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The imagination horizon is a guess that never gets checked

Every latent-imagination agent rolls its model
forward H steps and plans inside that rollout. H
is chosen once, by hand, and applied to every
state.

But how far a model stays valid is state-, action-
and context-dependent. A rollout can look
perfectly realistic and still have left the real
dynamics ten steps ago.

THE FAILURE WE NAME AND MEASURE

SFR(τ, κ) = P
[
πapp ≥ κ, TTCD(τ) ≤ Htask

]
Figure C.2: Certified horizon and coverage trade-offs. Left: Distribution of the certified trust horizon
H∗ for HALT (Static) versus a fixed horizon of H = 15. HALT adaptively assigns shorter horizons
to highly uncertain states and longer horizons to stable states. Middle: Coverage-horizon trade-off
across baselines. HALT maintains the target coverage (1−α = 0.95, dashed red line) while providing
a usable mean horizon (H̄∗ ≈ 5.2); pessimistic baselines like MOPO achieve high coverage only
by collapsing the horizon, while fixed horizons suffer severe miscoverage. Right: Task-space error
dh growth along the imagination horizon. The solid blue line is the mean error, grey lines are
individual rollouts, and the dashed red line is the calibrated tolerance τ = 0.2114, demonstrating the
state-dependent crossing point that defines H∗.

Figure C.3: Aggregated performance across five environments and ten seeds. Left: Safety coverage.
HALT (Static) and HALT (ACI) robustly meet the target 95% coverage, whereas fixed-horizon
and heuristic uncertainty baselines (e.g., ensemble disagreement) severely under-cover. Middle:
Task success rate. By dynamically truncating rollouts before they violate task tolerances, HALT
achieves the highest success rates. Right: Silent Failure Rate (SFR). SFR measures rollouts that
appear visually plausible but diverge dynamically. HALT drastically reduces SFR compared to fixed
baselines, validating its ability to detect silent dynamical failure.

C.9 Computational Cost

Wall-clock timing per control step reveals that HALT adds approximately 3.2 milliseconds of overhead on a
single GPU, well within real-time constraints for typical robot control loops operating at fifty to one hundred
hertz. The total HALT time of 12.3 milliseconds compares favourably with the 9.1 milliseconds required by
fixed-horizon MPC.
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Grey: individual rollouts; red: the calibrated tolerance. Where a

rollout crosses is state-dependent.

The claim. Judging a world model on whether its futures look real
misses what a robot needs to know: are they true, and for how long?
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What HALT needs, stated before what it gives
The guarantee is real only when the interface is available — so we put the interface first

Requirement Needed for If unavailable

Stochastic / ensemble
rollouts

disagreement
feature

coverage ∼ 0.91

Differentiable task read-
out

Jacobian fea-
tures

coverage ∼ 0.91

Task state at calibration fitting q̂h, λ̂ no certificate

Task state at deployment is needed only for the adaptive variant; without
it, static conformal still applies.

Error is measured in task units, never pixels:

dh = ∥yt+h − ŷt+h∥Σ , Σ = diag(σ−2
1 , . . . , σ−2

dy
)

σi is the tolerance of coordinate i. So τ = 1 means at the edge
of what the task allows — one threshold, every task.

What this paper does not claim.
HALT is not a drop-in wrapper for
arbitrary video models, gives no finite-
sample guarantee under adversarial
shift, and does not remove the need
for a task-state estimator when ACI is
used.

Video-only models satisfy the first
requirement but not the second: we
run them with the Jacobian family
removed and report the coverage
drop.
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Monotone by construction, calibrated by one scalar

1 — MONOTONE QUANTILE HEAD

q̂h(φt) =

h∑
j=1

softplus
(
δj(φt)

)
Non-decreasing in h architecturally, not by
penalty. So the certified horizon is a single
threshold crossing — no post-hoc isotonic
repair.

2 — ONE SCALE-FREE MAX-SCORE

R(i) = max
1≤h≤Hmax

d
(i)
h

q̂h(φ(i))
,

λ̂ = Quantile⌈(n+1)(1−α)⌉/n
(
{R(i)}ni=1

)
.

The max over h buys simultaneity for free —
one scalar, calibrated once, where a Bonferroni
correction across horizons would be loose and
non-simultaneous.

H⋆(φt; τ, α) = max
{
h ≤ Hmax : λ̂ q̂h(φt) ≤ τ

}
No retraining of the world model.

No per-environment threshold tuning.
If H⋆ < Hmin, the controller abstains.
Slow, retract, re-observe, or ask for help.
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The certificate, and what it buys the controller

VALIDITY (PROP. 4.1) — SPLIT CONFORMAL APPLIED TO THE SCALAR R

P
[
∀h ≤ H⋆(φt) : ∥yt+h − ŷt+h∥Σ ≤ τ

]
≥ 1− α

Distribution-free, finite-sample, and simultaneous
over the whole horizon — the max over h buys
simultaneity without the union-bound loss.

WHY A CONTROLLER SHOULD CARE (PROP. 5.1)∣∣V π
M − V̂ π

Mθ

∣∣ ≤ Lrτ
1−γH⋆

1−γ︸ ︷︷ ︸
certified local tolerance

+ γH⋆

εV + 2αRmax
1−γ︸ ︷︷ ︸

price of the certificate

Read the three terms.
The classical simulation lemma pays global
model error compounding. Term one pays
only the certified local tolerance τ .
Terms one and two trade off, so an opti-
mal horizon exists — state-dependent,
untrackable by any hyperparameter, and
HALT picks it per control step.

Term three is the honest price of a proba-
bilistic certificate.
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Coverage held, horizon shortened, task success up
Five MuJoCo tasks × ten seeds × three world-model classes (DreamerV3, TD-MPC2, 5-model ensemble)

Figure C.2: Certified horizon and coverage trade-offs. Left: Distribution of the certified trust horizon
H∗ for HALT (Static) versus a fixed horizon of H = 15. HALT adaptively assigns shorter horizons
to highly uncertain states and longer horizons to stable states. Middle: Coverage-horizon trade-off
across baselines. HALT maintains the target coverage (1−α = 0.95, dashed red line) while providing
a usable mean horizon (H̄∗ ≈ 5.2); pessimistic baselines like MOPO achieve high coverage only
by collapsing the horizon, while fixed horizons suffer severe miscoverage. Right: Task-space error
dh growth along the imagination horizon. The solid blue line is the mean error, grey lines are
individual rollouts, and the dashed red line is the calibrated tolerance τ = 0.2114, demonstrating the
state-dependent crossing point that defines H∗.

Figure C.3: Aggregated performance across five environments and ten seeds. Left: Safety coverage.
HALT (Static) and HALT (ACI) robustly meet the target 95% coverage, whereas fixed-horizon
and heuristic uncertainty baselines (e.g., ensemble disagreement) severely under-cover. Middle:
Task success rate. By dynamically truncating rollouts before they violate task tolerances, HALT
achieves the highest success rates. Right: Silent Failure Rate (SFR). SFR measures rollouts that
appear visually plausible but diverge dynamically. HALT drastically reduces SFR compared to fixed
baselines, validating its ability to detect silent dynamical failure.

C.9 Computational Cost

Wall-clock timing per control step reveals that HALT adds approximately 3.2 milliseconds of overhead on a
single GPU, well within real-time constraints for typical robot control loops operating at fifty to one hundred
hertz. The total HALT time of 12.3 milliseconds compares favourably with the 9.1 milliseconds required by
fixed-horizon MPC.
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Left: fixed horizons over-trust; pessimistic baselines buy coverage by collapsing the horizon. Right: coverage against the 0.95

target, task success, and silent failure rate.

within 1%

of the 0.95 target, every

setting

H̄⋆ ≈ 5 vs 15
usable horizon, contact-rich

+15 to 30%

task success over

fixed-horizon

−40 to 60%

unsafe contacts
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Two places the textbook conformal argument is strained
We expose both rather than overclaim — this is the part a referee should read first

1. The planner breaks exchangeability.
Closed-loop MPC optimises against the
model-predicted objective, so it preferentially
selects actions along which the model is most
wrong. The executed rollout is no longer drawn
from the calibration distribution.

R1 — planner-conditional calibration.
Calibrate on rollouts the planner itself produced.
Coverage is preserved; λ̂ rises 1.4–1.8× and H⋆

shortens by 28–41%.

That shortening is the honest cost of closed-
loop planning, and it is the number an engi-
neer needs.

2. The feedback arrives late. ACI needs a miss
indicator, but a rollout launched at s is only
scored at s+H⋆

s : the feedback stream has a
variable lag Lt ≤ Lmax.

∣∣∣ 1
T

∑
t misst − α

∣∣∣ ≤ α1+η(1+Lmax)
ηT

−−−−→
T→∞

0

Figure D.2: Ablation of deployment-available trust feature families. Left: Coverage by feature family.
While all subsets are calibrated to the target, single-family models require much shorter horizons to
maintain safety. Right: Mean certified horizon by feature family. The full feature set (28 features
across 5 families) yields the shortest, most conservative horizon (H̄∗ ≈ 2.1), as the quantile head
aggressively identifies uncertainty. However, combining Disagreement, Jacobian, and Tactile features
provides a strong trade-off, maintaining coverage with a longer, more useful horizon (H̄∗ ≈ 4.8).

Figure D.3: Adaptive Conformal Inference (ACI) under dynamics shift. The effective miscoverage
level αt is updated online based on delayed feedback. The red shaded region denotes ±0.03 around
the target α = 0.05. The ACI update rule successfully adapts to the non-stationary environment,
maintaining long-run coverage even when ground-truth feedback arrives with a variable lag Lt.

Figure D.4: PHANTASM six-axis stress sweep. The radar chart displays the normalized coverage
(or a composite robustness score, with 1.0 representing the target) across six orthogonal distribution
shifts: parametric, contact richness, material class, goal shift, sensing degradation, and action noise.
The solid blue polygon represents HALT (Static), which maintains high performance across all axes.
The dashed orange polygon represents the fixed H = 15 baseline, which exhibits severe degradation,
particularly under parametric and sensing shifts.
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αt adapting online under shift; the band is ±0.03 around

target. Lmax is the entire price of delay — and the bound is

asymptotic, not finite-sample.
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Stress-tested on six axes — and what it still cannot do

Figure D.2: Ablation of deployment-available trust feature families. Left: Coverage by feature family.
While all subsets are calibrated to the target, single-family models require much shorter horizons to
maintain safety. Right: Mean certified horizon by feature family. The full feature set (28 features
across 5 families) yields the shortest, most conservative horizon (H̄∗ ≈ 2.1), as the quantile head
aggressively identifies uncertainty. However, combining Disagreement, Jacobian, and Tactile features
provides a strong trade-off, maintaining coverage with a longer, more useful horizon (H̄∗ ≈ 4.8).

Figure D.3: Adaptive Conformal Inference (ACI) under dynamics shift. The effective miscoverage
level αt is updated online based on delayed feedback. The red shaded region denotes ±0.03 around
the target α = 0.05. The ACI update rule successfully adapts to the non-stationary environment,
maintaining long-run coverage even when ground-truth feedback arrives with a variable lag Lt.

Figure D.4: PHANTASM six-axis stress sweep. The radar chart displays the normalized coverage
(or a composite robustness score, with 1.0 representing the target) across six orthogonal distribution
shifts: parametric, contact richness, material class, goal shift, sensing degradation, and action noise.
The solid blue polygon represents HALT (Static), which maintains high performance across all axes.
The dashed orange polygon represents the fixed H = 15 baseline, which exhibits severe degradation,
particularly under parametric and sensing shifts.
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PHANTASM: six orthogonal stress axes, graded

severity. Blue, HALT; orange, fixed H = 15,

degrading badly under parametric and sensing

shift.

LIMITS, STATED PLAINLY

Not universal. Video-only models lose the Jacobian family:
coverage drops 0.96 → 0.92, and the horizon with it.

R1 restores exchangeability only when validation resembles
deployment; under severe sim-to-real shift neither remedy
preserves a guarantee.

ACI needs yt+h at deployment — rarely available outside
simulation or mocap — and its bound is O(1/T ) asymptotic.

All results are in simulation. No real-robot transfer claim.

Cost: 3.2ms per control step; 12.3ms total against 9.1ms for
fixed-horizon MPC — inside a 50–100 Hz loop.
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Three things to take away

1
World models are judged on whether their futures look real. A robot needs to know whether
they are true, and for how long. That is a different question, and it is measurable.

2
HALT turns the imagination horizon from a hyperparameter the engineer guesses into a
quantity the system reports — certified, state-dependent, distribution-free, in task-relevant
units, with no retraining.

3
The guarantee holds for models that expose the required interface, and we are explicit about
where it strains: planner-induced shift and deployment-time ground truth.

PHANTASM and the six action-conditioned metrics are released as tools for this question:
Code and project page linked from the paper islam23@itu.edu.tr


