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Abstract—A vision-language-action (VLA) policy that scores
near-perfect from benchmark initial states looks ready to deploy,
but from-start success cannot see whether the policy can recover
once the robot or scene drifts slightly off the nominal trajectory,
the regime that determines whether a deployed system fails safely.
We argue that this local recovery margin is a first-class, measur-
able safety property, auditable cheaply from the demonstrations
a policy was already trained on. We present CREST (Controlled
Reset Evaluation of Suffix Trajectories), a safety-audit layer that
reconstructs intermediate states by replaying expert prefixes,
retains only states whose expert suffix still solves the task, and
reports a matched-denominator conditional completion curve
Rσ under small controlled perturbations. On all 10 simulated
LIBERO-10 tasks, OPENVLA-OFT completes 49/50 official starts
and 178/185 clean intermediate states, yet drops from 82/85 clean
to 63/85 under a 0.03-radian robot-joint perturbation, a +22
pp paired drop (task-clustered 95% CI [8.9, 33.3]), on states
from the policy’s own fine-tuning data. The gap survives seeds,
phases, horizons, the other three LIBERO suites, object-XY
perturbations, an IK oracle, a π0 probe, and policy-reached held-
out states. CREST serves as a deployment-time red-team and
runtime-assurance audit, while its feasibility-verified state set
feeds robust training as a reset and reward signal, giving one
substrate that bridges evaluation-time and design-time safety.

I. INTRODUCTION: A SATURATED BENCHMARK NUMBER
IS NOT A SAFETY CERTIFICATE

Foundation models for robotics are increasingly evaluated as
if a single number from the benchmark initial-state distribution
answers the central question of whether a policy works. This is
convenient but unsafe to rely on, because a from-start rollout
conflates at least three abilities that matter very differently for
deployment: reaching useful intermediate states, continuing
from those states once reached, and recovering when the robot
or scene is nudged off the nominal trajectory. A policy can
score highly on the first while remaining brittle on the third.
Structured robot-evaluation work has argued the same point
more broadly: binary success conceals important failures [31].

For safety the third ability is decisive. A deployed manipu-
lator is continually displaced off its nominal path by contact,
imperfect servoing, state-estimation drift, and re-registration
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after lost tracking. Whether the system fails safely or escalates
a small disturbance into a damaging one is governed by
how much of the local recovery basin the policy actually
owns, not by how often it succeeds from a clean reset. This
matters more as VLAs saturate nominal benchmarks: RT-
style models, OPENVLA, OPENVLA-OFT, Octo, π0, and
action-tokenized variants reach increasingly strong perfor-
mance [2, 3, 11, 12, 18, 1, 23], with OPENVLA-OFT near-
saturating LIBERO [12]. At the ceiling the useful safety
question shifts from “can the policy solve the benchmark?” to
“where, along a successful trajectory, is the policy still able to
recover?” We therefore treat the local recovery margin as a
first-class safety property and ask how to audit it cheaply and
reproducibly for already-trained VLA policies.

The hidden gap, made concrete. On all 10 simulated
LIBERO-10 tasks, OPENVLA-OFT completes 49/50 official
starts and 178/185 expert-verified intermediate states, but on
a matched 85-state late-phase subset it drops from 82/85
clean continuation to 63/85 under a 0.03-radian robot-joint
perturbation. The induced end-effector displacement is 0.028
MuJoCo units, and the robot-qpos shift is 23% of the median
same-task and same-phase nearest-neighbour distance among
expert states. Because the audit states overlap OPENVLA-
OFT’s fine-tuning data, this is a local margin around the
policy’s own training states, the most favourable possible
regime, and it is invisible to the from-start number a deployment
decision would rely on.

Position and contribution. Trustworthy embodied founda-
tion models need a safety property that nominal success cannot
certify and a cheap protocol to measure it. We propose CREST
(Controlled Reset Evaluation of Suffix Trajectories) as that
protocol. CREST samples demonstration phases, reconstructs
simulator states by replaying expert prefixes, retains only
states whose expert suffix still solves the task (expert-suffix
verification), and evaluates the policy from the clean state and
from small controlled perturbations. The same substrate plays
two complementary roles (Section IV): a deployment-time
red-team that turns nominal demonstrations into an auditable
recovery-margin layer, and a training-time reset and reward



source for robust fine-tuning that targets recovery at the source.
Our contributions are:

• A position: the local recovery margin is a measurable
safety property that from-start success structurally cannot
certify, and it should be reported alongside nominal
success for any VLA safety case.

• CREST, a demonstration-anchored audit with explicit
denominators, usable both as a deployment-time recovery
red-team and as a feasibility-verified state distribution for
robust training.

• A full LIBERO-10 OPENVLA-OFT package show-
ing high official-start and clean completion alongside
a quantified 22-point recovery-margin drop, replicated
across seeds, phases, horizons, three additional suites,
perturbation modalities, an IK oracle, a π0 probe, and
policy-reached held-out states.

II. RELATED WORK

Robot foundation and VLA policies. Robot learning has
moved toward generalist, language-conditioned policies trained
on broad mixtures including Open X-Embodiment/RT-X and
DROID [19, 10]. RT-1/RT-2 show transformer and vision-
language-action training scale across tasks [2, 3], OPENVLA
provides an open 7B VLA [11], and OPENVLA-OFT im-
proves LIBERO success and inference speed via fine-tuning
design [12]. Octo, π0, FAST, and Diffusion Policy are comple-
mentary generalist, flow, and imitation families [18, 1, 23, 4].

Why imitation-learned policies are fragile off-trajectory.
The recovery margin we audit is the safety-relevant face
of a classic problem. Ross and Bagnell show imitation-as-
supervised-learning is problematic because learner actions
shape future states, and DAgger trains on learner-induced
states [24, 25]. DART injects demonstration noise [14],
backwards models and return-to-demo collection enlarge the
recovery basin [22, 21], RecoveryChaining learns recovery
controllers [28], and Rewind-IL respawns states for failure
recovery [34]. These are safety-by-design interventions that
grow the basin a policy can recover to. CREST is the safety-
by-practice counterpart that measures how much of that basin a
trained policy owns, and supplies the verified-state distribution
those methods need.

Robustness benchmarks and runtime assurance. LIBERO-
Plus, LIBERO-PRO, LIBERO-X, and STRONG-VLA per-
turb object layouts, viewpoints, robot initial states, language,
lighting, backgrounds, and sensors, reporting large VLA
drops [6, 35, 29, 33]. SIMPLER and AutoEval scale evaluation
infrastructure, and PolaRiS provides real-to-sim evaluation [15,
36, 8]. These test whether a policy can reach useful states under
shifted conditions. CREST is complementary on a distinct
safety axis: it tests continuation and recovery after a verified
expert prefix has already reached one. The diagnostics can
disagree, and Section VI reports a same-checkpoint slice where
the rankings are nearly uncorrelated. We use a fixed perturbation
grid rather than adaptive adversaries [17, 30] so the red-team is
reproducible and the per-state predicate stable enough to cite in
a safety case, while noting adaptive attacks would give tighter

worst-case coverage. The argument that binary success hides
important failures [31] we sharpen into an auditable safety
contract.

III. CREST: A RECOVERY-MARGIN SAFETY AUDIT

A. Conditional Completion From Verified States

Let π be a policy, T a language-conditioned task, and
d = (s0, a0, . . . , sH) an expert demonstration. For phase
τ ∈ [0, 1], define k = ⌊τH⌋. An intervention state is the simula-
tor state reached after replaying the expert prefix (a0, . . . , ak−1)
from the benchmark reset. All reported policy results use this
prefix-replay construction. Direct mid-trajectory state injection
through the LIBERO/robosuite wrappers validated only 24/40
states in an initial test, vs. 185/240 under prefix replay.

We retain an intervention only if the expert suffix remains
valid from it:

Valid(d, τ) = 1[Rollout(ak, . . . , aH−1 | ŝd,τ ) |= predicate] ,
(1)

where ŝd,τ is the prefix-replayed state. The conditional com-
pletion rate over a retained set I is

CCR(π; I) = 1

|I|
∑

(d,τ)∈I

1[Rollout(π | ŝd,τ ) |= predicate] .

(2)
This conditioning is the core measurement contract: policies
are scored only on states the demonstrator can still complete,
so clean and perturbed trials share matched denominators. In
the full LIBERO-10 package, 185 of 240 sampled candidate
states pass this validity filter. The filter is deliberately one-
sided: passing certifies the state is solvable by at least one
action sequence, while failing does not certify infeasibility, so
Section VI complements it with an IK-oracle recoverability
probe and excluded-state bounds.

B. Perturbation Recovery

Clean continuation alone cannot diagnose recovery. We
evaluate small perturbed variants of retained states,

s̃d,τ,σ = Pσ(ŝd,τ ), (3)

where Pσ modifies simulator state and then refreshes the
observation. Our primary perturbation is robot-joint Gaussian
noise on the first seven MuJoCo qpos entries (the Panda
arm joints), so σ is in radians. This is a controlled proxy
for configuration error after imperfect servoing, contact, or
state-estimation drift, not a claim that real robots receive
instantaneous joint teleports. Our secondary perturbation is
object-XY noise on free joints. We use small fixed grids rather
than adaptive adversaries so that failures are reproducible. For
each σ we report

Rσ(π; I) =
1

|I|
∑

(d,τ)∈I

1[Rollout(π | Pσ(ŝd,τ )) |= predicate] ,

(4)
with R0 the matched clean rate.



a) Recovery margin (formal definition).: The CREST
recovery margin is the curve RMP (π; I) = {Rσ(π; I) :
σ ∈ Σ} plus three derived scalars: (i) the small-disturbance
AUC AUCΣ0 , normalized trapezoidal AUC of Rσ over Σ0 =
[0, 0.03]; (ii) the grid-estimated recovery radius σ⋆

α = max{σ ∈
Σ : Rσ ≥ αR0}, default α = 0.8; (iii) the clean-to-perturbed
gap R0−Rσ at named σ. “Recovery margin” refers to the curve
and its scalars jointly: an empirical audit statistic, not a certified
region of attraction in the sense of LQR-tree funnels [26], and
a safety case must not over-read it as a guarantee.

C. Controls Built Into the Audit

CREST includes four built-in controls. (i) Expert suffix
replay estimates intervention validity. (ii) Zero-action rollouts
verify that retained states are not trivially terminal. (iii)
Official-start rollouts give the standard benchmark anchor. (iv)
Full-task-horizon ablations test whether failures are simply
budget-starved. We additionally evaluate two OPENVLA-
OFT checkpoints and classic OPENVLA as policy controls.
Algorithm 1 (Appendix A) states the protocol compactly.

IV. ONE SUBSTRATE, TWO SAFETY ROLES

CREST’s core object, the verified-state set I paired with
the conditional predicate Rσ, lets one protocol act on both
sides of a safety pipeline. On the deployment (practice) side,
the small-disturbance AUC and the clean-to-perturbed gap at
named σ are runtime-assurance statistics: they quantify how
far the system can be pushed before success collapses, on
states it will actually pass through. The fixed grid keeps the
audit reproducible and citable in a safety case, and the task-
level AUC ranking (Fig. 1b) localizes the fragile behaviours a
runtime monitor or shielding fallback should watch first. On the
design side, each retained state is solvable by construction, so I
is a feasibility-verified reset distribution, a seed for backwards-
curriculum or DART-style robust training [14, 22, 21] and
learned recovery controllers [28, 34]. The same predicate on a
perturbed neighbourhood is a scoped per-state recovery reward
needing no separate reward model. Because the same machinery
filters states the policy reaches on its own (Section VI), the
audit re-runs as the policy is hardened, closing the loop between
measuring a margin and growing it.

V. EXPERIMENTAL SETUP

Benchmark and policies. All 10 simulated LIBERO-
10 tasks, public LIBERO demonstrations [16] on robo-
suite/MuJoCo [37, 27], and the benchmark success predi-
cate. Main policy: task-specific OPENVLA-OFT LIBERO-10
checkpoint. We also evaluate a combined all-suite OPENVLA-
OFT checkpoint, classic OPENVLA, and a zero-action sanity
policy. Official-start baselines run five initial states per task
(50 trials per checkpoint).

Intervention set. Phases τ ∈ {0, 0.25, 0.5, 0.75}. After
prefix replay and expert-suffix validation, the full clean set
is 185/240 and the late-phase pool is 91/120. The determin-
istic matched 85-state subset (fixed before policy evaluation,

demos_per_task=5) spans all 10 tasks with 6–13 late-
phase states each.

Perturbation grids. Primary robot-joint grid σ ∈
{0.01, 0.03, 0.1, 0.2} rad, where σ = 0.01, 0.03 are the primary
small-disturbance range and σ = 0.1, 0.2 are stress endpoints.
Each σ is repeated with three noise seeds. Object-XY grid
σ ∈ {0.005, 0.01, 0.02}. On the matched 85-state late set,
σ = {0.01, 0.03, 0.1, 0.2} produces mean robot-qpos L2
shifts of 0.025, 0.075, 0.249, 0.498 and mean EEF shifts of
0.009, 0.028, 0.093, 0.183. The median same-task and same-
phase nearest-neighbour distance among expert states is 0.322,
placing σ = 0.03 at 23% of that manifold scale.

Data overlap. CREST states are built from the public
LIBERO HDF5 demos, which after no-op filtering are the
OpenVLA-OFT release’s fine-tuning data for both check-
points [12, 13, 20]. Clean CREST therefore audits continuation
from in-distribution training states, and the perturbation curve
quantifies a local recovery margin around those training states.

Metrics. Counts and percentages on matched sets, state-
clustered bootstrap intervals for three-seed proportions, paired-
bootstrap intervals for adjacent-σ differences, task-clustered
bootstrap intervals for hierarchical uncertainty, and a normal-
ized small-disturbance AUC over σ ∈ [0, 0.03]. Binomial
intervals use Wilson [32] and bootstraps follow [5].

VI. RESULTS: A 22-POINT RECOVERY GAP HIDDEN
BEHIND A SATURATED SCORE

Result at a glance. OPENVLA-OFT scores 49/50 official-
start and 178/185 clean CREST, yet drops from 82/85 clean
to 63/85 at σ = 0.03 on the matched 85-state late-phase set.
The rest of this section rules out reset artifacts, infeasibility,
seed and phase variation, horizon, perturbation modality, and
training-state memorization.

A. The Audit Validates Its States Before It Reports a Failure

Table I summarizes the central measurements. Expert suffix
replay validates 185/240 candidate interventions. On this
verified set, OPENVLA-OFT completes 178/185 clean inter-
ventions and the combined all-suite OPENVLA-OFT completes
175/185. Zero-action solves 1/185, a sanity success after seven
no-ops on task 5, and no retained state was terminal at reset.
Retained states are nontrivial and clean continuation is high,
so the failure the audit surfaces is not an artefact of weak or
trivial states. Classic OPENVLA is much weaker (2/50 official,
37/185 clean) and serves only as a secondary policy control.

a) The gap is on training states, which makes it worse,
not better.: Because the audited demos are part of OPENVLA-
OFT’s fine-tuning data, a 22-point drop on perturbations of
training states means the policy does not recover from small
deformations of its own demonstrations, the strongest possible
setting for it. The task-specific vs. combined OPENVLA-OFT
divergence (matched clean 82/85 for both, but 81/85 vs. 71/85
at σ = 0.01) is inconsistent with simple memorization. As a
stronger probe, we harvested 49 states the policy itself reaches
before successful official-start rollouts but that were not in fine-
tuning data. Clean is 39/49 and σ = 0.03 is 32/49, a 14.3-pp



TABLE I: Core CREST audit on all 10 simulated LIBERO-10
tasks. Nominal competence is high, but the recovery margin is
not.

Lens Measurement Result

Official start Task-specific 49/50
(98.0%)

Official start Combined 48/50
(96.0%)

Validity Expert suffix 185/240
(77.1%)

Clean CREST Task-specific 178/185
(96.2%)

Clean CREST Combined 175/185
(94.6%)

Sanity Zero-action 1/185 (0.5%)

Matched clean late Task-specific 82/85
(96.5%)

Joint σ = 0.01 late phases 81/85
(95.3%)

Joint σ = 0.03 late phases 63/85
(74.1%)

Joint σ = 0.1 late phases 39/85
(45.9%)

Joint σ = 0.2 late phases 13/85
(15.3%)

paired drop. The safety-relevant margin survives outside the
training distribution.

B. Small Disturbances Quantify the Margin

The main result is the late-phase robot-joint curve in Fig. 1.
On the matched 85-state set, clean OPENVLA-OFT is 82/85,
and recovery is 81/85 at σ = 0.01 and 63/85 at σ = 0.03, with
Wilson intervals [88.5, 98.2]% and [63.9, 82.2]%. The paired-
bootstrap difference between these matched levels is 21.2 pp
with 95% CI [12.9, 30.6]. The normalized AUC over σ ∈
[0, 0.03], including the matched clean point, is 0.884, and using
measured EEF displacement rather than σ gives the same value
to three decimals. A dense three-seed small-σ sweep places
σ = 0.03 inside a smooth small-disturbance curve: recovery is
95.3, 84.7, 80.4, 54.9% at σ ∈ {0.005, 0.015, 0.02, 0.05}. The
task-clustered σ = 0 → 0.03 paired drop (tasks resampled with
replacement) is +20.5 pp with 95% CI [+8.9,+33.3], strictly
bounded above zero (state-weighted paired drop +22.4 pp).

a) Are the perturbed states even recoverable?: A safety
audit must not flag infeasible states. Perturbed expert suffix
replay drops from 72/85 at σ = 0.01 to 46/85, 13/85, 3/85 at
σ = {0.03, 0.1, 0.2}: open-loop expert actions cannot rescue
all perturbations, so recovery requires closed-loop correction. A
minimal IK proportional EEF-tracking oracle solves 45.5% of
the very states where OPENVLA-OFT fails at σ = 0.03, with
56/85 overall vs. OPENVLA-OFT’s 63/85. Conditioning on
either oracle-recoverable subset (IK solves or perturbed expert
suffix solves), the task-clustered paired drop is still +16.9 pp
on n = 65 (95% CI [+10.4,+23.6]). The flagged failures are
policy-specific, not perturbed-state infeasibility, so they are
actionable.

(a) Per-σ seed ranges. (b) Task-level AUC.

Fig. 1: Robot-joint recovery on replay-verified late-phase states.
Left: three 85-state seed groups per σ. The drop from small
disturbances to stress endpoints is stable. Right: task-level
recovery is structured, localizing the fragile behaviours a
runtime monitor or robust-training budget should target first.

C. Stability Across Seeds, Phases, Horizons, Suites, and
Policies

Three-seed recovery means are 91.4, 71.4, 42.0, 15.7% for
σ ∈ {0.01, 0.03, 0.1, 0.2} (state-clustered bootstraps in Ap-
pendix Table III). The degradation persists at earlier phases
and under the full task horizon (small-disturbance AUC
0.884 → 0.912), and replicates across object-XY perturbations
and across LIBERO-Spatial/Object/Goal (40-task pooled small-
disturbance AUC 0.802, with 84/97, 92/100, 90/98 valid can-
didates and clean 96.4, 100, 94.4%). A start-perturbation slice
(5 starts per task, σ ∈ {0, 0.01, 0.03}) leaves OPENVLA-OFT
at 49/50, 47/50, 42/50 (start-AUC 0.913) with task rankings
only weakly related to CREST (Pearson 0.18): reach and
recovery are distinct safety signals. The combined all-suite
OPENVLA-OFT drops to AUC 0.806, and a non-OPENVLA
π0 probe [7] shows the same clean> σ=0.03 ordering on a
25-state subset (directional only, bounded by π0’s low base
rate under direct injection).

VII. DISCUSSION: TOWARD RECOVERY-AWARE SAFETY
CASES

A trustworthy embodied foundation model needs both faces
of safety, and they come from one substrate: a deployment-
time recovery red-team and a training-time reset/reward signal.
The empirical evidence is a 22-point recovery-margin drop at
σ = 0.03 on OPENVLA-OFT, replicated across seeds, phases,
horizons, suites, perturbation modalities, oracles, and held-
out states. The honest scope: all evidence is simulation-only,
with controlled robot-joint and object-XY perturbations rather
than calibrated physical disturbances or adaptive adversaries,
and the strongest results are OPENVLA-OFT on LIBERO.
The recovery margin is a red-team diagnostic, not a formal
guarantee, and a safety case should treat it as a screening signal
for where hardware testing, runtime monitoring, and robust
training are most needed. The most informative next steps are
a non-OPENVLA architecture sweep, learned perturbation and
scenario generation to scale the audit to richer disturbance
channels (contact, perception error, grasp slip), a hardware-
correlation study (Appendix F), and a robust-training result
that moves the small-disturbance AUC at fixed clean rate.
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APPENDIX A
PROTOCOL SUMMARY

Algorithm 1 states the full protocol. The appendix below
reproduces the quantitative detail behind the main-text claims:
uncertainty, scale, conditioning sensitivity, fidelity audits, cross-
suite breadth, and the minimal hardware protocol.

Algorithm 1 CREST
Input: task T with reset s0 and predicate; demos D; phases Φ; policy
π; perturbation family P and grid Σ.
Output: retained I, R0, {Rσ}.

1) Sample. For each demo d(i) and τ ∈ Φ, replay the expert
prefix to obtain ŝi,τ .

2) Validity filter. Roll out the expert suffix from ŝi,τ and keep
(i, τ) ∈ I iff the predicate fires.

3) Zero-action sanity. Roll out zero actions and drop already-
terminal states.

4) Clean rollout. Roll out π from each ŝi,τ and report R0.
5) Perturbed rollout. For each σ ∈ Σ, set s̃i,τ,σ = Pσ(ŝi,τ ),

refresh obs, roll out π, and report Rσ .
6) Scale audit. Measure induced qpos, EEF, and same-task/phase

nearest-neighbour distances on I.
7) Excluded-state bounds. Report pessimistic/optimistic variants

over the full candidate denominator.

APPENDIX B
ADDITIONAL QUANTITATIVE DETAILS

TABLE II: CREST diagnostic-panel interpretation. Each row
answers a specific safety-audit question rather than producing
another leaderboard scalar.

Measurement What it estimates What it rules out or
localizes

Official-start success Standard
benchmark-start
competence

Policy is simply weak
on nominal starts

Expert suffix validity Solvability of
replay-reconstructed
states

States the demonstrator
itself cannot complete

Clean CREST
completion

Continuation from
verified expert progress

Trivial mid-trajectory
state failures

Zero-action control Terminal-state triviality Retained states already
satisfying the predicate

Small-disturbance
recovery AUC

Near-expert-state
recovery margin

Loss not visible from
official-start or clean

Full-horizon control Sensitivity to remaining
rollout budget

Failures caused only by
too little suffix time

Excluded-state
bounds

Dependence on the
expert-validity filter

How much conditioning
can change the apparent
rate

Task/state
diagnostics

Where failures
concentrate

Whether degradation is
uniform or task-tied

TABLE III: State-clustered bootstrap intervals for the three-
seed late-phase robot-joint recovery and matched-state paired
deltas.

Quantity Estimate 95% interval

Three-seed σ = 0.01 recovery 233/255 (91.4%) [86.7, 95.3]%
Three-seed σ = 0.03 recovery 182/255 (71.4%) [64.3, 78.4]%
Three-seed σ = 0.1 recovery 107/255 (42.0%) [34.9, 49.0]%
Three-seed σ = 0.2 recovery 40/255 (15.7%) [10.6, 21.2]%

Paired delta σ = 0.01 → 0.03 21.2 points [12.9, 30.6]
Paired delta σ = 0.03 → 0.1 28.2 points [16.5, 40.0]
Paired delta σ = 0.1 → 0.2 30.6 points [21.2, 40.0]

TABLE IV: Measured perturbation scale and conditioning
sensitivity for the matched 85-state late-phase robot-joint set.
The conditional rate is the reported estimand. The bounds score
the 35 candidates outside the matched denominator as failures
or successes, bracketing how much the validity filter could
change the apparent rate.

σ qpos L2 EEF Conditional Excl. fail Excl. succ Manifold %

0.01 0.025 0.009 81/85 (95.3%) 81/120 116/120 8%
0.03 0.075 0.028 63/85 (74.1%) 63/120 98/120 23%
0.1 0.249 0.093 39/85 (45.9%) 39/120 74/120 77%
0.2 0.498 0.183 13/85 (15.3%) 13/120 48/120 154%

TABLE V: Three-seed recovery summaries (recovery per-
centages over matched verified sets). Robot-joint σ1..4 =
0.01, 0.03, 0.1, 0.2 and object-XY σ1..3 = 0.005, 0.01, 0.02.

Setting σ1 σ2 σ3 σ4

Robot joint, phases 0.5/0.75 91.4 71.4 42.0 15.7
Robot joint, phase 0.25 88.9 66.7 24.6 5.6
Robot joint, phase 0.0 93.9 87.9 41.7 15.2

TABLE VI: Small-disturbance AUC under the suffix-horizon
and full-horizon controls.

Horizon mode σ = 0.01 σ = 0.03 AUC over [0, 0.03]

Remaining horizon plus buffer 81/85 (95.3%) 63/85 (74.1%) 0.884
Full task horizon 81/85 (95.3%) 70/85 (82.4%) 0.912

TABLE VII: Task-clustered bootstrap intervals on the main
85-state matched set (10000 draws). The σ = 0 → 0.03 task-
clustered drop has 95% CI [+8.9, +33.3] points, strictly above
zero.

σ Rate Task-clustered 95% CI

0.00 82/85 (96.5%) [91.2, 100.0]%
0.01 81/85 (95.3%) [87.9, 100.0]%
0.03 63/85 (74.1%) [69.0, 79.3]%
0.1 39/85 (45.9%) [31.6, 59.1]%
0.2 13/85 (15.3%) [6.2, 26.4]%

Task-equal delta σ = 0 → 0.03 +20.5 pts [+8.9, +33.3]
Task-equal delta σ = 0.01 → 0.03 +18.2 pts [+5.6, +31.9]



TABLE VIII: Object-XY perturbation evidence (three-seed
means where shown).

Setting σ = 0.005 σ = 0.01 σ = 0.02

Late phase, main seed 73/85 (85.9%) 66/85 (77.6%) 42/85 (49.4%)
Late phase, three-seed mean 91.0% 79.6% 52.5%
Phase 0.25, three-seed mean 91.8% 81.4% 64.2%
Phase 0.0, three-seed mean 92.1% 87.1% 82.0%

APPENDIX C
TASK DIAGNOSTICS

TABLE IX: Most fragile and most robust tasks under the main
late-phase robot-joint sweep, ranked by recovery AUC across
σ ∈ {0.01, 0.03, 0.1, 0.2}. The fragile tasks are the natural
targets for runtime monitoring and robust-training budget.

Rank Task AUC

Fragile 1 Task 5: pick up the book and place it in
the caddy

0.250

Fragile 2 Task 6: put the white mug on the plate
and pudding to the right

0.286

Fragile 3 Task 4: place two mugs on two plates 0.353

Robust 1 Task 2: turn on the stove and put the
moka pot on it

0.699

Robust 2 Task 9: put the mug in the microwave and
close it

0.687

Robust 3 Task 7: put alphabet soup and cream
cheese in the basket

0.532

TABLE X: Retention sensitivity for the main late-phase robot-
joint sweep. Task-equal and leave-one-task-out rates show
denominator imbalance is not driving the curve.

σ State-weighted Task-equal LOTO range Validity/recovery r

0.01 95.3% 95.7% 94.7–98.7% -0.15
0.03 74.1% 73.8% 72.4–75.6% -0.06
0.1 45.9% 44.1% 42.1–49.4% -0.13
0.2 15.3% 14.5% 10.7–17.3% -0.52

TABLE XI: Policy recovery conditioned on whether open-loop
expert suffix replay still succeeds after the same perturbation.

σ Policy recovery if expert succeeds if expert fails

0.01 70/72 (97.2%) 11/13 (84.6%)
0.03 38/46 (82.6%) 25/39 (64.1%)
0.1 8/13 (61.5%) 31/72 (43.1%)
0.2 1/3 (33.3%) 12/82 (14.6%)

APPENDIX D
CROSS-SUITE EXTENSIONS

TABLE XII: Suite-specific official-start anchors for the
LIBERO-Spatial/Object/Goal extensions, showing recovery
drops are measured for nominally competent suite checkpoints.

Suite Official-start success Tasks

LIBERO-Spatial 47/50 (94.0%) 10
LIBERO-Object 50/50 (100.0%) 10
LIBERO-Goal 49/50 (98.0%) 10

TABLE XIII: All-task extensions on the three remaining
LIBERO suites.

Suite Statistic Valid cand. Clean σ=0.01 σ=0.03 σ=0.1

Spatial Main seed 84/97 81/84 75/84 45/84 16/84
Spatial 3-seed mean – – 84.5 54.4 26.2
Object Main seed 92/100 92/92 73/92 52/92 23/92
Object 3-seed mean – – 82.2 54.0 29.0
Goal Main seed 90/98 85/90 80/90 68/90 27/90
Goal 3-seed mean – – 90.0 67.8 34.4

TABLE XIV: Pooled four-suite robot-joint recovery lens.
Counts combine the main LIBERO-10 late matched set with
the all-task Spatial/Object/Goal extensions. A 40-task simulator
breadth summary, not hardware evidence.

Summary Matched clean σ=0.01 σ=0.03 AUC σ=0.1

Main seed 340/351 309/351 228/351 0.818 105/351
3-seed pool – 916/1053 651/1053 0.802 346/1053

APPENDIX E
PERTURBATION IMPLEMENTATION AND FIDELITY AUDIT

The audit-critical question is whether the recovery drop
at small σ reflects a meaningful local-recovery limit or
simulator/controller inconsistencies introduced by direct qpos
injection.

a) What is modified and preserved.: For the robot-
joint family, apply_perturbation reads MuJoCo
sim.data.qpos, adds independent N (0, σ2) offsets to the
first seven entries (the arm joints), writes qpos back, calls
sim.forward(), and returns a fresh observation via the
deployment get_observation path. It does not touch
qvel, qacc, controller targets ctrl, actuator state act,
mocap pose, gripper qpos, or observation history.

TABLE XV: Perturbation fidelity audit on the 85-state matched
set (n = 85 per σ). Only the seven robot-arm qpos entries
change. qvel, ctrl, gripper qpos, and remaining qpos have
zero pre/post L2.

Quantity σ = 0.01 σ = 0.03 σ = 0.1

qpos first 7 (arm) L2 mean 0.0258 0.0775 0.2583
qpos remaining L2 mean 0.000 0.000 0.000
qvel L2 mean 0.000 0.000 0.000
Controller targets (ctrl) L2 mean 0.000 0.000 0.000
Contact count, pre / post 27.5/28.9 27.8/29.1 27.7/28.3



b) Joint limits and stale goals.: An analytic audit finds
85/85 pre-states inside Panda joint ranges (mean margin
0.866 rad), and deterministic perturbations produce 0/85
violations at all σ. The OSC controller [9] recomputes its goal
each step from current EEF position with a null interpolator
(robosuite [37]), so no stale goal can produce a snap-back
across a qpos jump.

c) Physically realized cross-check.: Driving the arm to
the perturbed-target configuration via K = 10 OSC delta
commands (consistent qvel/ctrl at handoff) on a 28-state
subset gives clean 28/28, direct-injection σ = 0.03 20/28,
and controller-realized σtarget = 0.03 15/28: the recovery gap
persists and grows under physically realized displacement,
inverting the worry that direct injection is artifactually strict. A
calibrated single-step controller-action perturbation (action =
expert+N (0, σ2

a)) gives 82/85, 81/85, 78/85 at σa = 0, 0.3, 0.6,
so OPENVLA-OFT is robust to random controller-action noise
of comparable EEF scale. The configuration-displacement gap
is specific.

TABLE XVI: IK proportional EEF-tracking recovery oracle
at σ = 0.03 (matched 85-state set), K = 15 steps before the
expert suffix. On states where OPENVLA-OFT fails, the oracle
recovers 45.5%: perturbed states are not infeasible.

Recovery method at σ = 0.03 Success Rate

OPENVLA-OFT (closed-loop policy, full 85) 63/85 74.1%
Expert suffix open-loop (full 85) 46/85 54.1%
IK proportional + expert suffix (full 85) 56/85 65.9%
IK on states where OPENVLA-OFT fails 10/22 45.5%
IK on states where OPENVLA-OFT succeeds 46/63 73.0%

TABLE XVII: Oracle-conditioned recovery margin.
OPENVLA-OFT clean-to-perturbed paired drop (σ = 0 vs
0.03) on subsets where each oracle solves the task. Here
“oracle solves” is a partial recoverability indicator, not a
feasibility certificate. The margin survives.

Oracle probe n Clean σ=0.03 Drop (pp, 95% CI)

Full set (no oracle) 85 96.5% 74.1% +22.4 [+8.9,+33.3]
IK oracle solves 56 98.2% 82.1% +16.1 [+8.9,+22.9]
Expert replay solves 46 95.7% 82.6% +13.0 [+2.2,+25.5]
Either oracle solves 65 96.9% 80.0% +16.9 [+10.4,+23.6]

d) Cross-policy probe: π0.: The LeRobot LIBERO-
finetuned π0 [7] on a 25-state subset gives clean 8/25 and
σ = 0.03 7/25, while OPENVLA-OFT on the same states gives
25/25 then 19/25. Both show the clean> σ=0.03 ordering, but
π0’s low base rate under direct injection bounds the resolvable
signal, so it is a directional probe, not a peer baseline.

APPENDIX F
MINIMAL HARDWARE CORRELATION PROTOCOL

The smallest informative hardware study is a correlation
study, not exact sim-to-real transfer: pick one physical task,
identify 10–20 successful nominal executions, reset each to a

measured mid-trajectory state via the robot’s normal controller,
apply small measured offsets (1–3 cm), resume closed-loop
control, and run the same policy/phases/offsets in simulation.
Primary criterion: positive rank correlation (or clean > small-
offset > larger-offset ordering) between sim and hardware.
This tests whether the simulator recovery margin is useful for
prioritizing where a safety case needs hardware scrutiny, not
whether the absolute numbers transfer.

a) Reproducibility.: Released under MIT/Apache-2.0:
crest/, scripts/, configs/crest/, tests/;
the 185-state verified cache and cross-suite caches;
per-run raw_rows.jsonl/metrics/bootstrap/failure
CSVs; commands_reproduce.md;
audit_paper_claims.py. Sampling, filter, and
perturbation grids are deterministic given the seed base
(per row: rollout seed, σ, git hash), with main late-phase
seed bases {1000, 4000, 6000}. LIBERO demonstrations and
OPENVLA-OFT checkpoints follow their original licenses.
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