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Abstract—Embodied foundation-model systems increasingly
rely on learned action-conditioned models, proxy simulators, or
success scorers to evaluate candidate futures before execution.
Prediction losses on successful rollouts do not test whether these
planner-facing components reject action branches that are locally
close to a successful plan and physically incapable of success. We
study planner-exploitable false success: an invalid action sequence
receives a high success score under the same initial simulator
state and goal as a valid rollout, allowing a model-based planner
to select it. Starting from successful ManiSkill manipulation
rollouts, we construct paired action-intervention contrast sets that
perturb contact, timing, support, release, direction, or stability
while holding the task seed, serialized state, and goal fixed.
Evaluation uses paired false-positive rate at fixed validation-
positive retention, adapting FPR@95TPR to simulator-verified
invalid action branches, together with invalid-action selection
under planner choice. In state-observation ManiSKill tasks over
five training seeds, RSSM-lite trained with pairwise ranking
reduces pFPRQ@95ValTPR from 0.746 to 0.043, drives invalid-
action selection from 0.914 to 0.000 on evaluated intervention
families, and yields a positive planner score gap of 0.394. Held-
out operator analysis exposes a no-release-stack failure, localizing
a missing release/support predicate. The results support a safety-
by-practice audit for embodied model stacks: planner-facing
success must be tested at the local action boundary, not inferred
from rollout MSE.

I. INTRODUCTION

Foundation-model robot stacks increasingly combine high-
level semantic policies with learned action-conditioned mod-
els used for scoring, search, policy evaluation, and model-
predictive control [9, 8, 6]. Once such a model participates
in candidate selection, plausible rollout prediction error is not
enough to certify that the planner-facing success scorer assigns
low success to action branches that cannot physically succeed.
A planner that maximizes the learned score can select an
impossible trajectory before deployment.

We call this failure mode planner-exploitable false success:
a model assigns high success to a local action intervention that
violates contact, timing, support, release, direction, or stability
under the same initial state and goal as a successful rollout.
A safety-by-practice audit should therefore evaluate the action
boundary around a successful plan, since random failures can
be distributionally separable from valid rollouts while leaving
that local boundary unchanged.

Our paired action-intervention audit for planner-facing ma-
nipulation models fixes the task, seed, serialized simulator
state, and goal for each contrast unit, then changes only the ac-

tion sequence through a simulator-verified invalidity operator.
The evaluation combines a compact audit protocol, collapse-
resistant fixed-retention metrics, and a ManiSkill study show-
ing that rollout MSE and random-failure supervision do not
close the local action boundary around successful plans.

II. PAIRED ACTION-INTERVENTION AUDIT

For a finite-horizon manipulation rollout with environment
e, initial state sg, goal g, action sequence ag.r, simulator
rollout 7 = Sim. (8o, ao.;r), and binary success predicate
Y (7, g), a contrast unit is

Ui = (ei7 50,45 9i5 aj:():H,./\/i).

The positive branch satisfies Y (Sime, (s0.4,a; .57),9i) =
1. Each invalid branch in N is generated by an action-
intervention operator
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where k indexes the intervention family and A its parameters.
The candidate is admitted only when simulator replay gives
Y (Sime, (80,i5 @; 1, 5 0.17)> 9i) = 0. The planner candidate set
is C; = {aio;H} U{a; ;r0m}

The audit instantiates these contrast units in ManiSkill2
manipulation tasks [4], using state observations to isolate
action-conditioned success scoring from visual recognition.
Each unit fixes task, seed, serialized simulator state, and goal.
A unit is excluded if the positive branch fails (Bp,s), the
negative branch succeeds (B,,¢,), the initial-state hashes difter
(Breset), the goals differ (Bgoq1), or the base unit would cross
train/validation/test splits (Bspit):

B= Bpos U Bneg U Breset ) Bgoal U Bsplit~

Contrast-unit splits place a successful rollout, its task seed,
serialized state, and all paired interventions in a single train,
validation, or test split; unpaired random failures are train-
only. The predeclared intervention families edit phase-scripted
actions at contact, grasp timing, gripper release/support, goal
transport, push direction/contact, push magnitude, or post-
placement stability, and every negative branch is admitted only
after simulator replay failure. The admitted dataset contains
150 successful rollouts, 799 verified paired negatives, and 150
train-only random failures across PickCube, StackCube, and



PushCube. One unstable-release candidate was omitted be-
cause simulator verification did not produce a failure. Table II
reports split and held-out operator counts.

III. METRICS AND TRAINING

With model success score gg(so,g,a0.zr) € [0,1], valid
successful rollouts are positives and paired invalid action
interventions are negatives. For a target validation-positive
retention [, the threshold 73 is selected on validation positives
as the largest threshold retaining at least a 5 fraction of valid
rollouts:

Tg = max T s.t. % Z 1ge(z™) > 7] > B.

T€[0,1] D, =,
zteD],
Using this validation threshold, test valid retention and paired
false-positive rate are

ValidRet@3Val = Pr [go(z™) > 78],
I+~Dj—est

pFPRQSVaITPR = Pr  [go(z™) > 74]
x—~D,,

The main experiments use S = 0.95, following the
FPR@95TPR convention used in OOD detection [5], with the
95% criterion fixed on validation positives and reported test
retention allowed to differ. False positives are paired invalid
action branches scored as successful. If go(z) = ¢ for every
input, then 73 = ¢ and every paired negative is counted, so
pFPR@AValTPR = 1; constant-score collapse is counted as
unsafe.

Random-failure supervision can separate unrelated failures
while leaving the local action boundary around a successful
plan unresolved. If positives and paired negatives share the
same representation atom wu but random failures map to a
separable atom v, a scorer with ¢(u) = 1 and ¢(v) = 0 obtains
perfect success-versus-random-failure classification while as-
signing success to every paired invalid action.

Planner exploitability is evaluated over contrast sets C;
containing the verified successful action sequence and its
paired invalid interventions. The model-based planner selects

*
a; = argmax qg(So,i, gi, @)
acC;

Ties are broken in favor of the valid branch, which makes
invalid selection conservative. We report invalid-action selec-
tion rate, simulated success of the selected branch, and paired
ranking AUC,

Prigo(z*) > go(x7)] + 5 Prlgo(2z™) = qo(27)],

computed over verified positive-negative pairs. We also use
the planner score gap

max

q@(SO,i, 9i, a'_)'
a~eCi\{a}}

Ai = qo(s0,i, 91507 ) —
Nonnegative A; for every contrast unit implies zero invalid-
action selection under the specified tie-breaking rule.

Pairwise contrastive training targets the planner-facing or-
dering that causes invalid branches to be selected by adding a

margin ranking loss to the dynamics and success losses. With
success logit zg(x),

1
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IV. EMPIRICAL AUDIT

Experiments use lightweight GRU and RSSM-lite state-
based sequence world models. RSSM-lite denotes the compact
recurrent state-space baseline used here, with a GRU latent
transition, sampled latent state, observation/predicate heads,
and a success head. Training regimes are success-only, success
plus random failures, success plus paired action interventions,
and pairwise ranking. Thresholds for pFPR@95ValTPR are
selected only on validation positives.

a) Fixed-retention false positives: A raw false-success
diagnostic can classify collapsed models as safe when the
evaluation threshold is unconstrained. pFPR@Q95ValTPR
counts these cases: GRU random-failure training has raw
false-success rate 0.000 but pFPR@95ValTPR. 0.94340.050,
because the validation-positive threshold still admits paired
invalid branches. Among sequence models, RSSM-lite pair-
wise ranking attains pFPR@95ValTPR 0.043£0.031 and
pair AUC 1.000, compared with RSSM-lite action-intervention
pFPR@95ValTPR 0.188+0.060.

b) Planner exploitability: Planner exploitability is mea-
sured by allowing the model to select among valid and paired
invalid candidate actions. RSSM-lite success-only selects in-
valid branches in 0.914+£0.127 of test contrast sets, giving
simulated success 0.0861-0.127. Pairwise ranking increases the
RSSM-lite planner score gap to 0.394+0.047, reduces invalid-
action selection to 0.000, and raises simulated success to
1.000. Action-intervention training leaves residual exploitabil-
ity, with invalid-action selection 0.133+0.123.

The GRU pairwise row is a negative control: a ranking
loss alone does not guarantee low false-success when the
sequence model fails to represent the relevant contact, release,
or support boundary. The audit measures the trained scorer’s
local ordering over simulator-verified contrast units.

c) Held-out operators: An operator-held-out stress test
removes open-lift, no-release-stack, and wrong-direction-push
interventions from training, then evaluates RSSM-lite pairwise
ranking on those unseen operators. The raw false-success
diagnostic is 0.062 and the paired score gap is 0.757. Transfer
depends on the operator family: open-lift (n = 7) and
wrong-direction-push (n = 7) reach false-success rate 0.000,
while no-release-stack has false-success rate 1.000 (n = 7),
identifying release/support as a missing predicate family in the
trained scorer.

V. RELATED WORK

Trustworthy embodied foundation-model systems require
evaluation of the learned components that shape action se-
lection, including world models, proxy simulators, and suc-
cess scorers used before execution. MiraBench is the closest



Model Training MSE | ValidRet@95Val ¥ pFPR@95ValTPR | Gap 1 Pair AUC 1 Invalid Sel. || Sim Success T
GRU success-only 28.875+8.465 0.94340.035 0.882+0.059 0.000 0.613£0.093 0.695+0.109  0.305£0.109
GRU random-fail 39.319419.436 0.9144-0.080 0.943+0.050 -0.001£0.001 0.35540.161 0.790£0.105  0.21040.105
GRU action-interv. 9.489+3.004 0.88610.105 0.82740.136  -0.052+0.061 0.6964+0.079 0.638+£0.070  0.36240.070
GRU pairwise-rank 9.89444.106 0.97140.037 0.954+0.036 -0.060+£0.040 0.45540.153 0.876£0.070  0.1244-0.070
RSSM-lite  success-only 2.20640.401 0.96240.054 0.746+0.114 -0.001+£0.001 0.41340.145 0.914£0.127  0.0864-0.127
RSSM-lite random-fail ~ 47.680+12.636 0.8861-0.048 0.845+0.304  0.000+0.002 0.3484+0.288 0.771£0.212  0.22940.212
RSSM-lite action-interv. 0.75440.139 0.9434-0.090 0.188+0.060 0.115+0.050 0.95940.035 0.133£0.123  0.86740.123
RSSM-lite  pairwise-rank 1.87440.760 0.97140.023 0.043£0.031  0.394+0.047 1.000 0.000 1.000
TABLE 1

COLLAPSE-RESISTANT FALSE-SUCCESS AND PLANNER-EXPLOITABILITY METRICS. ValidRet@95Val IS MEASURED ON HELD-OUT POSITIVES USING
THE THRESHOLD SELECTED TO RETAIN 95% OF VALIDATION POSITIVES. pFPR@95ValTPR USES THE SAME VALIDATION-POSITIVE THRESHOLD AND
IS MEASURED ON HELD-OUT PAIRED INVALID BRANCHES. GAP IS THE MEAN PLANNER SCORE GAP BETWEEN THE VALID BRANCH AND THE BEST
PAIRED INVALID BRANCH. ROWS REPORT MEAN = 95% t-INTERVAL OVER FIVE TRAINING SEEDS. METRICS ARE COMPUTED ON THE SAME HELD-OUT
CONTRAST-UNIT SPLIT FOR EACH SEED; INTERVALS MEASURE SEED-LEVEL VARIABILITY BECAUSE PAIRED INVALID BRANCHES ARE CLUSTERED BY
BASE ROLLOUT.
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Rollout-error and planner-selection results. (a) Rollout MSE does not determine paired false-positive rate under fixed validation-positive retention;

circles denote GRU, triangles denote RSSM-lite, and colors follow the Table I training order. (b) Model-based selection among valid and simulator-verified
invalid candidates. RSSM-lite pairwise ranking drives invalid selection to zero while preserving simulated success.

Item Count Note

Tasks 3 PickCube, StackCube, PushCube
Valid bases 150 50 per task

Paired invalid branches 799 simulator-failed

Random failures 150 train-only

Unit splits 105/24/21  train/val/test

Invalid split branches 559/128/112 train/val/test

Excluded candidates 1 unstable-release succeeded
Held-out open-lift 0.000 FSR n=7

Held-out wrong-direction 0.000 FSR n =7

Held-out no-release-stack 1.000 FSR n =7

TABLE II
AUDIT CONSTRUCTION AND HELD-OUT OPERATOR DIAGNOSTIC. SPLITS
ARE ASSIGNED AT THE CONTRAST-UNIT LEVEL. FSR IS THE RAW
FALSE-SUCCESS RATE UNDER THE HELD-OUT RSSM-LITE PAIRWISE
SCORER.

concurrent diagnostic benchmark: it frames action-conditioned
reliability as a central target for robotic world-model evalua-
tion and studies physics adherence, action-following fidelity,
and optimism bias under failure-inducing actions [10]. The
audit studied here fixes simulator state and goal, intervenes

only on the action sequence around a successful manipulation
plan, admits negatives only after simulator-verified failure, and
tests whether a planner-facing success scorer would select the
invalid branch.

Action-conditioned robot world models are used as proxy
environments for policy evaluation, search, and model-
predictive control [9, 8, 6]. WPE evaluates robot policies inside
an action-conditioned video world model and reports overesti-
mation for out-of-distribution actions as well as difficulty mod-
eling object interaction. WorldPlanner uses action-conditioned
visual world models for MCTS/MPC and addresses hallu-
cinations during planning. Generative world simulators such
as Veo-based robot policy evaluation support nominal, OOD,
and safety-oriented evaluation [3]. Our audit fixes initial state
and goal, intervenes on the action sequence, and evaluates
whether the world-model success scorer rejects simulator-
verified invalid branches.

Failure-centric robotics datasets and VLMs such as AHA,
RoboFAC, and Dream2Fix generate or analyze failed execu-
tions for diagnosis, reasoning, or recovery [1, 11, 7]. The con-
trast sets in this paper use local action interventions to evaluate
whether a planner-facing world model scores physically im-



possible branches as successful. The contrast-set construction
follows local decision-boundary evaluation [2], instantiated
as simulator-verified action perturbations under fixed state
and goal. The fixed-retention false-positive metric follows
FPR@95TPR evaluation in OOD detection [5], adapted to
valid and invalid manipulation rollouts with thresholds selected
on validation positives. Related concerns also appear in model-
based offline RL, where pessimistic objectives such as MOPO
penalize uncertain model rollouts [12]; our audit isolates an
action-conditioned robotics instance with simulator-verified
paired interventions.

VI. SCOPE AND LIMITATIONS

The experiment uses simulation and state observations to
isolate action-conditioned success scoring from visual recog-
nition and language grounding. This privileged-state setting
evaluates the action-success boundary after perception has
been removed from the test. The reported claims concern
planner-facing action-conditioned scoring under the stated
simulator protocol; visual grounding, real-robot deployment,
and cross-embodiment transfer are outside the evaluation. The
main paper reports the definitions, admission criteria, met-
ric construction, and aggregate results. Simulator verification
supplies the valid/invalid labels; the model ranks recorded
candidate sequences, selected branches are scored by their
simulator outcomes, and validation thresholds are selected
without access to test negatives.

VII. CONCLUSION

Embodied model stacks used for planning need success
scorers that reject physically impossible action branches un-
der the same state and goal. Paired action-intervention roll-
outs measure this safety failure by testing local simulator-
verified invalid branches around successful plans. Under fixed
validation-positive retention, RSSM-lite with pairwise ranking
reduces paired false positives and invalid-action selection on
evaluated operators, while held-out no-release-stack failures
show that coverage of physical predicates is still required.
Prediction error alone is not a sufficient audit for planner-
facing embodied models.
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