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Abstract
Manipulation benchmarks are often interpreted as tests of
perception and language-conditioned control, but a score
can also reflect regularities in the evaluation states. We
introduce the placement radius R, the radius of the small-
est disc containing an object’s shipped positions. The
condition R ≤ δ is exactly the geometric condition for
one task-indexed constant to lie within distance δ of ev-
ery shipped position; behavioral equivalence additionally
requires an embodiment-specific robustness assumption.

Applied to LIBERO, this audit reveals a shipped-state
defect in LIBERO-Object. Its tasks declare 5 × 5 cm
target-sampling regions, yet the shipped states span only
0.0–1.9 cm, and six of ten tasks place the target at one
point to floating-point precision. In a paired interven-
tion on one task, sampling the declared region reduces
the lookup-goal condition from 25/30 to 10/30 successes
(p = 0.0007). A reset-informed condition supplied the
true target position and succeeded on all 30 repaired
states. Thus the same motion controller can solve the
repaired states when supplied the correct target.

A sparse displacement ladder shows a dose response but
does not identify a uniform tolerance δ: outcomes change
even at the smallest nonzero level, and the experiment
varies direction and initial state together. Accordingly,
placement radius is a pre-training diagnostic of geometric
shortcut opportunity, not by itself a certificate of policy
behavior. The causal intervention is limited to one task,
and we do not establish that a trained policy exploits the
defect.

1 Introduction
A manipulation benchmark score is commonly read as
evidence that a policy identified the commanded object,
localized it, and executed the requested action. That in-
terpretation is not warranted when the evaluation states
make a correct goal predictable from the task index alone.
This paper audits that possibility before training a policy.

Our starting point is a mismatch in LIBERO [5]. Each

task specifies a target-sampling region, but LIBERO-
Object’s shipped initial states do not exercise it. Six of
ten tasks place the identity-bearing target at one point
to floating-point precision, while sibling suites exercise
their declared regions. We regenerate candidate states
from the declared region and test whether the mismatch
matters behaviorally. On one task, a task-indexed lookup-
goal condition falls from 25/30 to 10/30 successes; a reset-
informed condition that receives the true target succeeds
on all 30 repaired states.

We use the placement radius R to summarize the geo-
metric opportunity for such a shortcut. R is computed
from shipped state files without training or simulation. It
answers a narrow question: how accurately can one con-
stant approximate an object’s shipped positions? Turn-
ing that geometric fact into a behavioral claim requires
a controller-, task-, object-, and phase-specific robustness
condition. Our displacement experiment does not iden-
tify a uniform value for that tolerance, so we report radii
and behavioral evidence separately.

Contributions.

1. We define placement radius and the exact geometric
condition under which a task-indexed constant lies
within a specified distance of every shipped position
(§3).

2. We show that LIBERO-Object’s shipped states do
not sample the target regions declared by its task
files, while three sibling suites do (§2).

3. We release a candidate repaired state set and a paired
one-task intervention with a reset-informed condition
(§2.2).

4. We separate geometric coverage from behavioral
equivalence and give the correct confidence-set inter-
pretation of a decision window (§4.1).

Relation to prior work. Dataset bias and shortcut
learning can make benchmark scores overstate a model’s
intended capability [2, 3, 8]. In robotics, perturbation
suites and recollection expose sensitivity after a policy has
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been trained [1, 6, 7, 9]. Our diagnostic is complementary:
it measures geometric dispersion directly from evaluation-
state files. Recent work also shows that language-free
probes can solve LIBERO tasks at high rates [4]; place-
ment pinning is one possible shortcut opportunity, not a
complete explanation of those results.

Scope and reproducibility. All experiments use sim-
ulation. The causal intervention is one task at n = 30 per
primary condition. We do not show that a trained policy
exploits the shipped-state defect or that the effect gener-
alizes across LIBERO-Object. The released artifacts in-
clude per-trial outcomes, state hashes, figure-generation
scripts, and scripts that recompute the reported statistics.

2 Shipped states do not match de-
clared sampling regions

This comparison uses the benchmark’s task declarations
and shipped initial states. It does not require a policy,
controller, tolerance, or statistical model.

Each LIBERO task declares, in its own BDDL, an
axis-aligned region to sample its target from. For
pick up the alphabet soup that region is 5 × 5 cm.

Write xj(s) for coordinate j ∈ {1, 2} of a task’s tar-
get in shipped state s. The spread, maxj(maxs xj(s) −
mins xj(s)), is the longer side of the shipped placements’
axis-aligned bounding box. The exercised fraction di-
vides that spread by the corresponding side declared in
the BDDL file. Both quantities compare the BDDL decla-
ration with the shipped-state array and require no policy,
simulator, or tolerance.

The fifty shipped states for task 0 place the soup at the
exact center of its declared box (Figure 2). Figure 1 ex-
tends the same comparison to all twenty LIBERO-Object
and LIBERO-Long tasks.

suite declared shipped spread exercised?

Spatial 2.0 cm 2.9 cm yes
Goal 2.0 cm 3.0 cm yes
Long 5.0 cm 4.9 cm yes
Object 5.0 cm 0.0–1.9 cm no

Table 1: Mean declared box side and shipped spread by
suite. Spatial, Goal, and Long exercise their declared re-
gions; LIBERO-Object ships only 0.0–1.9 cm of its declared
5 cm side.

Table 1 summarizes all four suites. LIBERO-Object’s
shipped states conflict with its declared target sampler,
whereas Spatial, Goal, and Long exercise their declared re-
gions. We refer to this mismatch as a state-generation
defect.

Candidate repaired states. We draw the target’s
position from the box the task file already declares.

scripts/resample init states.py does this for all ten
LIBERO-Object tasks (Table 2). It changes only the two
state-array columns holding the target’s x and y; every
other object, joint velocity, and time field is bit-identical
to the shipped file and verified by array comparison.

shipped repaired

spread, LIBERO-
Object (10 tasks)

0.00–1.94 cm 4.44–4.96 cm

spread, LIBERO-
Long (unmodified)

4.84–4.99 cm

clearance to any
other region

— ≥ 7.42 cm

Table 2: Shipped and candidate repaired spreads. Repaired
positions satisfy the declared regions and a 7.42 cm center-to-
center clearance constraint; resting height and post-settling
table contact remain simulator-dependent.

2.1 Evaluation setup
All goal-supply conditions drive the same non-learned
pick-and-place controller. The lookup-goal condition
reads the task index and emits the mean shipped posi-
tions of the identity-bearing target and shared container;
it receives no image or command at evaluation time. The
reset-informed condition reads the true target and con-
tainer positions once at reset and then uses static goals.
The learned-goal condition uses MicroVLA’s trained goal
predictor and is reported only as an exploratory compar-
ison.

Experiments use LIBERO commit 8f1084e3, MuJoCo
2.3.7, robosuite 1.4.1, torch 2.8.0, ultralytics 8.4.115,
numpy 2.2.6, Python 3.10, and MUJOCO GL=osmesa. Trial
indices select initial states deterministically, and paired
comparisons use the same trial indices. Reported p-values
are exact two-sided McNemar tests unless stated other-
wise.

2.2 Repaired-state intervention
We evaluate task 0 on the shipped states and on states
drawn from its declared region. The paired runs use the
same controller, weights, seeds, trial indices, machine,
and package versions; only the target-position columns
change.

goal supply shipped repaired paired

lookup 25/30 10/30 17–2; p = 0.0007
learned 19/30 13/30 10–4; p = 0.18
reset-informed 10/10 30/30 vs lookup: 20–0; p = 2×10−6

Table 3: Task 0 paired outcomes for lookup-goal, learned-goal,
and reset-informed conditions. Repair changes lookup from
25/30 to 10/30 successes (p = 0.0007); reset-informed suc-
ceeds on all 30 repaired states. The learned-goal change is
unresolved and is also compatible with distribution shift.

2



Figure 1: Declared target regions and fifty shipped states for every LIBERO-Object and LIBERO-Long task. Every Long task
exercises its declared region; no Object task does, and six Object tasks collapse to one point.

Reset-informed condition. The repaired positions
could be generally harder. To test that alternative, we
hold the controller and repaired states fixed but read the
true target position once at reset instead of using a con-
stant compiled from the shipped files.

On the same thirty repaired states, the lookup-goal
condition scores 10/30 and the reset-informed condition
scores 30/30. All 20 discordant trials favor the reset-
informed condition (p = 2 × 10−6). The result is limited
to this task and controller.

3 Placement radius as a pre-
training diagnostic

§2 establishes a mismatch between declared and shipped
placements. This section measures the geometric concen-
tration of those shipped placements and states the addi-
tional assumption needed for a behavioral claim.

3.1 Definitions
Fix a task t that ships a finite set St of initial states. Write
Ot for the objects that the policy must localize; LIBERO
declares this set as obj of interest. Let xo

t (s) ∈ R2

denote object o’s table position in state s. All radii be-
low use planar Euclidean distance. A controller that con-
sumes a three-dimensional or anisotropic goal requires the
corresponding goal-space norm and radius.
Definition 1 (Placement radius). The placement radius
of object o in task t is the radius of the smallest disc con-
taining every shipped position,

Rt(o) = min
c∈R2

max
s∈St

∥xo
t (s) − c∥.

By construction, a constant within distance δ of every
shipped position exists if and only if Rt(o) ≤ δ; the min-
imizing center is one such constant. This is a geometric
equivalence, not a behavioral one.

The distinction from the diameter Dt(o) =
maxs,s′∥xo

t (s) − xo
t (s′)∥ matters. D ≤ δ implies

R ≤ δ but not conversely: R ≥ D/2 always, and Jung’s
theorem gives R ≤ D/

√
3 in the plane, so D > δ does

not imply R > δ.
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Figure 2: Declared target region and shipped states for task 0 of LIBERO-Object (A) and LIBERO-Long (B). The tasks
declare the same 5 × 5 cm region, but only Long exercises it.

Definition 2 (Geometric δ-coverage). Object o of task t
is geometrically δ-covered if Rt(o) ≤ δ. A task is covered
only with respect to an explicitly selected object set, norm,
and goal space.

Which objects, and why it matters. Every
LIBERO task specifies at least a manipulated object and
a destination. Call o identity-bearing if it is what individ-
uates the task from its siblings — the grocery in “pick
up the alphabet soup and place it in the basket” — and
shared otherwise. LIBERO-Object’s ten tasks differ only
in the identity-bearing object; all ten share one basket.

We report identity-bearing and shared objects sepa-
rately. This distinction is essential: LIBERO-Object’s
identity-bearing targets have R ∈ [0.00, 1.17] cm, whereas
its shared baskets have R ∈ [1.67, 1.98] cm. A task-level
behavioral claim must specify which goals the controller
receives and cannot be inferred from either column alone.

Task semantics and placement variation.
LIBERO-Object’s ten tasks are individuated by which
object, so the suite need not vary that object’s initial
position to distinguish task identities. LIBERO-Spatial’s
tasks are individuated by where the bowl is, so that
position must vary. Table 4’s ordering therefore partly
reflects the suites’ task definitions.

The magnitude is not built in. Object-based task
identity does not require a position to be frozen to
one float64 value when the task file declares a 5 ×
5 cm sampling region. LIBERO-Object could randomize
placement while retaining object identity, and LIBERO-
Spatial demonstrates that a suite can carry both. The
finding is the gap between the declared region and

the shipped states, not the ordering of the four
suites.

Assumption A1 (joint δ-robustness). For a speci-
fied task, controller, selected object set, norm, and cou-
pled simulator randomness, replacing all true goals jointly
by values within δ leaves each episode’s outcome un-
changed. A1 is an empirical assumption, not a conse-
quence of placement radius. The displacement experi-
ment in §4 does not establish A1 for any positive uniform
δ.

Proposition 1 (Conditional lookup sufficiency). Sup-
pose Rt(o) ≤ δ for every selected object of every task, and
suppose A1 holds at δ. A task-indexed goal supplier can
then emit the minimum-enclosing-disc centers. Driven by
those goals, the shared controller achieves the same out-
comes as it does with the true positions.

Proof. Take co
t to be the center of the minimum enclosing

disc. By Definition 1, ∥xo
t (s) − co

t ∥ ≤ Rt(o) ≤ δ for every
s, so t 7→ (co

t )o∈Ot
is a lookup table meeting Definition 2.

A1 applies at each state, giving the same outcome as the
true positions; averaging over St gives the claim.

The proposition is conditional: geometric coverage sup-
plies the constants, while A1 supplies the behavioral
equivalence.

Corollary 1 (Outcome equivalence under A1). On a
suite satisfying the hypotheses, episode outcomes cannot
distinguish the lookup policy from the same controller sup-
plied the true goals.

4



Figure 3: Target positions and paired outcomes under shipped and repaired states. The lookup-goal condition degrades under
repair, while the reset-informed condition succeeds on all repaired trials. Dark cells denote success, light cells denote failure,
and empty cells were not run.

This corollary does not assert that A1 holds or that a
measured policy uses a lookup shortcut. It describes only
the comparison class induced by the stated assumptions.

3.2 Measurement

A naive fixed-column layout fails for every suite contain-
ing an articulated fixture. We therefore compile each
task’s model and read jnt qposadr. Appendix A gives
the procedure and the cross-check.

Two LIBERO-Goal tasks name a fixture with no free
joint — a cabinet drawer, a stove. A fixture that never
moves has R = 0; these cases are identified separately
from movable objects.

Placement concentration. In 6 of Object’s 10 tasks
the target’s start position takes exactly two float64 val-
ues, one unit in the last place apart on a single axis: con-
stant to the precision the format can express. The other
four have R ∈ [0.60, 1.17] cm.

Across tasks, the ten identity-bearing targets occupy
two table positions 22.1 cm apart, with five tasks at each
position. Only two distinct constants are therefore needed
to reproduce their centers.

identity-bearing R (cm) shared R

suite mean range range

Object 0.30 0.00–1.17 1.67–1.98
Spatial 2.15 1.49–4.49 1.66–2.01
Goal 1.48 0.00–2.48 0.00–1.70
Long 3.10 2.85–3.28 0.00–3.17

Table 4: Placement radius of every LIBERO task, computed
from the shipped initial states. LIBERO-Object has the small-
est identity-bearing radii, while its shared baskets vary across
episodes.

4 Embodiment tolerance and deci-
sion resolution

Placement radius is geometric. Relating it to behavior
requires an embodiment-specific robustness region. We
therefore displaced the lookup controller’s grasp goal on
two LIBERO-Object tasks. Each trial uses a fixed ran-
dom direction across radii r ∈ {0, 1, 2, 4, 8} cm, pairing
direction and initial state across levels.

Observed success decreases monotonically on both
tasks and reaches zero at 4 cm, demonstrating sensitiv-
ity to grasp-goal displacement. The experiment does not
establish δ ≥ 2 cm under Assumption A1: task 3 changes
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Figure 4: Placement radius for one representative task per suite. The solid circle is the minimum enclosing disc with radius R;
the dashed gray disc shows an illustrative δ = 1.4 cm. A constant lies within δ of every shipped position exactly when R ≤ δ.

Figure 5: Success under radial displacement of the lookup-goal condition’s grasp goal. Directions and initial states are paired
across displacement levels; gray bands are Wilson 95% intervals.

r (cm) 0 1 2 4 8

task 3 10/10 9/10 5/10 0/10 0/10
Holm p — 1.0 0.125 0.008 0.008

task 0 6/10 5/10 4/10 0/10 0/10
Holm p — 1.0 1.0 0.125 0.125

Table 5: Paired success counts and exact McNemar tests
against r = 0, with Holm correction within each task. The
ladder shows degradation by 4 cm but does not estimate a uni-
form tolerance.

from 10/10 to 9/10 at 1 cm and to 5/10 at 2 cm. Failure
to reject equality at n = 10 is not evidence of statewise
equivalence. In addition, each trial couples one direction
with one initial state, so the experiment does not identify
a worst-case directional tolerance. We therefore make no
positive estimate of a uniform δ.

4.1 Decision window
The radii still determine how precisely a hypothetical
shared scalar δ would need to be known for a selected ge-
ometric comparison. Choose one object ot per task and
write Rt = Rt(ot). For a subset of tasks A, define

W (A) =
[
max
t∈A

Rt, min
t/∈A

Rt

)
. (1)

Proposition 2 (Geometric decision window). Under the
selected objects, norm, and shared scalar δ, every task in
A is geometrically δ-covered and every task outside A is
not if and only if δ ∈ W (A). For a confidence set Cδ, the
data support the comparison when Cδ ⊆ W (A), reject it
when Cδ ∩ W (A) = ∅, and are otherwise inconclusive.

Proof. The comparison requires Rt ≤ δ for all t ∈ A and
Rt > δ for all t /∈ A. These inequalities are equivalent
to maxt∈A Rt ≤ δ < mint/∈A Rt. The confidence-set cases
follow by set inclusion and disjointness.
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For identity-bearing movable objects, the
LIBERO-Object one-versus-rest comparison gives
W = [1.171, 1.492) cm using the unrounded radii. This
interval is a property of that selected geometric compari-
son; it is not a suite-wide behavioral verdict. Our sparse
ladder provides no confidence set for a uniform δ, so it
neither supports nor rejects membership in this window.
A future test would need to define an equivalence margin,
vary direction independently of state, and estimate task-
and object-specific robustness in the controller’s actual
goal space.

5 Discussion and limitations
The declared-versus-shipped mismatch does not depend
on a policy or tolerance. LIBERO-Object declares target-
sampling regions that its shipped evaluation states do not
exercise. Placement radius summarizes the resulting ge-
ometric regularity and can be computed before training.
It does not, on its own, show that a policy memorized a
location or that a constant preserves behavior.

The repaired-state intervention adds one scoped causal
result. On one task, the lookup-goal condition loses 15 of
its 25 shipped-state successes when the target is sampled
from the declared region. The reset-informed condition
succeeds on all 30 repaired states, showing that this con-
troller can solve those states when given the correct target.
The learned-goal condition remains ambiguous because
its repaired-state drop is also consistent with distribution
shift.

Several limitations bound the interpretation. First, the
causal intervention covers one task, one controller, and
n = 30 paired trials. Second, the repaired states are
author-constructed under a clearance constraint and are
not an official LIBERO release. Third, the displacement
ladder is small, couples state and direction, and does not
estimate a uniform robustness tolerance. Fourth, the ge-
ometric analysis uses planar Euclidean positions; a con-
troller operating in three-dimensional or anisotropic goal
space requires the corresponding norm and radius. Fi-
nally, neither trained-policy exploitation nor transfer to
other benchmarks is established.

Benchmark authors can make these checks inexpensive
by publishing declared and shipped placement distribu-
tions, per-object radii in the policy’s goal space, and
evaluation tiers with controlled displacement. Behavioral
certification requires a separately validated robustness re-
gion for the evaluated embodiment; geometric dispersion
should not be presented as behavioral invariance.

6 Conclusion
LIBERO-Object declares 5 cm target-sampling regions
but ships spreads of only 0.0–1.9 cm. Six tasks collapse
to one point at floating-point precision. Placement radius
exposes this regularity directly from the evaluation states.

On one task, replacing the shipped placement with sam-
ples from the declared region changes the lookup-goal
condition from 25/30 to 10/30 successes, while the reset-
informed condition succeeds on all 30 repaired states.
This demonstrates that the shipped-state defect can sup-
port a location lookup for that controller and task. It does
not establish that a trained policy uses the shortcut or
that all LIBERO-Object tasks are behaviorally equivalent
under a constant goal. The placement radius measures ge-
ometric shortcut opportunity before training; behavioral
conclusions require task- and embodiment-specific valida-
tion.
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A Recovering which column owns
which object

LIBERO stores each task’s initial states as a MuJoCo
flattened state [ t | q | q̇ ]; every shipped q̇ is zero, so the
columns that vary across states are exactly the position
degrees of freedom the suite randomizes.

Recovering which object owns which column requires
care. The fixed layout [ t | 9 | N ×7 | q̇ ] that works for
LIBERO-Object predicts a width of 19+13N and fails for
every suite containing an articulated fixture — LIBERO-
Spatial has width 92 against 5 declared objects. We there-
fore run two passes: the fixed-layout one, and one that
compiles each task’s model and reads jnt qposadr with
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the joint names, mapping every column onto a named
body. The two agree wherever both apply, and
only the second is used for suites the first cannot parse.
Artifacts: results/suite forensics columns.json (di-
gests), results/suite forensics joints.json (per-
object positions).
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