lacks actionable

mitigation strategies, leaving robots aware of their uncertainty yet unable to act

appropriately. Here, safe control methods such as Hamilton-Jacobi (HJ) reachability

analysis [131, 192] o�er a complementary approach by synthesizing fallback policies

that proactively enforce safety constraints, keeping the system within control-invariant

sets. Yet, they typically assume a perfect state representation and a faithful dynamics

model, assumptions that may not hold in OOD scenarios when relying on a world

model for safe control. To bridge this gap, we argue that safety constraints for

latent-space control should be augmented to identify unreliable model predictions,

enabling the synthesis of a safety �lter that prevents the system from entering both

known failures and potentially unsafe OOD failures.

In this work, we propose UNcertainty-aware Imagination for Safety

�ltering (UNISafe): a policy-agnostic safety mechanism that reliably steers robots

away from known and unseen safety hazards using a latent world model [70, 73].

Our key idea is to use the world model's epistemic uncertainty as a proxy for

identifying unseen potential hazards. We propose a principled method to quantify

the epistemic uncertainty of the world model and detect unreliable world model

predictions by calibrating an uncertainty threshold via conformal prediction. By

performing reachability analysis in an augmented state space spanning both the latent
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states and the uncertainty, we synthesize a safety �lter that can reliably prevent a

system from entering both predictable and unforeseen failure modes.

We evaluate our framework in simulation and hardware on three vision-based

safe-control tasks. We �nd that UNISafe e�ectively prevents failures with world

models trained on an o�ine dataset with limited coverage. Importantly, by penalizing

overly optimistic safety evaluations of OOD scenarios during reachability analysis, our

safety �lter preemptively detects potential safety risks and proposes reliable backup

actions, consistently guiding the system toward safe, in-distribution behaviors.

3.2 Setup: Latent Safety Filters via Reachability

Analysis in a World Model

In this section, we introduce the computation and use of latent safety �lters [135]

for systems with hard-to-model dynamics and safety speci�cations inferred from

high-dimensional observations.

Latent World Model. To model complex systems, we train a latent world

model [70] using a �xed o�ine dataset of robot{environment interactions trajec-

tories, Dtrain := ff (ot ; at ; l t )gT
t=1 gN train

i=1 � D WM , consisting of trajectories with high-

dimensional observationso 2 O, robot actions a 2 A , and failure labelsl 2 f� 1; 1g

indicating visible safety hazards. The latent world model consists of an encoderE

that maps high-dimensional observations into the compact latent-space representation

z 2 Z and a latent dynamics model:

Encoder: zt � E(z t j ẑt ; ot ) Dynamics: ẑt � f z(ẑt j zt�1 ; at�1 ) Failure: l t = ` z(zt ):

(3.1)

Safety Speci�cation ( F ). Hard-to-model safety constraints (e.g., spilling, block

toppling) are speci�ed in the latent space via a failure setF := fz : `z(z) � 0g � Z

encoded via the zero-sublevel set of a margin function`z in (3.1). In practice, `z is a

binary classi�er learned with Dtrain .

Computing Latent Safety Filters ( � è ; V è ). Following [135], we conduct HJ

reachability analysis [87, 131] in the latent space to synthesize both a safety value

function V è : Z ! R and a safety-preserving policy� è : Z ! A , entirely within the
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imagination of the world model. Speci�cally, we solve the �xed-point safety Bellman

equation with a time discounting factor 
 2 [0; 1) [57]:

V è (zt ) = (1 � 
)` z(zt )+ 
 min
n

`z(zt ); max
at 2A

V è
�
ẑt+1

� o
; � è (zt ) = arg max

a2A
V è (ẑt+1 );

(3.2)

whereẑt+1 is sampled fromf z. Intuitively, V è represents how close the robot comes to

failure starting from zt despite its best e�orts, and� è is a maximally safety-preserving

policy. Note that, in contrast to typical RL for reward maximization, this optimization

performs a min-over-time to remember safety-critical events. Therefore,V è < 0

indicates that the robot is doomed to fail, whileV è � 0 means that there exists a

safety-preserving action to prevent failures (e.g., returned by �è ).

Runtime Safety Filtering. At runtime, the latent safety �lter safeguards an

arbitrary task policy � task based on the current observations and proposed action. By

checkingV è as a monitor with a small margin� � 0, the safety �lter either allows

� task or overrides it with the fallback policy � è :

aexec := 1f V è (z0) > � g � task + 1f V è (z0) � � g � è (z); z0 � f z(z; � task ): (3.3)

� task is safe, proceed � task is unsafe, fallback to �è

Figure 3.2: WM imaginations can lead to OOD Failures.

Challenge: Unreliable WM Can Result in OOD Failures. While latent

safety �lters can compute control strategies that prevent hard-to-model failures,

their training (3.2) and runtime �ltering (3.3) rely on imagined futures generated

by the latent dynamics model. However, a pretrained world model can hallucinate

in uncertain scenarios where it lacks knowledge, leading to OOD failures. Consider
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the simple example in Fig. 3.2 where a Dubins car must avoid two failure sets: a

circular grey and a rectangular purple region. The world model is trained with RGB

images of the environment and angular velocity actions, but the model training data

is limited, lacking knowledge of the robot entering the purple failure set. When

the world model imagines an action sequence in which the robot enters this region

(third image of Fig. 3.2), the world model hallucinates as soon as the scenario goes

out-of-distribution: the robot teleports away from the failure region and to a safe

state (rightmost image of Fig. 3.2). This phenomenon leads to latent safety �lters

that cannot prevent unseen failures, and even known failures, due to optimistic safety

estimates of uncertain out-of-distribution scenarios.

3.3 Formalizing Uncertainty-aware Latent Safety

Filters

To formalize reliable safe control in latent space, our key idea is to use the epistemic

uncertainty of the world model as a proxy for detecting safety hazards not represented

in the training dataset. Speci�cally, we augment the safety speci�cation that accounts

for known failures{scenarios the world model can anticipate with con�dence{with

OOD failures: potentially unsafe, out-of-distribution scenarios where the model's

imaginations are highly uncertain and lose their reliability.

Uncertainty-aware Latent Space & Dynamics. We quantify the epistemic

uncertainty of the world model,u 2 R, to identify OOD imaginations of the world

model. To assess the reliability of latent dynamics predictions, the uncertainty should

capture the dynamics uncertainty induced by latent{action transitions (z; a). This is

crucial because generative world models are prone to hallucination, often producing

in-distribution predictions when exposed to OOD inputs. Therefore, OOD detection

methods that rely solely on the predicted latent statez are overcon�dent, as predicted

latents from OOD scenarios are projected into in-distribution representations, as

depicted in Fig. 3.2.

We then augment the latent space to incorporate this epistemic uncertainty,

~zt = ( zt ; ut )> 2 Z � R . This formulation enables modeling both known failures
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F known := f~z j ` z(z) < 0g, which are predictable with the learned model, and OOD

failures FOOD := f~z j u > �g which are OOD imaginations with quanti�ed uncertainty

exceeding a prede�ned threshold� . The latent dynamics and safety margin function

are extended to operate in the augmented latent space:

f ~z(~zt+1 j ~zt ; at ) =
�
f z(zt+1 j zt ; at ); D(z t ; at )

� >
; `~z(~zt ) = min

�
`z(zt ) ; � (� � u t )

	
;

(3.4)

with � 2 R + . The uncertainty ut+1 = D(zt ; at ) is obtained via measuring reli-

ability of a transition (described in Sec 3.4.1) and the uncertainty-aware failure

set ~F is represented via the zero sub-level set of the augmented margin function:
~F := F known [ F OOD = f~z j ` ~z(~z) < 0g.

Uncertainty-aware Latent Reachability Analysis. We compute a latent safety

�lter via Eq. 3.2 and perform safety �ltering as in Eq. 3.3, but use the uncertainty-

aware latent dynamics from Eq. 3.4 throughout. This formulation ensures that the

value function assigns negative values to OOD scenarios where the uncertainty exceeds

a prede�ned threshold. By explicitly penalizing such transitions, the resulting safety

�lter discourages the system from entering OOD regions while also avoiding known,

predictable failures. This mitigates overly optimistic imaginations and enables the

�lter to reliably learn both a safety monitor and a fallback policy that proposes safe,

in-distribution actions.

3.4 Computing Uncertainty-aware Latent Safety

Filters

While the prior section formalize the uncertainty-aware latent safety �lter by aug-

menting the latent space with the world model's epistemic uncertainty, we face two

key challenges when instantiating our framework in practice: (i) How can we quantify

the epistemic uncertainty of the world model? (Sec. 3.4.1) and (ii) How can we ensure

the OOD threshold � is appropriately calibrated to reliably detect OOD failures based

on the estimated measures of epistemic uncertainty? (Sec. 3.4.2).
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3.4.1 Quantifying Epistemic Uncertainty in World Models

Training a Probabilistic Ensemble Latent Predictor. To capture the epistemic

uncertainty of the world model, we employ an ensemble of next-latent predictors,

E := f f̂ k
z gK

k=1 , which is a separate module regressing the pretrained latent dynamics

f z. Each ensemble member is initialized with distinct parameters k and trained to

predict the next latent zt+1 given the current latent zt and action at with Gaussian

negative log-likelihood loss (see A.1.2 & A.1.3 for more details.):

Latent Predictor: zk
t+1 � f̂ k

z (zt ; at ;  k); f̂ k
z (zt ; at ;  k) := N (�  k (zt ; at ); �  k (zt ; at ));

(3.5)

where�  k and �  k denote the predicted mean and diagonal covariance, respectively.

Note that the covariance models the aleatoric uncertainty inherent in the latent

dynamics due to partial observability and stochasticity. The ensemble latent predictor

is trained on latent transitions ff (zt ; at ; zt+1 )gT �1
t=1 gN train

i=1 , encoded from a pretrained

latent world model with the same o�ine dataset Dtrain used for world model training.

Epistemic Uncertainty Quanti�cation. While empirical variance over ensemble

predictions is widely used as an uncertainty measure [100, 163, 200, 215], this con
ates

aleatoric uncertainty (i.e., inherent uncertainty of latent dynamics) with epistemic

uncertainty (i.e., uncertainty arising from a lack of knowledge). Since our goal is to

control away from OOD failures, which the world model has never encountered and

thus cannot reliably predict, it is essential to focus explicitly on the model's epistemic

uncertainty to form our constraint on the latent space. Otherwise, the safety �lter

may fail to reject unsafe OOD imaginations or become overly conservative in response

to intrinsic stochasticity. Following [105, 170], we quantify the epistemic uncertainty

of the latent dynamicsD(zt ; at ) via the Jensen-R�enyi Divergence (JRD) [152] of the

ensemble predictions with R�enyi entropy H� (Z) = 1
1�� log

R
p(z)� dz;:

ut+1 = D(z t ; at ) := H �

 
KX

k=1

1
K

f̂ k
z

!

�
KX

k=1

1
K

H �

�
f̂ k

z

�
; (3.6)

epistemic uncertainty total uncertainty aleatoric uncertainty

whereZ is a random variable. In general, computing the disagreement between an
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ensemble of Gaussian distributions lacks a closed-form solution [105, 170], and Monte

Carlo sampling approximations are computationally expensive for high-dimensional

latent spaces. Therefore, we adopt JRD with� = 2, which has a closed-form

expression [199] for GMM (see A.1.2 for further details).

3.4.2 Detecting Out-of-Distribution Imaginations via

Conformal Prediction

Recall that during reachability analysis, OOD failures are detected when the uncer-

tainty of an imagined transition exceeds a threshold,FOOD = f~z j u > �g . However,

setting this threshold is nontrivial: too strict a threshold can result in high false-

positive rates (misclassifying in-distribution transitions as OOD), leading to overly

conservative �lters; too loose a threshold may fail to detect true OOD transitions. We

employ conformal prediction (CP) [11, 191] to automatically calibrate the threshold

� 2 R in a principled way, using a held-out calibration datasetDcalib = DWM n Dtrain .

In-distribution Recall Guarantee via Class-Conditioned Conformal Pre-

diction. CP typically requires the calibration set Dcalib to contain both inputs to

the prediction model (e.g., (zt ; at )) and their corresponding ground-truth labels (e.g.,

ID or OOD). Unfortunately, in our setting, true OOD labels are, by de�nition, not

accessible. As such, we assume the calibration dataset consists only of in-distribution

transitions. Formally, we adopt class-conditioned conformal prediction [27, 43] to

calibrate the uncertainty threshold � , providing conditional recall guarantees for

detecting in-distribution transitions with user-de�ned con�dence level �cal 2 [0; 1]:

P (D(zt ; at ) < �̂ j (z t ; at ) 2 D WM ) � 1 � � cal; (3.7)

Intuitively, conformal prediction can help us select an uncertainty threshold̂� such

that in-distribution latent transitions can be detected with probability at least 1� � cal.

Conversely, latent transitions with uncertainty greater than this threshold can be

interpreted as OOD.

Trajectory-Level Calibration. While standard class-conditioned conformal pre-

diction assumes exchangeability of the data, this assumption does not hold in our
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setting, as each transition depends on the full history of latent states and actions. To

address this, we adopt a trajectory-level calibration approach [151], assuming that

the calibration trajectories � i = f (zt ; at )gT
t=1 2 D calib are drawn i.i.d. from the same

distribution as the world model training data, f� i gN
i=1

iid� D WM . For each trajectory,

we de�ne the trajectory-level nonconformity scoreQ� trans
� i

as the (1� � trans )-quantile

of the set of quanti�ed epistemic uncertaintiesfu tgT
t=1 . This ensures that at most

an � trans fraction of a trajectory's uncertainty values exceedQ� trans
� i

, making the

estimate more robust to noise in uncertainty predictions. We then determine the

calibration threshold �̂ as the (1� � cal)-quantile of the set fQ � trans
� i

gN
i=1 by selecting

the d(1 � � cal)(N + 1) e-th smallest value over trajectories. With the exchangeability

assumption between calibration and test trajectories, conformal prediction guarantees

that for a new test trajectory � test = f (ztest
t ; atest

t )gT
t=1 , the following probabilistic

guarantee holds:

P� test �D WM (Q� trans
� test

� �̂) = P � test �D WM

�
Pt

�
D(z test

t ; atest
t ) � �̂

	
� 1 � � trans

�
� 1 � � cal:

(3.8)

Although this guarantee applies only to in-distribution data, it ensures a low false

positive rate by bounding the probability of misclassifying in-distribution transitions

as OOD. Speci�cally, the probability that the trajectory-level nonconformity score ex-

ceeds the threshold for in-distribution data is bounded byP� test �D WM

�
Q� trans

� test
� �̂

�
� � cal.

As a result, any transition with a quanti�ed epistemic uncertainty above�̂ can be

reliably classi�ed as OOD, since such events are guaranteed to be rare under the

in-distribution distribution (see Appendix A.3 for details).

3.5 Simulation & Hardware Experiments

3.5.1 Simulation: A Benchmark Safe Control Task with a

3D Dubins Car

We �rst conduct experiments with a low-dimensional, benchmark safe navigation task

where privileged information about the state, dynamics, safe set, and safety controller

is available.

Privileged Dynamics: Dubins Car. Let the privileged Dubins car state be
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s = [ px ; py; � ], with discrete-time dynamicsst+1 = st + � t [v cos(� t ); v sin(� t ); at ]. We

assume a �xed velocityv = 1 m=s, time step � t = 0:05 s, and discrete action space

at 2 A = f�1:25; 0; 1:25g rad/s.

Evaluation & Metrics. Given access to ground-truth dynamics, we compute the

ground-truth safety value function using grid-based methods [132], enabling direct

evaluation of the safety monitorV è )'s classi�cation accuracy across all three state

dimensions. To assess� è , we roll out the learned policies from safe initial states with

positive ground-truth safety values and measure the safety rate by checking whether

the resulting trajectories remain safe without violating constraints.

Table 3.1: Safety value function
quality with di�erent OOD detec-
tion methods.

Method TPR" TNR" B.Acc."

U
Q

TotalUncertainty 0.88 0.97 0.93

MaxAleatoric 0.78 0.88 0.83

DensityEst (z; a) 0.98 0.87 0.92

DensityEst (z) 0.99 0.56 0.77
C

al
ib

JRD (� = �̂) 0.93 0.95 0.94

JRD (� = �̂ + 0:3) 0.98 0.43 0.71

JRD (� = �̂ � 0:3) 0.85 0.96 0.90

Baselines. We evaluate UNISafe, which

learns the uncertainty-aware unsafe set~U from

the failure set ~F = F known [ F OOD , against La-

tentSafe [ 135], which considers only known fail-

ures,F known . Also, we compare JRD with other

OOD detection baselines to assess uncertainty

quanti�cation. TotalUncertainty compute vari-

ance of mean predictions across the ensemble with-

out isolating aleatoric components [148, 163, 166].

MaxAleatoric uses the maximum predicted ensemble variance,maxk k�  k (zt ; at )kF ,

representing aleatoric uncertainty [178, 215]. DensityEst employs neural spline


ows [48, 94] to compute likelihoods of (z) or (z; a) for OOD detection. For every

method, thresholds are calibrated with the same held-out calibration dataset and

Double DQN (DDQN) [188] is used to train all the safety value function (See A.2.2

and A.4.1 for more details).

UNISafe reliably identi�es the OOD failure FOOD . To evaluate OOD

detection, we �rst consider a setting where failure states are never observed by

Dtrain . The ground-truth failure set is de�ned as jpy j > 0:6, while the o�ine dataset

contains only 1000 safe trajectories that never enter this region, making the failure

set entirely OOD. As shown in Fig. 3.3, our method reliably infers the OOD failure

set from the quanti�ed uncertainty, and the resulting safety value function accurately

identi�es the unsafe region. Table 3.1 shows that JRD achieves the highest balanced

accuracy (B.Acc.) compared to other OOD detection methods, whereas methods not
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Figure 3.3: Dubins Car withFOOD only. OOD detection successfully identi�esFOOD

and unsafe set.

targeting epistemic uncertainty exhibit higher FPRs and lower balanced accuracies.

Additionally, DensityEst based only onz shows low TNR, highlighting the necessity

of latent-action transition-based OOD detection.

A calibrated OOD threshold yields a higher quality value function. We

perturb our calibrated threshold �̂ to obtain � = �̂ � 0:3 and study the sensitivity

of the value function to threshold selection. Table 3.1 shows that our automatic

calibration process selects thresholds that lead to value functions with both high

TPR and TNR, unlike the uncalibrated thresholds that degrade accuracy.

Figure 3.4: UNISafe vs LatentSafe. Without OOD failures, the safety value
learned from the unreliable world model leads to higher FPR, overcon�dently classi-
fying unsafe states as safe.
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UNISafe robustly learns safety �lters despite high uncertainties in the

world models. We evaluate whether our method can synthesize a robust safety �lter

with uncertain world models due to limited data coverage. In this setting, the vehicle

must avoid a circular obstacle of radius 0:5 m at the center, with the failure set de�ned

asp2
x + p2

y < 0:52, and Dtrain consists of both safe and unsafe trajectories. We construct

a dataset of 1000 expert trajectories that never enter the ground-truth unsafe sets

and 50 random trajectories that may include failure states. Expert trajectories are

generated using the ground-truth safety value, applying fallback actions near the

unsafe boundary and random actions elsewhere, inducing high uncertainty around the

unsafe boundary. Fig. 3.4 shows that UNISafe robustly learns the safety monitor

with higher balanced accuracy, whereas LatentSafe overcon�dently misclassi�es

unsafe states as safe. In rollouts from 181 challenging safe initial states, where the

vehicle is oriented toward failure, UNISafe also achieves higher safety rates. (See

A.4.1 & A.5.1 for more details and analysis.)

3.5.2 Simulation: Vision-Based Block Plucking

Setup. We scale our method to a visual manipulation task using IsaacLab [127],

where a Franka manipulator must pluck the middle block from a stack of three while

ensuring the top one remains on the bottom one. Observations consist of images from

a wrist-mount and a tabletop camera, with 7-D proprioceptive inputs. Actions are a

6-DoF end-e�ector delta pose with a discrete gripper command.

Figure 3.5: Block Plucking. UNISafe
prevents failure with ID actions, while La-
tentSafe fails to preempt it by overesti-
mating unsafe OOD actions.

Evaluations. We adopt DreamerV3 [ 73]

as our task policy� task , trained with a dense

reward signal to achieve the task with a soft

penalty for failures. The training dataset

Dtrain consists of 3000 trajectories compris-

ing both safe and unsafe behavior rolled

out from � task . We adopt Soft Actor-Critic

(SAC) [69] as our solver for latent reachabil-

ity. For evaluation, task policy rollouts are

�ltered using the safety �lter with � = 0:1,

evaluated over 1000 randomly sampled ini-
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Table 3.2: Rollout Results on Block Plucking. Safe success is plucking a block without
failure, and incompletion is a timeout without success or failure. The average world
model training loss per trajectory is reported as a proxy for uncertainty. Safety �lter
is most e�ective when fz imaginations incorporate both Fknown and FOOD .

Method f z Fknown FOOD Safe Success (") Failure (#) Incompletion Filtered (%) Model Error (#)

No Filter (� task ) - - - 0.58 0.41 0.01 0.0 ± 0.0 59.3 ± 3.3

CQL [109] 7 3 7 0.63 0.33 0.04 2.3 ± 0.9 50.9 ± 11.5
COMBO [216] 3 3 7 0.47 0.41 0.12 54.8 ± 6.8 51.6 ± 12.8

SafeOnly 3 7 3 0.71 0.28 0.01 13.5 ± 3.5 46.9 ± 2.6
LatentSafe [135] 3 3 7 0.68 0.30 0.01 7.2 ± 2.6 60.2 ± 4.7

UNISafe (TotalUncertainty) 3 3 3 0.54 0.18 0.28 50.9 ± 7.1 39.1 ± 4.1
UNISafe (MaxAleatoric) 3 3 3 0.64 0.25 0.11 38.7 ± 7.0 41.4 ± 9.1
UNISafe (DensityEst) 3 3 3 0.66 0.24 0.10 27.9 ± 5.1 41.4 ± 5.2
UNISafe (JRD) 3 3 3 0.72 0.20 0.08 37.7 ± 6.7 43.1 ± 1.2

tial conditions. (See A.2.2 and A.4.2 for details.)

Baselines. As in Sec. 3.5.1, we compare UNISafe with LatentSafe [ 135]

trained on the same dataset with and withoutFOOD , as well as di�erent OOD

detection baselines. SafeOnly learns a WM and latent safety �lter only on successful

demonstrations without F known , implicitly treating all failures as FOOD , as in [26,

94, 210]. Also, we adapt CQL [109] and COMBO [216] to optimize Eq. 3.2 with

conservative losses, but without uncertainty quanti�cation.

UNISafe minimizes failure by preventing safety overestimation. Table 3.2

shows that UNISafe, which incorporates both known and OOD failures, achieves

the lowest failure rates and model errors. In contrast, LatentSafe overestimates

the safety of OOD actions, leading to unsafe action proposals, as shown in Fig. 3.5.

SafeOnly shows limited e�ectiveness, showing OOD detection from success-only

data is insu�cient in complex settings. O�ine RL with conservative losses performs

even worse than LatentSafe, indicating that conservatism alone cannot replace

failure set identi�cation.

Quantifying epistemic uncertainty leads to safe but non-conservative be-

haviors. While all OOD detection methods improve �ltering performance over

LatentSafe, targeting aleatoric uncertainty (TotalUncertainty and MaxAleatoric)

tends to be overly conservative, resulting in higher incompletion rates and more

frequent interventions. In contrast, UNISafe with JRD explicitly targets epistemic

uncertainty and achieves the most reliable performance. DensityEst shows limited

performance, highlighting the challenge of modeling likelihood in high-dimensional

latent spaces.
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3.5.3 Hardware: Vision-based Jenga with a Robotic

Manipulator

Figure 3.6: Teleoperator Playing Jenga with Safety Filters. UNISafe enables non-
conservative yet e�ective �ltering of the teleoperator's actions, ensuring the system
remains within the in-distribution. In contrast, the uncertainty-unaware safety �lter
LatentSafe optimistically treats uncertain actions as safe, leading to failure.

Setup. We evaluate our method on a real-world robotic manipulation task using

a �xed-base Franka Research 3 arm, equipped with a third-person camera and a

wrist-mounted camera. The robot must extract a target block from a tower without

collapsing, then place it on top. ForDtrain , we collect 720 trajectories: 150 random

(no contact), 480 successful, and 90 failure cases. (See A.4.3 for details.)

Figure 3.7: Filter-
ing � task on hard-
ware.

UNISafe reliably �lters both known and unseen failures.

First, a teleoperator is � task , controlling the end-e�ector pose

and gripper while assisted by UNISafe. As shown in Fig. 3.6,

the teleoperator can freely execute safe behaviors, which require

careful tilting and precise block manipulation that are non-trivial

to perform. When erratic or OOD actions are attempted, posing

a risk of tower collapse, UNISafe reliably intervenes to correct

the behavior and maintain stability within the in-distribution

region. In contrast, LatentSafe fails to preemptively detect such boundaries due

to optimistic OOD imagination, ultimately allowing high-uncertainty actions. Next,

we quantitatively evaluate �ltering by replaying 50 failure trajectories as� task that

result in tower collapse. The corresponding action sequences are replayed as a task

policy with either UNISafe or LatentSafe as the safety �lter. Fig. 3.7 shows that

UNISafe leads to lower failure rates and maintains low model uncertainty.
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3.6 Conclusion

In this work, we propose UNISafe, a framework for reliable latent-space safe control

that uni�es reachability analysis in a latent world model with OOD detection of the

world model predictions. To detect unreliable out-of-distribution imaginations of

the world model, we introduce a principled method to quantify the world model's

epistemic uncertainty and calibrate a threshold. We then augment the latent space

with epistemic uncertainty and perform an uncertainty-aware latent reachability

analysis to synthesize a safety �lter that reliably safeguards arbitrary policies from

both known failures and unseen safety hazards. We demonstrate that our approach

reliably identi�es OOD imaginations and synthesizes an uncertainty-aware latent

safety �lter from an o�ine dataset with limited coverage, enabling safe control in

complex vision-based tasks by preemptively detecting safety risks and proposing safe,

in-distribution backup actions.

3.6.1 Limitations

Component vs. System-level Safety Assurances. While our uncertainty-aware

safety �lter empirically can prevent both seen and unseen failures by incorporating

OOD failures, it does not formally guarantee zero failure rates. In this work, we only

provide a component-level statistical assurance on detecting OOD transitions within

the world model via conformal prediction. Future work should study system-level

assurances on the overall safety �lter that is also in
uenced by our reinforcement-

learning approximations in high-dimensional learned latent spaces. Moreover, our

framework assumes that the system starts from an in-distribution safe initial state

and that no unknown disturbances or visual distractions appear during operation.

Therefore, for robust deployment, a system-level failure monitoring mechanism is

necessary, which can reliably detect when the system loses its con�dence. While our

supplementary experiments indicate that our uncertainty measure can be leveraged for

such system-level failure detection (see Sec. A.2.4), further exploration on system-level

failure detection and mitigation remains as an important future work [3, 172].

Limited Generalizability and Reliability. Our latent safety �lter relies on

the capabilities of the learned world model. While recent generative world models
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have demonstrated promising results [2, 221], the world model's predictions can be

imprecise even within in-distribution regions or fail to generalize to unseen scenarios.

Although our safety �lter adopts a minimally conservative approach to uncertain

scenarios, its performance can be further improved with additional data. Future work

should explore safe exploration strategies or active learning methods, using quanti�ed

epistemic uncertainty as intrinsic rewards to enhance world model generalization.

Challenges in Uncertainty Quanti�cation. While our method adopts epis-

temic uncertainty quanti�cation as a proxy for detecting unreliable world model

imaginations, there are several limitations to this approach. Even within regions

that are nominally in-distribution, world model predictions can still be imprecise

or biased, particularly in complex or stochastic systems. In other words, while a

transition may be classi�ed as in-distribution, this does not guarantee the correctness

of the model's prediction, potentially leading to an imprecise safety �lter. Moreover,

our uncertainty quanti�cation assumes a Gaussian distribution over the next latent

prediction, which may not hold in systems with complex, multimodal dynamics. It

also adopts an ensemble as a separate module from the world model, which may not

faithfully capture the model's true uncertainty (see Sec A.1.3 for further discussions).

Exploring methods for faithfully detecting OOD scenarios under complex, multimodal

data distributions presents an important direction for future work. Additionally,

our framework and the safety Bellman equation (3.2) does not account for aleatoric

uncertainty, and thus optimizes for the expected safety violation. Extending the

framework to explicitly model aleatoric uncertainty in the latent dynamics could im-

prove robustness, enabling latent-space safe control that better anticipates worst-case

outcomes under the world model's predictions [28, 60, 138, 154, 214].
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Chapter 4

Aleatoric Uncertainty in World

Models

The content of this chapter is based on \StressDream: Steering Video World

Models for Robust Policy Evaluation and Improvement" [165] and was written

in collaboration with Sushant Veer, Ran Tian, Wenhao Ding, Apoorva Sharma,

Karen Leung, Edward Schmerling, Marco Pavone, and Andrea Bajcsy.

In this chapter, we study robust control under aleatoric uncertainty of learned

world models. Under aleatoric uncertainty, the outcome of a robot action is

inherently uncertain, and robust control requires reasoning about adverse out-

comes that could occur under the same action, so that the robot can select

actions that still achieve the desired outcome under plausible worst-case sce-

narios. Given world models that implicitly model a distribution over plausible

outcomes of robot actions, we propose a method for steering imaginations toward

pessimistic but plausible outcomes, since random sampling can miss critical out-

comes of robot actions. This enables more robust policy evaluation by exposing

failure modes that random sampling often misses, as well as improved policy

optimization by training against challenging but realistic imagined futures.
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Abstract. Video world models (WMs) have shown promise for policy evaluation

and improvement by imagining realistic future observations conditioned on ego-robot

actions. While WMs can model distributions over futures, policy evaluation and

improvement typically rely on nominal imaginations, which can miss high-impact

outcomes of robot actions unless prohibitively many samples are drawn. To en-

able robust policy evaluation and improvement over WM imaginations, we propose

StressDream, which steers imaginations toward high-impact yet plausible outcomes

speci�ed at inference time by optimizing the initial noise of di�usion-based WMs.

However, optimizing high-dimensional noise is challenging: the optimization must

reason about nuanced, scene-dependent target events in generated videos while avoiding

out-of-distribution (OOD) noise that yields implausible imaginations. We address

this with two complementary objectives: a semantic objective with a Vision-Language

Model that provides informative gradients by reasoning about the generated video, and

a plausibility objective that prevents the optimized noise from drifting OOD. With

state-of-the-art video world models for autonomous driving and robotic manipulation,

we show that StressDream e�ectively steers imaginations toward high-impact yet

plausible outcomes speci�ed by text at inference time, such as task failures, enabling

robust policy evaluation and improvement by identifying actions whose plausible futures

include undesirable outcomes.

4.1 Introduction

Video world models (WMs), or learned simulators of physical environments, have

attracted signi�cant interest in robotics, promising policy evaluation and improvement

with substantially less costly real-world interaction [2, 128, 198]. At their core, video

WMs are generative models, such as di�usion and 
ow matching [82, 95, 120], learning

distributions over future observations conditioned on ego robot actions, and thereby

capturing the inherent uncertainty of physical interactions or behaviors of other

agents [9, 29, 63, 98] (top, Fig. 4.1). For example, in robotic manipulation, dropping

an open bag from high above the table may or may not cause its contents to spill,

leading to either task success or failure; in autonomous driving, the same ego-vehicle

decision can elicit qualitatively di�erent outcomes depending on the responses of

surrounding agents, such as braking or maintaining speed.
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Figure 4.1: Overview of StressDream. (Top): The initial noise of di�usion-based
WMs is optimized to steer imaginations toward a target event speci�ed by an inference-time
prompt. While nominal imaginations may miss high-impact outcomes of robot actions,
such as spilling, StressDream uses VLM guidance to steer imaginations toward such
outcomes while preventing the high-dimensional noise from drifting into OOD, where
generations become implausible. (Bottom): StressDream imagines high-impact but
plausible outcomes of robot actions, such as task failures or collisions, enabling robust policy
evaluation and improvement.

Despite learning rich distributions over future outcomes, policy evaluation and

improvement with WMs typically rely on nominal imaginations [29, 62, 67, 68],

which can under-explore the diverse outcomes they are trained to model. Naively

sampling imaginations from WMs can easily miss critical outcomes without drawing

prohibitively many samples, making it ill-suited to the role of WMs: exploring plausible,

high-impact outcomes of robot actions for policy evaluation and improvement [146,

168, 182, 219], where plausibility refers to outcomes supported by the learned WM

distribution. For example, when a manipulator drops an open bag from high above the

table, the WM's distribution may include outcomes both with and without spilling;

in contrast, when the bag is placed close to the table, spilling may be unlikely or

absent from the outcome distribution (bottom, Fig. 4.1). The ability to imagine
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plausible, high-impact outcomes can therefore allow the latter action to be preferred

during policy evaluation, while the former is downweighted or suppressed during

policy improvement. This motivates the central question of our work:

How can we e�ciently steer video world models at inference time to

imagine plausible, high-impact outcomes for policy evaluation and

improvement?

Our key idea is to optimize the initial noise of a di�usion-based WM, steering

generation toward high-impact events speci�ed at inference time (e.g., spills or

collisions), within the distribution of plausible outcomes. The challenge, however,

is to guide this optimization in extremely high-dimensional noise spaces (e.g., 1M

dims [62]): the optimization must reason about nuanced, scene-dependent target

events from generated videos, while naive optimization can easily push the initial noise

into out-of-distribution (OOD) regions [159, 180], producing implausible videos. To

address this, we propose StressDream, which combines a semantic objective, using

a Vision-Language Model (VLM) that reasons about what happens in the generated

video to guide generation toward target events, with a plausibility objective that

keeps the optimized noise within the in-distribution region. Together, StressDream

provides dense gradient signals for searching the high-dimensional noise space, while

preserving plausibility of generations, enabling video WMs to explore plausible,

high-impact outcome distributions for robust policy evaluation and improvement.

Statement of Contributions. We propose StressDream, a novel inference-time

steering method for di�usion-based video world models. Our algorithm optimizes

the high-dimensional Gaussian initial noise to steer generations toward high-impact

outcomes while preserving plausibility. Through experiments, we show: (i) in con-

trolled settings with access to the true system dynamics, StressDream steers WM

imaginations toward target task-failure events only when such outcomes are plausible;

(ii) on state-of-the-art video world models for autonomous driving [62] and robotic

manipulation [68], StressDream enables robust policy evaluation by detecting high-

impact outcomes, such as task failures, with substantially higher recall (54%! 94%);

and (iii) this robust evaluation improves policy by promoting robust actions that avoid

potential failures, increasing the success rate of a Vision-Language-Action (VLA)

policy [91] (39% ! 71%).
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4.2 Background: Action-conditioned Video World

Models

Video World Models. An action-conditioned video world model f � , parameterized

by � , models distributions of future observations o :=ot:t+H , where t denotes the

time and H is the prediction horizon [68, 104, 116, 146, 182, 213]. Each observation

o = [ I 1; � � � ; I n ; q] 2 O consists ofn camera imagesI i and proprioceptive stateq,

such as the robot joint con�guration. The prediction is conditioned on an observation

history ohist := o t�h:t and a future ego-action sequence a := at:t+H :

o � f � (� j o hist ; a); where o := ot:t+H ; ohist := o t�h:t ; a := a t:t+H : (4.1)

Di�usion Models as Video World Models. Recent video world models [ 62,

68, 213] often instantiate f � as a di�usion model [82, 174], learning a transformation

between the data distribution, x0 := o � p data (o), and a tractable noise distribution,

typically a standard Gaussian xT := � � N (0; I D ), where D is a noise dimension,

indexed by di�usion time � 2 f0; 1; : : : ; Tg:

x � = � � x + � � �; where x0 := o; x T := � � N (0; I D ); (4.2)

where� � is a decreasing function of� and � � is an increasing function. Generation

proceeds in the reverse direction by iteratively mapping a noisier sample to one at a

less noisy di�usion time :

d� (x � ; ohist ; a) := x � �1 =
� � �1

� �

�
x � � � � g�

�

�
x � ; ohist ; a

��
+� � �1 g�

�

�
x � ; ohist ; a

�
; (4.3)

whereg�
� is the noise predictor (see Appendix B.1). Starting from an initial Gaussian

sample xT = � , repeated application of this reverse update produces the predicted

future observations x0 = o.

Initial Noise as a Control Variable. Following (4.3), which corresponds to the

probability-
ow ODE [ 175], for �xed conditioning inputs (o hist ; a), the imaginations are

a deterministic function of the initial noise: o = f � (�; ohist ; a): Thus, all stochasticity

in generation is governed by the initial noise, implying that selecting the initial noise
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controls which video is generated from the WMs.

4.3 Setup: Policy Evaluation and Improvement

with Video World Models

Policy Evaluation and Improvement with Video World Models. Given

an action-conditioned video world modelf � , we aim to evaluate candidate action

sequences by imagining their future outcomes, which can then be used for policy

evaluation [116, 146, 182] and improvement [67, 68, 168]. The predicted futures o

are evaluated by a test-time criterion functionCtest (o) 2 R, which measures whether

plausible outcomes with high impact on policy evaluation and improvement occur in

the generated videos. These evaluations can be used to improve policies by selecting

actions that avoid such outcomes [75, 221], or by training a policy � (a j ohist ) using

world-model imaginations [67, 68].

However, when multiple futures are possible under the same action sequence,

a robust policy [7, 133] should account for the distribution of outcomes that are

plausible under the ego robot action:

a� = argmin
a2A

max
�2R D

Ctest
�
f � (�; o hist ; a)

�
(4.4)

Outer opt.: action robust to the distribution over plausible futures

Inner opt.: high-dim. (e.g., D �1M) Gaussian noise generating high-impact, yet plausible futures

where the inner optimization chooses a Gaussian noise to steer the WM generation

toward a worst-case plausible future that maximizes the criterion, while the outer

optimization selects a robust action sequence that keeps the criterion low across

plausible futures, even under worst-case outcomes. Various methods can be used for

the outer optimization: A may be a discrete set in a sampling-based solver [221], or

a continuous action space over which a policy is optimized [67]. However, solving the

inner optimization is challenging, as it requires optimizing over a high-dimensional

noise space.

Steering Imagination via Inference-time Noise Optimization. Since the

initial noise acts as a control variable for the generation of WMs (Sec. 4.2), the

goal of the inner optimization corresponds to steering the WM imagination toward
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a high-impact outcome that remains plausible under the learned model. However,

because evaluating each noise requires an expensive denoising process, repeated

random sampling is highly ine�cient and likely to miss rare but plausible critical

outcomes within a limited sampling budget. Instead, we leverage the gradient of a

di�erentiable criterion function to steer generation more e�ciently, optimizing the

initial noise directly via gradient ascent:

� i+1 = � i + � r � i

�
Ctest (o i )

�
; where oi = f � (� i ; ohist ; a); (4.5)

where� denotes a step size. Although this �rst-order gradient ascent requires a small

number of iterative updates, each involving forward and backward passes through both

the WM and the criterion function, the dense gradient signal makes it substantially

more e�cient than zeroth-order random sampling for discovering noises that induce

plausible, high-impact video generations [52, 96, 180].

Challenge: High-Dimensional Noise Space. While gradient-based optimization

in (4.5) can steer di�usion model generation at inference time [52, 180], applying

it to video world models is challenging because their noise spaces are extremely

high-dimensional, e.g.,� 1M in driving [62] and � 50K in manipulation [68]. The

optimization must guide generation toward meaningful, scene-dependent target events

while preserving plausibility under the learned WM distribution. However, naive

optimization can easily push the noise into out-of-distribution (OOD) regions of

Gaussian noises, producing implausible videos (Fig. 4.1), and the test-time criterion

Ctest must be di�erentiable while reasoning about nuanced, task-relevant events that

vary across scenes. Moreover, solving(4.5) is ine�cient because exact gradients

require backpropagating through the iterative denoising process.

4.4 StressDream: Steering High-Dimensional

Video World Models

To address the challenges of steering video world models, we propose StressDream,

which de�nes a di�erentiable optimization criterion by combining a semantic objective

using Vision-Language Models (VLMs) with a plausibility objective that prevents

OOD noise: Ctest = Csem + Cpla . The semantic objective uses inference-time text
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speci�cations of high-impact outcomes to reason about whether the target events

occur in the generated video (Sec. 4.4.1). The plausibility objective preserves the

statistical properties of the standard Gaussian noise prior, thereby maintaining the

plausibility of WM generations (Sec. 4.4.2). Finally, we approximate the noise gradient

to avoid full backpropagation through the iterative denoising process, enabling e�cient

optimization (Sec. 4.4.3).

4.4.1 Semantic Objective: Steering towards Target Events

with VLM Gradients

Since video WMs operate across diverse scenes and tasks, the high-impact target

events for steering may change with the policy context, requiring a semantic objective

that can di�erentiably score whether scene-dependent target events occur in generated

videos. We therefore leverage the general video-understanding capability of a Vision-

Language Model (VLM) as the semantic objective. Given an inference-time text

prompt ` describing the target high-impact outcome, the VLM measures how well

the generated video o matches the prompt. For example, in robotic manipulation,

one may specify \the co�ee beans spill," while in driving, one may specify \a collision

occurs."

To obtain a di�erentiable score, we use Qwen-VL [15] and prompt it to output a

single token,yes or no, indicating whether o matches` . We then de�ne Csem as the

di�erence in log token probabilities:

Csem(o ; `) = log p VLM (yes j o; `) � log p VLM (no j o; `): (4.6)

Using the VLM's single-token probabilities makes the objective di�erentiable, pro-

viding rich gradient signals for optimizing high-dimensional noise that generates an

inference-time target event.

4.4.2 Plausibility Objective: Keeping High-dimensional

Noise in the Typical Set

Di�usion models are trained to generate samples from noise drawn from a Gaussian

prior. When the noise leaves the typical set [21, 41, 137], where most training-
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time noise samples lie, the resulting out-of-distribution (OOD) noise can produce

implausible videos that are unlikely under the WM distribution or have degraded

visual quality. Importantly, in high dimensions, the typical set is not the same as

the region of highest probability density: some noise vectors, such as the zero vector,

may have high density but are extremely unlikely to be sampled from the Gaussian

prior (See Appendix B.2.1 for more details). Since gradient-based noise optimization

can perturb the noise away from this typical set [52, 76, 159, 160, 180], we employ a

plausibility objective that encourages the noise to remain within the typical set of the

Gaussian prior, with a combination of functions of the noise that capture key statistics

of high-dimensional Gaussian noise: Cpla(�) = � 1Cnorm (�) + � 2Ciso(�) + � 3Cspec(�).

Norm Concentration. First, since the squared norm of Gaussian noise follows a chi-

square distribution, k�k 2
2 � � 2

D , it concentrates sharply around the noise dimension

D [159]. We therefore regularize deviations of the noise radius from the typical

Gaussian shell: Cnorm (�) := �
�

k�k 2 �
p

D
� 2

:

Isotropy. While norm concentration enforces typicality at a global scale, the

optimized noise may still contain local correlations or structured coordinate patterns

that are unlikely under an i.i.d. Gaussian prior [180]. To encourage coordinate-

wise independence, we randomly permute the entries of� and partition them into

m subvectorsf� i gm
i=1 , where � i 2 R k and D = mk. Under the Gaussian prior,

these subvectors should behave as i.i.d. samples fromN (0; I k), and therefore their

empirical second momentb� = 1
m

P m
i=1 � i � >

i should be close to Ik . We therefore

penalize deviations from blockwise isotropy asCiso(� ) := � 1
k kb� � I kk2

F , averaged over

multiple random permutations.

Spectral Whiteness. Even when the noise remains typical in coordinate space,

optimization can introduce frequency-domain artifacts [47]. Since Gaussian noise has

a 
at expected power spectrum [177, 189], we encourage the noise to remain spectrally

white. Let F denote a unitary 2D discrete Fourier transform applied over the spatial

dimensions of each noise slice, and compute the power spectrum P =jF (� )j2. We

aggregate P intoB spatial-frequency bins to obtain bin-averaged powersfbp bgB
b=1 . To

preserve spectral 
atness, we minimize the variance of these bin-averaged powers,

Cspec(�) := � 1
B

P B
b=1 (bpb � �p) 2, where �p = 1

B

P B
b0=1 bpb0 is the mean power across bins.
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4.4.3 Approximating Noise Gradients for E�cient Steering

Noise optimization in (4.5) requires computing the gradient of the criterion with

respect to the initial noise,r � Ctest
�
f � (�; o hist ; a)

�
= r � Ctest

�
d1

�
� � � dT (�; o hist ; a)

��
;

where d� (�) denotes one denoising step in(4.3). Although di�usion models are

di�erentiable in principle, backpropagating through the full iterative denoising process

(e.g., 50 steps [22]) can incur high memory cost and vanishing gradient [5, 53]. To

make optimization e�cient, we adopt score-distillation [5] (Appendix B.2.4), which

approximates the gradient with respect to the noise using the gradient at the generated

sample:

r � Ctest (o) � � r oCtest (o); where o = f � (�; o hist ; a) = d 1
�

� � � dT (�; o hist ; a)
�
;

(4.7)

where � is a scalar coe�cient. This approximation only requires backpropagation

through the di�erentiable criterion function, avoiding full backpropagation through

the iterative denoising process.

In sum, StressDream optimizes the initial noise as in (4.5), using a gradient

that combines the gradient approximation, the semantic objective (VLM), and the

plausibility objective (typical set):

r � Ctest (o) = � r o Csem (o; `) + r � Cpla(�) ; (4.8)

where the coe�cients �; � 1; � 2; � 3 are tuned depending on the WM, noise dimension,

and VLMs.

4.5 Case Study: Steering Dubins Car Video

World Model

We �rst study StressDream in controlled settings where the system dynamics and

uncertainty are known. Since we know the true dynamics, this setup allows us to test

whether WM steering can e�ectively identify high-impact futures (i.e., failures) only

when they are possible under the system.

Naughty 3D Dubins Car. We consider an image-based setup of a discrete-
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time 3D Dubins car with state s = [ px ; py; � ], continuous angular-velocity action

at 2 [� 1:25; 1:25]rad=s, �xed speed v = 1 m=s, and timestep � t = 0:05 s. The

naughty Dubins car introduces uncertainty by randomly 
ipping the sign of the

control input: � t = �1 with probability p = 0:2, and � t = 1 otherwise:

st+1 = s t + �t [ v cos(� t ); v sin(� t ); � tat ]; � t 2 f�1; 1g: (4.9)

Each state is rendered as a 3� 128� 128 RGB image showing the environment and

vehicle. In this setup, instead of the VLM-basedCsem, we use the safety score de�ned

asC(s) = p2
x + p2

y � 0:252, which induces a circular failure set of radius 0:25 m centered

at the origin: F := fs j C(s) � 0g:

Video World Model. We train a WM on an o�ine dataset of 4 ;000 random

observation{action trajectories. We train a safety-score predictor to regress the ground-

truth score from an image, and train a di�usion world model,f � (ot+1 j �; o t ; at ), to

generate one-step future observation (H = 1) conditioned on the current observation

and action. The resulting noise dimension is 1024.

Figure 4.2: Results: Naughty Dubins Car. (a): TPR and TNR for detecting possible failures
in WM imaginations. (b): Overlaid nominal and steered imaginations. StressDream
steers WM imaginations, detecting plausible failures that nominal imagination misses.

Experiment Setup. We aim to detect action sequences that have a possibility of

entering the failure set using WM imaginations. We construct an evaluation dataset

of 5;000 random initial state and action sequences. For each trajectory, we compute

the ground-truth minimum safety score achievable under the stochastic dynamics
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in (4.9), and label it as positive if the g.t. minimum score is below zero, indicating

that the trajectory can enter the failure set. We then perform open-loop world-model

rollouts using only the initial image o0 and the action sequence, and classify an

imagined trajectory as a failure, i.e., positive, if its minimum predicted safety score

along the rollout is below zero.

Baselines. StressDream steers imagination by minimizing the predicted safety-

score for 10 optimization steps. We compare against sampling without optimization:

Nominal (N =1), and Best-of-N (N =10). We ablate StressDream without Cpla ,

and compare against classi�er guidance (CG) [42, 115], which applies gradients during

denoising instead of optimizing the initial noise.

StressDream reliably detects failures only when they are plausible. Fig. 4.2

shows that StressDream accurately detects potential failures in WM imaginations,

achieving a high true positive rate, i.e., correctly identifying trajectories that can fail,

while maintaining a high true negative rate, i.e., not falsely classifying safe trajectories

as failures. In contrast, StressDream without the plausibility objective in Sec. 4.4.2

yields a low true-negative rate, indicating implausible failures are imagined without

the typical set constraint. CG similarly produces many false positives by directly

modifying the denoising trajectory, generating implausible imaginations. Random

sampling methods (Nominal , Best-of-N ) generate plausible imaginations, but are

less e�ective at identifying rare possible failures compared to StressDream, often

missing them even with multiple samples.

4.6 Experiments: Robust Policy Evaluation and

Improvement

In this section, we validate StressDream for robust policy evaluation and improve-

ment using state-of-the-art video world models in both autonomous driving [62] and

robotic manipulation [68].

Autonomous Driving. We use Vista [ 62] that predicts 25 future front-view

camera frames at 576� 1024, conditioned on future waypoints as actions, with noise

dimensionD = 921;600. We �ne-tune the model on the PhysicalAI-Autonomous-

Vehicles (PAI-AV) dataset [141] and the Nexar Collision Prediction Dataset [134],

38



4. Aleatoric Uncertainty in World Models

Figure 4.3: Nominal vs. Steered Imaginations. Top texts show the inference-time prompts
describing target outcomes. StressDream steers WM imaginations toward speci�ed high-
impact outcomes that nominal generation misses. Imaginations are grounded in plausible
outcomes: when target outcomes are not supported by the WM distribution, e.g., spilling
sticky candies or from a closed bag, StressDream does not imagine them.

which include diverse driving scenarios such as collisions. We optimize for 20 steps

with Qwen2.5-VL-7B-Instruct [17] �ne-tuned with Wolf [113] and X-CLIP [125].

Robotic Manipulation. We use Ctrl-World [ 68] trained in the DROID setup [99],

which predicts 5 future frames from 3 camera views of resolution 192� 320, conditioned

on joint-position actions, with D = 57;600. We consider six contact-rich manipulation

tasks (See Fig. 4.7) and collect approximately 150 teleoperation trajectories per task

containing both successes and failures to �ne-tune the model. We optimize noise for

10 steps using Qwen3-VL-4B-Instruct [16], providing the three-view videos along with

a prompt describing the task failure (More details in Appendix B.4.1).

4.6.1 Robust Policy Evaluation using State-of-the-Art Video

World Models

We �rst study whether StressDream enables robust policy evaluation by e�ciently

steering WM imaginations toward high-impact but plausible outcomes speci�ed at

inference time. As a baseline, we compare against random generation (Best-of-N ),

which samples multiple imaginations without optimization with the same budget as

StressDream, and selects the one with the highest score.

Evaluation Setup. We generate imaginations from an initial observation o0 and ac-

tion sequence a, and evaluate whether the generated video matches the inference-time

text speci�cation ` of the target event. For driving, we curate 100 image{action{text

pairs from the PAI-AV dataset [141] across 8 safety-critical event categories (see
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