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Abstract

Safety-aware shared autonomy aims to enable an
autonomous agent to collaborate with a human op-
erator, completing tasks under safety constraints
while maximally preserving human intent. How-
ever, existing methods often underperform in long-
horizon tasks that require balancing task perfor-
mance under safety constraints with the degree
of intervention—particularly when accurately pre-
dicting future unsafe events is critical. This lim-
itation largely stems from their reliance on the
current state alone to decide when to intervene
and how to modify actions. We propose World
Model Assisted Safety Planning (WASP), a model-
predictive shared autonomy framework for explicit
safety constraint satisfaction. We first formulate a
safety-aware world model, and leverage its online
predictive reasoning to decide when to intervene
by jointly assessing prospective safety violations
and degradation in task performance, thereby inter-
vening only when necessary while enforcing safety
constraints at decision time. Once intervention is
triggered, WASP plans a short-horizon residual cor-
rection using world model rollouts, filters out un-
safe candidates, and executes the least-deviating
correction among the remaining high-return op-
tions in a receding-horizon loop. Experiments
across diverse vision-based safety-critical domains
show that WASP substantially reduces safety vio-
lations while preserving task performance and re-
ducing unnecessary interventions over prior shared
autonomy baselines.

1 Introduction

Shared autonomy has emerged as a practical paradigm for
human-machine collaboration, with demonstrated benefits
in robotic teleoperation, drone control, and assisted driving
[Javdani et al., 2015; Reddy et al., 2018; Li and others, 2023].
Its central objective is to improve task performance and re-
duce operator workload through timely assistance while pre-
serving the human operator’s intent and sense of control [Du
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Figure 1: Overview of intervention timing in safety-aware shared
autonomy. (a) Current observation-based intervention can be too late
under delayed hazards. (b) Imagined rollouts anticipate multi-step
risks and enable earlier intervention. (c) A safety-aware interven-
tion function alone can become overly conservative (e.g., brake-only
behavior), hindering task performance. (d) Adding a task-aware in-
tervention function when a short correction is expected to improve
return helps maintain task performance while preserving safety.

et al., 2020; Myers et al., 2024].

In safety-aware and long-horizon tasks, insufficient assis-
tance can lead to unsafe scenarios and poor task performance,
while excessive assistance can hinder the human operator’s
intent [Tan et al., 2022]. Prior work can be broadly cate-
gorized into two paradigms. One paradigm relies on an in-
tervention function to decide when to assist the human op-
erator [Oh et al., 2025; McMahan et al., 2024]. For ex-
ample, IDA estimates the expected values of the agent and
human actions to decide whether to execute the agent ac-
tion instead of the human action [McMahan et al., 2024].
Nevertheless, these methods typically make intervention de-
cisions from the current observation without explicitly an-
ticipating multi-step future risks, which can be insufficient
for long-horizon and safety-aware tasks [Huang et al., 2024;
Xu et al., 2021]. The other paradigm combines expert
and human actions in a stepwise manner for task execu-
tion, which improves task performance through continuous
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expert correction [Sun er al, 2025; Yoneda er al., 2023;
Schaff and Walter, 2020]. DiffusionSA learns an expert ac-
tion distribution and uses a diffusion model to correct human
actions toward this distribution, while preserving the user’s
control authority [Yoneda et al., 2023]. However, the as-
sistance can become overly frequent, substantially reducing
human autonomy. These limitations (Fig. 1(a,b)) raise a cen-
tral open question in safety-aware shared autonomy: how to
jointly decide intervention timing and design an action cor-
rection mechanism in long-horizon, safety-critical tasks.

A desirable assistance mechanism should anticipate multi-
step future risks when deciding intervention timing and pro-
vide continuous, gradual corrections once intervention is
needed. World model constrained planning provides a natu-
ral and principled approach to supporting this process [Wang
et al., 2025; Vasudevan et al., 2025]. In particular, a world
model enables decision making through imagined rollouts,
allowing the assistant to reason about future outcomes along
candidate trajectories.

Building on these insights, we propose World Model As-
sisted Safety Planning (WASP), a world model constrained
planning framework for safety-aware human-machine collab-
oration. We first pretrain a safety-aware world model that
consists of an RSSM-style latent dynamics model with a re-
ward head and a collision cost head [Huang et al., 2024].

WASP is structured into two stages, Model Predictive In-
tervention (MPI) and Model Predictive Residual Planning
(MPRP). From the perspective of intervention timing, a
safety-aware intervention function can avoid collisions, but
it often leads to conservative braking behavior that degrades
task performance (Fig. 1(c)). Therefore, we design both
safety-aware and task-aware intervention functions to address
this trade-off in MPI (Fig. 1(d)). The safety-aware interven-
tion function uses imagined rollouts in the pretrained world
model to estimate cumulative collision cost and triggers in-
tervention when the cumulative cost is sufficiently high. The
task-aware intervention function uses a limited number of
imagined rollouts to estimate the long-horizon return gain of
a short correction and intervenes only when the expected gain
exceeds a threshold. When either function triggers, WASP in-
tervenes and transitions to MPRP.

In MPRP, WASP samples residual action sequences and
evaluates their imagined trajectories in the world model,
retaining candidates that satisfy a predicted cumulative
collision-cost constraint. If enough safe candidates remain,
WASP optimizes task return while penalizing deviation from
the operator command. Otherwise, it prioritizes reducing pre-
dicted collision cost.

We evaluate WASP on Safety Gymnasium [Ji et al., 2023],
comparing it against value-function-based intervention meth-
ods and stepwise action-correction methods. Across three
tasks, WASP achieves strong task performance under safety
constraints while requiring fewer and smaller interventions.

2 Related Work

Shared autonomy. Shared autonomy combines human in-
puts with agent assistance to improve task performance while
preserving human intent [Abbink ez al., 2018]. Prior work in-

cludes intent inference, empowerment-based assistance, ac-
tion correction, and intervention burden [Weiss and Gerdes,
2023]. Among these methods, action correction and inter-
vention quantity have received particular attention. One line
of work studies action correction by overriding or adjusting
user actions to improve operator task performance [Schaff
and Walter, 2020; Li and others, 2023]. Another line explic-
itly models intervention quantity, e.g., optimizing assistance
under hard or soft constraints on the number of interventions
to improve user experience and reduce manual tuning [Tan et
al., 2022; Broad et al., 2019]. However, safety considerations
are often treated as secondary in much of this literature.

Safety-aware shared autonomy. Safety-aware shared au-
tonomy has mainly been explored through two paradigms:
action correction and intervention-function-based assistance
[Oh et al., 2025; McMahan et al., 2024]. Action-correction
methods adjust human actions toward an expert action distri-
bution. For example, diffusion-based approaches map human
actions to samples from this distribution [Yoneda et al., 2023;
Sun et al., 2025], while residual policy learning trains a
model-free assistive policy to minimally adjust human actions
under goal-agnostic constraints [Schaff and Walter, 2020;
Li and others, 2023].. These methods can improve task per-
formance, but their continuous corrections may lead to overly
frequent assistance and reduced operator autonomy [Tan er
al., 2022; Broad et al., 2019]. In contrast, intervention-
function-based methods decide when the agent should over-
ride human actions using value or safety-margin signals, as
in interventional assistance [McMahan et al., 2024; Xue and
others, 2023; Peng and others, 2023] and human-centered
safety filters [Oh et al., 2025]. However, these decisions
are often based on current-state value or margin estimates,
which may be insufficient when hazards are delayed and re-
quire multi-step anticipation. Moreover, some safety-filter
approaches require expert priors to construct safety margins
[Oh et al., 2025].

Safety-constrained planning with latent world models.
Safety-constrained planning with latent world models offers
a natural way to anticipate delayed hazards under partial ob-
servability [As et al., 2025; Huang et al., 2024]. Latent dy-
namics models support imagined rollouts for evaluating fu-
ture outcomes over candidate action sequences. Such roll-
outs have been widely used for imagination-based control
and model-predictive planning [Wang et al., 2025; Vasude-
van et al., 2025]. Recent safety-oriented model-based work
augments this pipeline with cost or risk prediction and uses
predicted cumulative cost to constrain planning or filter un-
safe rollouts [Zwane er al., 2023; Hogewind et al., 2022,
Jayant and Bhatnagar, 2022].

Relation to prior work. Prior shared-autonomy methods
typically address either action correction or value-/margin-
based intervention, while safety-constrained latent world
models enable multi-step risk-aware planning under partial
observability. WASP bridges these lines by using a pretrained
safety-aware world model to jointly decide when to intervene
and how to correct operator commands.
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3 Problem Formulation

Constrained Markov decision process (CMDP). Safety-
constrained long-horizon decision making is commonly mod-
eled as a constrained Markov decision process (CMDP),
defined as M = (S, A,p,r,¢,v,k) [Chow et al., 2018;
Dai et al., 2023]. The state and action spaces are S and A,
respectively. The transition kernel p(s’ | s, a) gives the prob-
ability of reaching s’ € S after taking @ € A in s € S. The
reward function 7(s, a) specifies the immediate reward, and
the cost function c(s, a) specifies the immediate safety cost.
The discount factor is v € (0, 1) and x denotes the allowable
discounted cost budget. The discounted return and cumula-
tive cost of a policy 7(a | s) are

=F, Z’ytr(st,at)] ,
t=0

- (1)
[t
t=0
The CMDP objective is
max J.(m) st J.(7) <k, (2)

Safety-aware shared autonomy. Based on the CMDP for-
mulation, we formulate safety-aware shared autonomy by
coupling a nominal human command with an assistive resid-
ual correction [Schaff and Walter, 2020]. At time ¢, the
operator provides a nominal command a’ € A and the
assistant outputs a correction da;. The executed action is
a; = afl + Sa, followed by projection or clipping to the
valid action bounds when necessary.

To make the shared-autonomy information structure ex-
plicit, we augment the state with the operator command,

5t = (s1,07)), @
and define the assistive policy as a residual policy conditioned
on S¢:
day ~ w(da | §). 4
The environment evolves according to the same transition
kernel p(s¢+1 | st, a:) under the executed action a;.
We implement minimal intervention by penalizing correc-
tion magnitude while enforcing the cumulative safety-cost
constraint. This yields the objective

Z’y ( Sty ap) — af|day| )]
E7T Z’Yt C(Stvat)‘| S K,
t=0

where a > 0 controls the penalty on correction magnitude
and « specifies the allowable discounted safety-cost budget.

max F.

®

4 Methods

Our method combines a pretrained safety-aware world model
with online intervention gating and residual planning in a
closed loop. Figure 2 provides an overview of the entire
framework, from environment observation to the execution
of the final corrected action, and the subsequent update of the
state for the next time step.

4.1 Pretrained Safety-Aware World Model

To pre-evaluate future outcomes for intervention timing and
action correction, we pretrain a safety-aware world model of-

fline, together with reward and cost critics V and %, and
keep them fixed during online shared-autonomy control.

The world model is parameterized as a recurrent state-
space model (RSSM), which summarizes history with a la-
tent state consisting of a deterministic recurrent component
h: and a stochastic latent variable z;. Given (h¢, ;) and the
executed action a;, the model updates the recurrent state via
hit1 = fo(he, 2z¢,a;) and predicts the next stochastic latent
state through the prior distribution pg(z¢41 | he41). When
an observation o; is available, the stochastic latent variable
is inferred through the posterior distribution gg(z; | he, 0¢).
During imagination, the model rolls forward using only the
prior dynamics.

From the latent state (h, z:), the world model reconstructs
the observation via a decoder Dy(oy | h¢, 2:) and predicts
immediate reward and safety cost through decoders Ry(r; |
ht, z:) and Cy(cy | he, z¢). We denote the predicted means by
7+ and ¢, where ¢ €0, 1] represents the predicted probabil-
ity of a safety-cost event. Two value critics, Vﬁ" (h¢, z¢) and
Vcwc (ht, z¢), provide bootstrapped estimates of long-horizon
reward and cost beyond the finite imagination horizon.

The model is pretrained on replayed sequences
(0¢, ags Tt ¢¢) by minimizing

0) = agKL[go (21 | he,or) || sg(po(ze | 7))

+ o, KL[sg(qo (2t | hey01)) || po(ze | he)]
- 50 lan(Ot | ht,Zt) - ﬂr IHRQ(T‘t ‘ hhzt)
— Be IHCQ(Ct ‘ hnzt)a (6)

where sg(-) denotes the stop-gradient operator. The first
two terms correspond to the representation regularization
and future-prediction losses of the RSSM, encouraging con-
sistency between the posterior and the learned prior. The
remaining terms are negative log-likelihoods for observa-
tion reconstruction, reward prediction, and cost prediction,
weighted by ,, 3,, and ., respectively.

The reward and cost critics are trained separately using
bootstrapped TD-A return targets computed from latent roll-
outs.

4.2 Model-Predictive Intervention Function

Intervention is determined by two model-predictive interven-
tion functions. The safety-aware intervention function has
priority and gates intervention based on whether nominal op-
erator behavior is predicted to exceed the safety-cost budget.
When safety is not at risk, the task-aware intervention func-
tion gates intervention based on whether a small correction is
expected to yield a meaningful long-horizon return gain. This
mechanism avoids unnecessary assistance while preventing
overly conservative behavior that preserves safety at the ex-
pense of task progress.

At each time step, the assistant decides whether to in-
tervene on the operator command, prioritizing safety while
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Figure 2: Closed-loop overview of the safety-aware shared autonomy framework. At each time step ¢, the environment provides observation
o¢ to both the human operator and the world model posterior, which infers the latent state (fu, 2¢). Using (h¢, z¢), a nominal operator model
mm, and candidate residuals, the world model performs imagined rollouts to compute model-predictive TD-\ estimates for reward and cost.
Two intervention functions then decide whether to use the nominal operator command or apply a CEM-planned residual correction. The final
action a is then executed in the environment, and the updated latent state estimate is used for the next step, closing the control loop. After
pretraining, the world model and critics are fixed and not updated during online control.

remaining passive when intervention is unnecessary. This
decision is made by simulating nominal operator behavior
through imagined rollouts in the pretrained world model.

To roll out nominal behavior, we follow the standard
shared-autonomy evaluation setup and use a simulated nomi-
nal operator policy 7y to generate future operator commands
during imagination. At each imagined step, the future nomi-
nal command is sampled from 7y conditioned on the imag-
ined latent state, a’ . ~ 7 (- | hgrll, Zifiz) In our exper-
iments, 7y is constructed from an RL-trained expert policy
with injected imperfections, including action noise, lagged
execution, limited skill, and delayed response. The same
my is used consistently across imagined rollouts and real-
environment evaluation for a given operator setting.

Starting from the current filtered latent state (h¢, z¢), we
sample M imagined trajectories of horizon H under 7z and
the world model dynamics, producing per-step predictions

{ft(f,z}kH:_ol and {émz H7.L. Each rollout m is summarized

by TD-A returns with critic bootstrapping. For a generic sig-
nal z € {r,c} with per-step prediction i‘gf,i and critic Vj,
initialize

GO VO, O
and fork = H — 1,...,0 compute

G = T+ ((1 = NV 2T )

AT, ®)

Here, A € (0, 1] controls the rollout-bootstrap trade-off. Set-
ting x = r yields a model-predictive estimate of long-horizon

task return, and setting z = c yields a model-predictive esti-
mate of discounted cumulative safety cost.

Safety-aware intervention function. Safety intervention
takes priority and is driven by the CMDP constraint on dis-
counted cumulative cost. Under nominal operator behavior,
we compute the mean TD-\ cost return across M imagined
rollouts:

M
~ ]- A m
G = 3 2 G ©

m=1

Intervention is activated whenever Gic))\ > 7., Where 7. is the

model-predictive cost threshold. When this condition holds,
the task-aware gate is skipped.

Task-aware intervention function. When the safety-
aware intervention function is inactive, task intervention is
applied only if a short residual correction is expected to yield
a meaningful improvement in long-horizon return.

Let G‘ET))\ denote the mean imagined TD-\ reward return
under nominal operator behavior:

1 M
G =57 2. G (10)

To test whether task intervention is warranted, we run a
budgeted sampling probe over an L-step residual sequence
dat.++1—1. This probe is used only for gating and evalu-
ates a finite set of candidate residual sequences without it-
erative distribution updates. Each candidate sequence is eval-
uated by composing it with nominal operator commands: the
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first L actions are corrected, and the remaining actions fol-
low the nominal commands generated by 7y in imagination.
Let Gg? (dat.t+1—1) and GE? (dat:t4+1—1) denote the mean
imagined TD-\ reward and cost returns under this composed
rollout. We compute a candidate correction by solving

L-1
cO
dagyt, 4 € argmax Gy (arsiz—1) — o Y [|0arx|?
dat:t+r—1 k=0

S.t. GE?\((Sat;HL,l) < Tc-
an

Denote G§°™F = Ggfi(éaffﬁ ;1) and define

AG, = G5 — GV (12)

The task-aware intervention function activates only when
AG}; > 7., where 7, is the return-gain threshold.

4.3 Model-Predictive Residual Planning

When intervention is applied, residual corrections are
planned online in a receding-horizon manner using imagined
rollouts from the pretrained world model. At time ¢, we opti-
mize an L-step residual sequence while evaluating task return
and safety over a longer prediction horizon H. In practice,
near the safety boundary, many sampled residual sequences
lead to predicted safety-constraint violations, leaving too few
safe candidates for reliable CEM distribution updates. We
therefore handle planning in two cases: one where the sam-
pled batch contains enough safe candidates, and one where
safe candidates are scarce.

We plan over an L-step residual sequence day.;1 11 and
evaluate it by composing the residuals with nominal operator
commands:

k<L,
k>1L,

where af? is the current operator command and future nom-
inal commands afik for k > 1 are generated by 7y during
imagination. In implementation, the composed actions are
clipped to the valid action bounds before being passed to the
world model. )

For each sampled candidate 5a§f2 4r_1> we roll out the
world model for horizon H and compute its predicted dis-
counted cumulative safety cost via the mean TD-\ cost re-

afl  + Sapip,
ar :{ T (13)

Ay ko

turn C_v‘ic/)\’(i), averaged over M imagined rollouts. A candi-
date is treated as safe if its predicted cost satisfies the model-
predictive cost threshold:

Fo={oaf) ) |G0 <n. (14)

We denote the number of safe candidates by |F,|. Planning
is handled in two cases depending on whether || is at least
a threshold V.

Case I (|F5| > Ny). When the batch contains enough safe
candidates, we update the CEM sampling dlstrlbutlon using
elites selected from F,. For each candidate 6at tiL_10 We
estimate its mean imagined TD-) reward return:
) 1 M )
GET)’(Z) — Gg’r))\x(%m)? (15)

where each rollout uses the composed action sequence in
Eq. (13). We score safe candidates by

L—1
SO =GR —a N [dal?, |17, (16)

and update the sampling distribution using the highest-
scoring candidates within Fj as elites.

Case II (| F5s| < Ny). When safe candidates are scarce, Fy
provides too few elites for a reliable CEM distribution up-
date. We therefore perform a recovery update by selecting
elites that minimize predicted safety-cost violation while still
penalizing large corrections.

Using the predicted cost return G ‘@ for each candidate

1, we define

—1
sW — 1] kY (8l ]1%, (17)

safe

=[G

where [z]; = max(:z:7 0). We select the Ny candidates with

the smallest Ssafe as elites to update the sampling distribution.
In subsequent CEM iterations, if the sampled batch contains
at least N safe candidates, planning switches back to Case I.

Given the selected residual sequence, the action executed
in the environment is obtained by composing the nominal op-
erator. command with the first residual and enforcing action

bounds:
ar = Chp(atH + 6@:, Gmin; amax) ) (18)

where daj is the first element of the selected residual se-
quence: the highest-scoring feasible candidate under S}, if
feasible candidates are available, and otherwise the candidate
with the smallest Sgare. We then apply a; in the real envi-
ronment, observe the next transition, update the filtered latent
state using the new observation, and repeat the intervention-
function gating and residual planning at time t+1. This
receding-horizon loop closes the control pipeline by contin-
uously replanning corrections from updated latent state esti-
mates.

5 Experiments

Our experiments evaluate WASP in terms of task perfor-
mance, safety, autonomy, and intervention necessity. Unless
otherwise specified, results are averaged over three random
seeds, and main results are aggregated over the imperfect op-
erator variants.

5.1 Experimental Setup

We evaluate WASP on three Safety-Gymnasium tasks [Ji
et al., 2023] with visual observations and explicit safety
costs: SafetyCarRacel-v0, SafetyCarFormulaOnel-v0, and
SafetyPointGoall-v0. All tasks adopt distance-based reward
shaping with an additional goal-completion bonus, provide
front- and rear-view camera observations, and use a continu-
ous two-dimensional control space for steering and longitu-
dinal motion. These tasks go beyond obstacle avoidance by
combining goal-directed navigation with multiple safety-cost
sources, including hazards, collisions, and barrier contacts.
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Task Method Returnt Succ.t Cost| Viol.] Int.| Mag.|
Racel Human-only 497+6.17 19.80+240 68.35+80.20 0.18 +0.17 0 0
IDA 8.06+7.51 27.804+£9.70 28.70 £25.95 0.09+0.07 0.18+£0.15 0.13 £0.13
Diffusion 1156 £549 5170 £5.30 16.80£28.06 0.04 £0.06 1.00+0.00 0.44£0.25
SafeRL-Res 10.50 +£ 520 40.00 + 6.00  25.50 +20.00 0.05+0.04 1.00+0.00 0.30+0.20
WASP (ours)  13.74 £4.15  78.00 £ 4.00 0.00 + 0.00 0.00 +0.00 0.15+0.08 0.20=+0.15
FormulaOnel Human-only 0.34 +0.40 8.00£6.90 126.80£72.51 0.32+£0.20 0 0
IDA 1.20 +3.34 890 £5.70 120.10£60.09 0.32+£0.17 040+0.19 0.53 £0.27
Diffusion 11.65 + 8.82  66.70 + 25.20 10.30 +£2.65 0.10£0.03 1.00+0.00 0.71 +0.21
SafeRL-Res 9.50 £4.00 43.00+7.00 20.00 & 15.00 0.08 +£0.05 1.00+£0.00 0.454+0.20
WASP (ours) 11.06 £+ 10.59  65.00 £ 5.00 1.20 £1.98 0.03+0.03 0.20 +0.15 0.30 + 0.18
Goall Human-only 741 +£5.17 1020+ 830 47.00 £37.61 0.05+0.04 0 0
IDA 1394 +272 2450+9.70 43.60 +34.73 0.06 +£0.04 0.23+0.14 0.25+0.16
Diffusion 1472 £699 2990+£530 3590+£2554 0.08£0.03 1.004+0.00 0.65=+0.28
SafeRL-Res 13.50 +£520 28.00 +6.00 40.00 +30.00 0.07 +£0.04 1.00£0.00 0.35+0.22
WASP (ours)  23.24 £3.61 56.70 £6.80 13.50 £19.54 0.01 £0.02 0.25+0.12 0.25+0.15

Table 1: Main results aggregated over four imperfect operator variants, their severity settings, and three random seeds for each environment.

We report task performance, safety, and autonomy metrics.

We use H = 15, L = 5, Nprobe = 300 for the task-
aware probe without iterative updates, and CEM with popu-
lation N = 300, elites N, = 100, and I = 6 iterations for
MPRP.

We compare our approach against several baselines that
represent key design axes in prior work. The Human-
only baseline executes the operator’s actions without assis-
tance, serving as a reference for evaluating the effectiveness
of shared autonomy. IDA (Intervention-Driven Assistance)
leverages a learned Q-function to decide when to override
the operator’s action, substituting an expert action when nec-
essary [McMahan er al., 2024]. Diffusion continuously ap-
plies corrections toward expert-like behavior, while SafeRL-
Res employs a model-free residual controller trained under
safety constraints [Yoneda et al., 2023; Schaff and Walter,
2020].

To model realistic operator imperfections, we simulate four
variants: noisy operators introduce stochastic perturbations,
laggy operators repeat the previous action with probability
Dlag, limited-skill operators use a less skilled expert check-
point trained with fewer interactions, and reaction-time oper-
ators apply delayed commands. These variants capture noise,
temporal inconsistency, limited skill, and sluggish response,
respectively, and assess the ability of predictive intervention
to prevent violations caused by sequences of suboptimal ac-
tions. Because several variants are stochastic, such as noisy
actions and probabilistic lag, the nominal operator model
used in planning is an approximate predictor rather than an
exact copy of the realized operator behavior.

5.2 Main Results

Table 1 presents a comparison across three tasks: Racel,
FormulaOnel, and Goall, evaluated under the protocol
described in Sec. 5.1. The table reports results aggregated
over four imperfect operator variants: noisy, laggy, limited-
skill, and reaction-time operators. We compare against sev-
eral baselines: Human-only, IDA, Diffusion action correc-
tion, and SafeRL-Res. These baselines represent key de-

sign approaches such as value-based gating (IDA), stepwise
correction (Diffusion), and model-free residual assistance
(SafeRL-Res).

We evaluate the methods on three aspects: task perfor-
mance, safety, and autonomy. Task performance is measured
by episodic return and success rate, while safety is assessed
by cumulative cost and violation rate. Autonomy is evaluated
by the assistant’s deviation from the nominal operator com-
mand [Oh er al., 2025]. Specifically, we define the induced
residual as da; = a; — atH , where the intervention rate is the
fraction of steps where ||da;|| > 0, and the correction magni-
tude is the empirical mean of ||a; — a||.

Across all three environments, WASP demonstrates a
strong balance between safety and task performance. The
effect is most pronounced in Racel and FormulaOnel,
where violations often emerge after a sequence of small, sub-
optimal actions. Compared with IDA, WASP substantially
reduces both cost and violation rate while requiring fewer
or smaller deviations from the operator command. This re-
sult highlights the benefit of predictive rollouts, which allow
WASP to intervene more selectively before safety violations
occur.

Compared with Diffusion action correction and SafeRL-
Res, WASP achieves comparable or superior task perfor-
mance while substantially reducing intervention rate and cor-
rection magnitude. This indicates that short-horizon residual
planning avoids the continual micro-corrections often seen in
stepwise correction methods while still maintaining safety.
Diffusion often requires large corrections because it pushes
the current action toward expert-like behavior, which can dis-
regard the operator’s current intent.

5.3 Counterfactual Evaluation of Intervention
Necessity

We assess whether interventions occur before risky events
rather than being applied as persistent corrections. To do this,
we perform counterfactual rollouts in the real environment at
timesteps where intervention occurs. At each such timestep,
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Variant Returnt Succ.t Cost| Viol.} Int.| Mag.|

WASP (full) 11.06 £10.59  65.00+5.00 1.20£198 0.03£0.03 0.20+0.15 0.30+0.18
Safety-only gate (remove task gate) 9.50 £8.00 18.00+15.00 1.134+£250 0.05£0.06 0.15+0.20 0.40+0.30
Task-only gate (remove safety gate) 1235 £ 750 67.00+3.00 37.50£5.60 0.28+0.08 0.124+0.10 0.254+0.20
No Case II recovery (Case I only) 850+520 4500£6.00 6.80+3.20 0.12+0.10 0.25+0.21 0.35+040
Rollout-disabled (only use single-step V) 7.80 £6.00 42.00+8.00 18.40+£470 0.19£0.12 045+0.35 0.27+0.15

Table 2: Ablations on FormulaOnel averaged over four operator variants.

Counterfactual risk at interventions, E[p¢] (higher is better)
IDA |
Diffusion |
SafeRL-Res [N

WASP (ours) |

Unnecessary intervention rate, UIR (lower is better)
IDA |
Diffusion |
SafeRL-Res | ]
WASP (ours) |
0.0 02 0.4 0.6 08 1.0
CarRace (W=15)

Figure 3: Counterfactual evaluation of intervention necessity on
Racel (W = 15).

we record the environment state, including relevant random-
ization factors and the operator’s internal state. From this
recorded state, we run two branches for W steps: at the first
step, the assisted branch executes the method’s action, while
the counterfactual branch executes the nominal operator com-
mand. Both branches then continue with operator-only con-
trol for the remaining W — 1 steps.

We measure counterfactual risk using the mean cumulative
cost over W steps:

1 w-1
cf
= kz:% St (19)

We also compute the local benefit of intervention by com-
paring cost and reward differences between the assisted and
counterfactual branches:

W-1 W—-1
_ cf asst
ACy = E Ciyp — g e
k=0 k=0

20)
W-1 W-—1
AR, =Y et = > il
k=0 k=0

An intervention is counted as unnecessary if it does not re-
duce cost and its return improvement is below a threshold 75.
We define the unnecessary intervention rate as

UIR = Eyer, [1{AC, <0 A AR, <7g}], (1)

where 7,y denotes the set of intervention timesteps.

Figure 3 shows results on Racel with W = 15. WASP
selectively intervenes in high-risk states, resulting in a low
unnecessary intervention rate. In contrast, Diffusion and
SafeRL-Res apply corrections even in low-risk states, leading

to higher unnecessary intervention rates. IDA focuses more
on high-risk states than stepwise correction methods but still
intervenes in some low-risk cases. These results indicate that
WASP intervenes more selectively, reducing unnecessary cor-
rections while maintaining safety.

5.4 Ablation Study

Table 2 summarizes the ablation results, showing the impact
of different components on task performance, safety, and au-
tonomy. Removing the safety-aware gate and relying only on
the task-aware gate causes a significant increase in violations,
as the system may fail to intervene when the operator takes
unsafe actions that still appear beneficial for task progress.
This emphasizes the importance of multi-step safety screen-
ing for reducing safety violations. Conversely, using only the
safety-aware gate largely preserves safety but leads to overly
conservative interventions, which can hinder task progress
and reduce performance.

Ablating Case II recovery degrades performance near the
constraint boundary, where too few feasible candidates are
available for stable CEM updates. This leads to higher safety
costs and less stable corrections, especially under tempo-
rally inconsistent operator behavior, highlighting the impor-
tance of recovery updates for maintaining stability under con-
straints.

Disabling imagined rollouts and relying on a single-step
value estimate increases intervention rates while worsening
both cumulative cost and task return. This suggests that
single-step estimates can trigger unnecessary interventions
while missing delayed risks, leading to poorer intervention
timing. These results highlight the importance of multi-step
rollouts for accurate intervention timing and effective safety-
aware residual planning.

6 Conclusion

We introduced World Model Assisted Safety Planning
(WASP), a safety-aware shared autonomy framework that
uses a pretrained world model for predictive intervention and
residual planning. WASP anticipates future safety risks and
applies low-deviation corrections only when needed. Exper-
iments on vision-based benchmarks show that WASP sub-
stantially reduces safety violations and unnecessary interven-
tions while maintaining competitive task performance. Al-
though evaluated on driving and navigation tasks, WASP only
assumes a nominal operator command, residual correction,
and cumulative safety-cost constraint, making it applicable to
broader shared-autonomy settings.
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