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Abstract—While Vision-Language-Action (VLA) models per-
form strongly on in-distribution robot control, they often fail
under minor shifts in object positions, lighting, textures, and
camera poses. To address this, we propose Quality Diversity
for Diverse Environment Generation (Q-DEG), a method for
improving VLA robustness by generating adversarial environ-
ments and fine-tuning the VLA on its own successful rollouts.
Q-DEG uses Quality Diversity (QD) optimization to find high-
failure environments while promoting diversity with VLA policy
embeddings. This yields challenging but solvable environments
for fine-tuning. In simulation, experiments across three represen-
tative VLA models show that Q-DEG improves robustness to out-
of-distribution (OOD) adversarial environments compared to the
base VLA and VLAs fine-tuned using two red-teaming baselines.
Real-world experiments further show improved robustness to
object location shifts in tabletop manipulation tasks.

I. INTRODUCTION

Vision-Language-Action (VLA) models [15, 28, 76] have
recently emerged as a promising mode for robot control.
By leveraging Vision-Language Models (VLMs) [9, 3, 1]
pretrained on internet-scale data, VLAs access rich visual and
semantic knowledge and generalize across tasks and robot
embodiments [63, 36, 4, 6]. However, despite strong in-
distribution performance, VLAs frequently fail under periph-
eral test-time shifts such as object positions, colors, lighting,
and camera poses.

Prior work has characterized this vulnerability through
robustness benchmarks and VLA failure-mode analysis [43,
20, 13], and more recent works on robotic red-teaming have
begun to probe policy weaknesses through generated visual
edits [45], simulated world models [62], or adversarial in-
struction generation [61]. However, these approaches do not
search over interpretable environment parameters that produce
policy-specific failures. Another focus is fine-tuning VLAs
with reinforcement learning objectives to improve downstream
success [71, 44, 10]. These methods improve the VLA through
action-level exploration, but do not actively target specific
failure modes.

To address these limitations, we propose Quality Diver-
sity for Diverse Environment Generation (Q-DEG), which
improves VLA robustness using Quality Diversity (QD) op-
timization [47, 16] and self-imitation [68]. Our key insight
is to use QD to find environments that induce diverse pre-
action-layer activations and inconsistent task success, reveal-
ing vulnerabilities while preserving successful rollouts. We
then fine-tune the VLA on its own successful rollouts from
these challenging environments. Like red-teaming methods,

Q-DEG stores intermediate adversarial environments in an
interpretable structure for failure mode analysis. Additionally,
Q-DEG requires no action-level confidence from the VLA, and
applies to both autoregressive and flow-based models. Using
LIBERO [41] simulation and real-world tabletop manipulation
tasks, we demonstrate that Q-DEG discovers a range of such
environments and improves robustness to OOD test settings.

To summarize, our contributions are: (1) Q-DEG, a method
that formulates VLA environmental red-teaming as a Quality
Diversity search over feasibly adversarial environments; (2)
a self-imitation procedure that improves VLA robustness by
fine-tuning on the VLA’s own successful rollouts in those
environments; and (3) an evaluation of Q-DEG across three
VLAs in simulation, showing advantage over baselines in
environmental diversity, robustness improvement, and sim-to-
real transfer.

II. PROBLEM FORMULATION AND METHOD

We assume a base VLA π(a | o, c) with non-zero success
on a task specified by language instruction c and parameterized
environment Eθ, where θ ∈ Θ denotes interpretable parameters
such as object and camera poses. Q-DEG solves two problems:
1) Identify diverse perturbed parameters {θ′i}Mi=1 that each
induce a high failure rate P fail(θi) = Eζ∼π(·|o∼Eθi

,c)[1 −
1succ(ζ)], where 1succ(ζ) ∈ {0, 1} is a binary task success
indicator. 2) Improve π’s success rates under perturbations in
Θ. Q-DEG iterates a four-stage procedure (see Figure 1) to
achieve these objectives.

A. Environment Generation

At the start of each iteration, Q-DEG generates a batch
of B candidate environments from environment parameters
{θi}Bi=1. Based on common axes of variation studied for policy
robustness [7], we set object placements (xy coordinates for
each movable object), the camera’s pose (xyz coordinates and
orientation axis angles), the light source’s pose (xyz coordi-
nates), table background RGB, and reflexive specular RGB
as our environment parameters to perturb. Q-DEG is not tied
to this specific parameterization. Different tasks or simulators
can expose different controllable parameters depending on
the robustness axes of interest. To ensure a minimum degree
of feasibility, we define a mixed integer quadratic program
(MIQP) [50] to repair object overlaps and task misalignments
(e.g., if the task is to “pick up a bowl next to the plate,”
there should be a bowl next to the plate) within proposed
environments. This repair step ensures that high failure rates



Fig. 1. Overview of Q-DEG. a) CMA-ES [25] proposes environment parameters such as object locations, background, lighting, and camera pose; invalid
proposals are repaired to remove object overlaps or restore task-relevant spatial relations. b) The VLA is rolled out in each proposed environment to estimate
P̂ fail, where environments are rewarded for inducing failures while still producing at least one successful rollout. c) Q-DEG arranges accepted environments
in a QD archive using low-dimensional PCA projections of the VLA’s policy embeddings. d) Successful trajectories from archived environments are collected
into a fine-tuning dataset for improving the VLA’s robustness.

are more likely to reflect meaningful VLA weaknesses rather
than invalid task configurations. We include more details
on environment parameterization and MIQP repair in the
supplementary material.

B. Feedback Metrics
On each of the B proposed environments, the base VLA

π is rolled out k times to obtain two feedback metrics that
inform Q-DEG’s adaptation.
Failure Rate: To evaluate an environment’s adversarial quality
with respect to the VLA π, π’s empirical failure rate P̂ fail

on the environment is estimated over rollouts {ζj}kj=1. Q-
DEG prioritizes environments that are feasible enough to yield
successful rollouts for later self-imitation, so we modify P̂ fail

with a condition that hard-sets to 0 if all rollouts fail, as defined
in Eq. 1.

P̂ fail(θ) =

{
0 if

∧k
j=1 ¬1succ(ζj)

1− Σkj=11
succ(ζj)/k otherwise.

(1)

Policy Embeddings: For evaluating an environment’s diver-
sity, we use π’s pre-action layer activations at the start of each
rollout, which we refer to as policy embeddings. Intuitively,
policy embeddings represent the VLA’s “first impression” on
each environment, and our goal is to diversify policy em-
beddings so that our adversarial environments induce diverse
experience on the VLA. Inspired by prior work in multitask
safety analysis of VLAs using VLA embeddings [23], we
typically choose the final hidden layer before the VLA’s action
decoder as the source of our policy embeddings, and average
across rollouts to obtain a set of embeddings ψ for each
environment. We project raw policy embeddings into a low-
dimensional space using linear Principal Component Analy-
sis (PCA) before QD search, since hidden layer activations

are high-dimensional and discretization-based QD algorithms
suffer from the curse of dimensionality [53, 27, 64]. We
denote the projected embedding with Aψ + b, with A being
the principal component projection matrix and b being the
centering offset.

C. Quality Diversity (QD) Optimization

QD searches for a collection of diverse and high-quality
solutions within the space spanned by some measure functions.
Q-DEG applies QD to environment parameters θ, using the
failure rate P̂ fail as the quality metric and the VLA’s policy
embeddings as the measure functions. Formally, the QD
objective is to find an archive A of M elite environments
{Eθj}Mj=1, where each elite occupies a distinct region of the
policy embedding space, and solve maxθ1..M

∑M
j=1 P̂

fail(θj).
Since P̂ fail is empirically estimated and thus discrete, we use
CMA-MAE, a QD algorithm designed for discrete quality
metrics [16, 74]. CMA-MAE uses a black-box CMA-ES
optimizer to propose candidates, evaluate their qualities and
measures, and bias future proposals toward high quality or
novel measures. Its core components are the soft QD archive
and CMA-ES feedback mechanism.
Soft QD Archive: CMA-MAE maintains an archive A to store
adversarial environments and provide improvement scores and
restart checkpoints to CMA-ES when it stagnates. To construct
A, the space spanned by policy embeddings’ top principal
components is tessellated into a grid, with cell identifier T
mapping projected embeddings to cell indices [47]. Each
candidate parameter θi is then considered for insertion into its
mapped celli = T (Aψi + b). Each cell maintains a threshold
quality value tcell initialized to 0 and annealed upward as high
quality metrics are observed within the cell. If P̂ fail

i > tcelli ,
then θi is inserted into celli and tcelli is softly updated with



tcelli ← (1−α)tcelli +αP̂
fail
i , otherwise θi is discarded and no

update is performed. Intuitively, by delaying each individual
update with an annealing rate hyperparameter α ∈ [0, 1], tcelli
captures the density of high-failure-rate environments within
celli’s embedding space region.
CMA-ES Adaptation: CMA-ES optimizer maintains an in-
ternal multivariate Gaussian distribution on environment pa-
rameters [25], from which it samples a batch of candidate
parameters {θi}Bi=1 to be evaluated and inserted into A. After
insertion, CMA-ES adapts its internal distribution according
to each candidate’s failure rate improvement score ∆P̂ fail.
The improvement score for a candidate θi is defined as
∆P̂ fail(θi) = P̂ fail(θi) − tT (Aψi+b), where tT (Aψi+b) is the
threshold quality value in the cell assigned to θi at insertion
time. Intuitively, a candidate’s improvement score is high when
it induces high failure rate or when its policy embeddings map
to a previously under-explored cell, so optimizing improve-
ment scores simultaneously motivates more adversarial and
more diverse environments. The batch of candidates is ranked
by their improvement scores, and the ranking is returned as
feedback to CMA-ES, which adapts to propose candidates with
higher improvement scores in future iterations. When CMA-
ES stagnates, we restart it by setting the mean of its internal
distribution to an elite θ sampled from the archive, resuming
the search from a “stepping stone” environment known to be
adversarial and/or diverse.

D. Self-Imitation Fine-Tuning

In addition to generating diverse adversarial environments,
Q-DEG also improves robustness of the base VLA π against
similar failure modes. Q-DEG achieves this by fine-tuning π
to imitate its own successful rollouts on all feasibly adversarial
environments collected during QD optimization. To construct
the fine-tuning dataset D, we retain the shortest successful tra-
jectory among k rollouts on each adversarial environment. We
keep only the shortest successful trajectory per environment,
since multiple demonstrations for the same environment can
cause action divergence and undermine imitation learning [2].
Additionally, to prevent π from forgetting current skills, we
add to D a small number |Dbase| of trajectories from the task-
specific dataset on which the base VLA was trained [42]. We
then fine-tune π on D following a simple behavior cloning ob-
jective. Incidentally, the diversity among environments found
by Q-DEG promotes diversity within D’s trajectories, prevent-
ing behavior collapse during self-imitation [68].

III. EXPERIMENTS

Our experiments are designed to answer the following
questions: 1) Red-teaming: Can Q-DEG generate diverse
adversarial environments? 2) Robustness: Does Q-DEG im-
prove the base VLA’s robustness against OOD adversarial
environments? 3) Sim-to-real: Does the improved robustness
resulting from Q-DEG facilitate VLA sim-to-real transfer?

A. Simulation Experiments

We address the first two questions in simulation us-
ing LIBERO-Spatial [41], which consists of 10 language-

conditioned pick-and-place tasks and supports our environ-
mental parameterization. To demonstrate Q-DEG’s applica-
tion toward multiple VLA architectures, we experiment using
two autoregressive models, π0-FAST [55] and OpenVLA-
OFT [36, 37], and one flow-matching model, π0.5 [31].
Baselines: Due to the lack of prior work that red-team
VLAs by perturbing simulation environment parameters, we
implement two environmental red-teaming baselines to ablate
the effect of QD optimization employed by Q-DEG: ran-
domization and CMA-ES. Both baselines generate adversarial
environments by perturbing the same environment parameters
as Q-DEG; as with Q-DEG, all generated environment param-
eters undergo MIQP repair prior to rollout.
Randomization. This baseline adds fixed Gaussian noise to
the default LIBERO-Spatial environment parameters. Random-
ization neither maintains a QD archive nor adapts its noise
distribution.
CMA-ES. The second baseline, CMA-ES, adapts the parameter
noise distribution with a CMA-ES optimizer, but the optimizer
disregards policy embeddings and only optimizes for failure
rates, which makes the baseline prioritize adversarial search
while neglecting environmental diversity.
Evaluating red-teaming: We compare methods under the
same VLA rollout budget (3200 rollouts) using two metrics:
1) the number of feasibly adversarial environments and 2) the
average pairwise DINOv2 embedding distance to measure vi-
sual diversity across environments. For the average embedding
distance among a set of environment parameters, we generate
an environment from each parameter (see Sec. II-A), pass
the first-step overview image through dinov2_vitb14, and
compute average pairwise cosine distance among embeddings.
We use DINOv2 because its embedding distances correlate
with visual-semantic similarity [52].
Evaluating robustness: Following Sec. II-D, we fine-tune the
base VLA with successful trajectories collected during each
baseline’s rollouts. We set aside 20% of adversarial environ-
ments from each baseline as the evaluation set and exclude
their trajectories from fine-tuning. On each environment in
the evaluation set, we evaluate success rates of the base VLA
as well as the post-fine-tune VLAs from each baseline and
Q-DEG over 4 trials. We then compare the VLAs’ average
success rates on the evaluation set.

B. Real-World Experiments

To investigate whether improved VLA robustness leads to
better sim-to-real transfer, we construct a real-world test where
the VLA controls a Gen-2 Kinova JACO arm to either grab the
bowl from table center (Task 1), or grab the bowl next to the
plate (Task 2). We modify LIBERO to create simulated digital
twins for both tasks, and collect 40 simulated demonstrations
for each. To obtain a base VLA with reasonable success
rates, we fine-tune the pi05_base checkpoint from π0.5
with LoRA (rank 16) SFT for 10000 steps on collected
demonstrations. We then improve the base VLA’s robustness
in simulation by running Q-DEG for 832 rollouts and fine-
tuning another 10000 steps on trajectories collected by Q-



TABLE I
FINE-TUNED VLA SUCCESS RATES ON OOD ADVERSARIAL ENVIRONMENTS FOUND BY EACH METHOD. ROWS CORRESPOND TO THE SOURCE OF THE EVALUATION SET;

COLUMNS CORRESPOND TO THE BASE VLA AND VLAS FINE-TUNED ON TRAJECTORIES COLLECTED BY randomization (RAND), CMA-ES, AND Q-DEG.

π0-FAST OpenVLA-OFT π0.5

Eval. set base rand CMA-ES Q-DEG base rand CMA-ES Q-DEG base rand CMA-ES Q-DEG

rand 29.15 39.40 37.79 48.73 56.25 82.29 68.75 78.13 77.38 77.98 83.33 88.09
CMA-ES 27.90 38.46 24.81 29.82 45.75 52.52 48.27 75.79 54.98 49.39 69.17 58.00
Q-DEG 54.83 51.28 36.89 56.13 47.19 50.77 55.61 69.13 38.03 61.82 70.45 81.81

average 37.29 43.05 42.51 44.89 49.73 61.86 57.54 74.35 56.80 63.06 74.32 75.97

Fig. 2. Number of feasibly adversarial environments (top) found by each of
randomization, CMA-ES, and Q-DEG, and the corresponding average pairwise
DINOv2 cosine distance among environments (bottom), plotted against the
number of VLA rollouts. Shaded regions denote 95% confidence intervals
aggregated over three independent trials.

DEG. For a fair comparison, the base VLA is also fine-tuned
for another 10000 steps on demonstrations. We then evaluate
the base VLA and the robust VLA from Q-DEG on both real-
world tasks for 10 trials each. A trial is successful if the robot
navigates its gripper around the rim of the correct bowl within
3 minutes. We interleave trials between the two tested VLAs
to control biases from external factors [38].

IV. RESULTS

Red-teaming: As shown in Figure 2, all methods find hun-
dreds of feasibly adversarial environments where the VLAs
fail, revealing their vulnerabilities to our environmental per-
turbations despite their near-perfect performance on vanilla
LIBERO-Spatial. Since OpenVLA-OFT and π0.5 have strong
base performance, finding environments that induce failure is
more challenging. The randomization baseline significantly
lags behind CMA-ES and Q-DEG due to its lack of noise
adaptation. Although Q-DEG does not find more adversarial
environments than CMA-ES, it finds more diverse ones, as
reflected by higher average DINOv2 embedding distances.
By comparison, environments found by CMA-ES tend to
cluster around a few configurations that induce the most VLA
failures. The advantage of Q-DEG is clearest on π0.5, where
higher diversity yields more adversarial environments than
even CMA-ES. This suggests that diverse environments act as
“stepping stones” toward niche configurations, as outlined in
Sec II-C. Example adversarial environments found by Q-DEG
on π0.5 appear in the appendix.

Robustness: Table I reports success rates on OOD adversarial
environments generated by the baselines and Q-DEG. The
rows correspond to the evaluation set source, and the columns
indicate the base VLA and VLAs fine-tuned on trajectories
collected by each method. Across three VLA models, Q-DEG
consistently improves over the base VLA on all evaluation
sets, achieving improvements of up to 25%. The baseline
methods achieve low success rates on environments generated
by other methods, suggesting overfitting to their own failure
modes despite excluding evaluation-set trajectories during fine-
tuning. In contrast, Q-DEG generalizes well across evaluation
sets, often matching or exceeding success rates on its own
evaluation set. This generalization can be attributed to the
higher diversity of Q-DEG’s adversarial environments, and
thereby its fine-tuning data.

A. Real-World Results

Fig. 3. JACO gripper positions at the end of each trial when evaluating
the base VLA (left) and the VLA fine-tuned with Q-DEG (right) in the real
world. Successful trials are shown in green, and failed trials are shown in red.

Sim-to-real: To visualize our real-world experiments, Figure 3
annotates the final JACO gripper position for each trial, with
successful trials in green and failed trials in red. The base VLA
(left) succeeds 2/10 on Task 1 and 0/10 on Task 2, whereas
the VLA fine-tuned using trajectories from Q-DEG (right)
succeeds 7/10 on Task 1 and 2/10 on Task 2, demonstrating
better sim-to-real transfer with Q-DEG. We observe that, on
Task 2, the base VLA frequently moves the gripper toward
the empty space to the upper-right of the plate, corresponding
to the bowl location used during the collection of training
demonstrations in simulation. In contrast, Q-DEG improves
the VLA’s robustness to object location perturbations, so
its fine-tuned VLA more consistently navigates the grippers
toward the bowl. We additionally observe that, on Task 1, the
base VLA seems to only be capable of grasping the bowl from
a single side of the rim, whereas the VLA fine-tuned with Q-
DEG exhibits more diverse grasping poses from multiple sides,
further suggesting a more robust grasping policy.
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APPENDIX

A. Related Works

a) Vision-Language-Action (VLA) models.: VLAs aim
to provide general purpose robot control by mapping visual
observations and language instructions directly to robot ac-
tions [76]. Examples of such VLAs include OpenVLA [36],
the π family [4, 31, 30, 32, 55], SmolVLA [58], GR00T [51],
MolmoAct models [39, 12], and Dexora [72]. These models
are trained on broad robot datasets for language-conditioned
manipulation. Techniques such as fine-tuning [37], reason-
ing [69, 73], and steering [8] further improve their success
rate and adaptability on downstream tasks. However, making
VLAs robust remains challenging because even large robot
datasets [35, 11, 75] cover only a limited subset of possible
object poses, lighting conditions, camera viewpoints, textures,
and scene layouts. Consequently, VLAs remain brittle [65, 24]
under minor environment shifts that do not alter the se-
mantic task. To address this, Q-DEG searches for physical
environment variations that expose failures, then uses the
VLA’s successful rollouts in those environments to improve
robustness.

b) Quality Diversity (QD) optimization.: Quality Diver-
sity (QD) methods search for solutions that are both high-
performing and diverse with respect to user-specified measures
of diversity. While early QD methods rely on non-adaptive
evolution for proposing solutions [47, 56], subsequent works
improve search efficiency through covariance matrix adapta-
tion [16, 18]. Key application areas of QD include generating
human-robot interaction scenarios [19, 17, 60] and optimizing
text with LLMs [5, 14, 40]. Our work is most relevant to
methods that apply QD to red-teaming and probing robustness
of learned systems. For example, Rainbow Teaming [57] uses
QD to generate adversarial prompts for general LLMs, and
Q-DIG [61] uses QD to red-team and improve VLAs on
adversarial instructions. Unlike these methods, Q-DEG moves
the QD search from instructions to environment parameters,
allowing red-teaming to probe failures induced by visual and
physical changes.

c) Environment Design.: A complementary line of work
develops simulated environments and benchmarks for evalu-
ating language-conditioned robot policies. Benchmarks such
as LIBERO [41], LIBERO-Plus [13], RoboCasa [48, 49],
KinDER [29], and VLABench [70] provide valuable testbeds
for measuring generalization across tasks, scenes, and physical
reasoning challenges. However, these benchmarks are mainly
designed for evaluation, with environment variations specified
by benchmark designers rather than searched to target a
VLA’s failure modes, and the resulting failures are not directly
converted into fine-tuning data. Other work on unsupervised
environment design automatically generates challenging tasks
or curricula for reinforcement learning agents [33, 54] but does
not target modern VLA policies. Complementary works study
geometric red-teaming for robot manipulation [21], generative
simulation for robot learning [67, 34, 66], and world simulators
for policy evaluation [62]. Unlike these works, Q-DEG uses

QD to search over interpretable environment parameters and
generate feasible adversarial environments targeting a given
VLA.

As described in Section II, we sample environment pa-
rameters, spanning object location, tabletop background color,
lighting parameters, and camera pose, from a multivariate
Gaussian distribution. To start the search from relatively famil-
iar environments on which the base VLA has non-zero success
rates, we initialize the mean of the environment parameter
distribution to match the corresponding parameter values in
vanilla LIBERO-Spatial. For parameters with well-defined
validity constraints, such as object locations that must remain
within the table boundaries, we also clip sampled parameters
to their valid ranges. We list the 25 environment parameters we
perturb during our experiments along with their corresponding
mean vector entries and clipping ranges in Table II.

B. Environment Repair

Before generating an environment from sampled environ-
ment parameters, we repair the parameters with a Mixed
Integer Quadratic Program (MIQP) to ensure that the resulting
environment satisfies validity constraints and remains consis-
tent with the task instruction. The repair focuses on object
location parameters due to their well-defined validity and
alignment conditions. To obtain more accurate feedback met-
rics, we encourage the repaired environment to remain close
to the proposed environment by setting MIQP to minimize the
squared L2 distance between object locations before and after
repair. In other words, the MIQP objective is

min
{xo,yo}o∈O

Σo[(xo − x′o)2 + (yo − y′o)2] (2)

where (x′o, y
′
o) and (xo, yo) are the coordinates of object o

before and after repair, respectively. For the MIQP constraints,
we describe validity constraints and task-specific alignment
constraints below. Since MIQP requires linear constraints,
the distance between two objects i, j is expressed using the
Chebyshev distance, written as

L∞(i, j) = max(|xi − xj |, |yi − yj |).

We begin by defining three validity constraints that apply
across all tasks:
All objects are within table bounds: −0.6 ≤ xo ≤
0.45 and − 0.61 ≤ yo ≤ 0.59, ∀o ∈ O.
No two objects overlap: We enforce non-overlap by requiring
every pair of objects to be separated by at least the sum of
their radii. Note that we only resolve overlaps in the horizontal
plane, allowing one object to be stacked on top of another if
they are sufficiently separated along the z axis. This gives us
the constraint

|zi − zj | ≤ hi + hj =⇒ L∞(i, j) ≥ ri + rj , ∀i, j ∈ O, i < j

where zi, hi, and ri are the z coordinate, half-height, and
radius padding of object i, respectively.



TABLE II
ENVIRONMENT PARAMETERS PERTURBED DURING OUR SIMULATION EXPERIMENTS. CENTER DENOTES THE ENTRY OF THE MULTIVARIATE GAUSSIAN
MEAN VECTOR CORRESPONDING TO EACH ENVIRONMENT PARAMETER. RANGE DENOTES THE CLIPPING BOUNDS APPLIED TO THE SAMPLED VALUES.

Parameter Center Range

Object location x
• Target bowl See Table III

[-0.6,0.45]
• Confounding bowl
• Plate 0.06
• Cookie box 0.07
• Ramekin -0.20

Object location y
• Target bowl See Table III

[-0.61,0.59]
• Confounding bowl
• Plate 0.20
• Cookie box 0.03
• Ramekin 0.20

Tabletop material color tint
• Red multiplier

0.5 [0,1]• Green multiplier
• Blue multiplier

Parameter Center Range

Light source location
• x 1.0

Free• y 1.0
• z 4.0

Light source specular
• Red multiplier

0.3 [0,1]• Green multiplier
• Blue multiplier

Camera location
• x 0.66

Free• y 0
• z 1.61

Camera rotation vector
• x component

0 Free• y component
• z component

TABLE III
TASK INSTRUCTION AND CORRESPONDING CENTER LOCATIONS OF THE TARGET (TARG.) AND CONFOUNDING (CONF.) BOWLS FOR EACH

LIBERO-SPATIAL TASK.

Task instructions Targ. x Targ. y Conf. x Conf. y

pick up the black bowl between the plate and the ramekin and place it on the plate -0.05 0.20 -0.18 0.32
pick up the black bowl next to the ramekin and place it on the plate -0.18 0.32 0.13 -0.07
pick up the black bowl from table center and place it on the plate -0.075 0.0 0.01 0.31
pick up the black bowl on the cookie box and place it on the plate 0.07 0.03 0.03 -0.27
pick up the black bowl in the top drawer of the wooden cabinet and place it on the plate 0.08 -0.15 0.03 -0.27
pick up the black bowl on the ramekin and place it on the plate -0.20 0.20 0.07 0.03
pick up the black bowl next to the cookie box and place it on the plate 0.13 -0.07 -0.41 -0.14
pick up the black bowl on the stove and place it on the plate -0.41 -0.14 0.03 -0.27
pick up the black bowl next to the plate and place it on the plate 0.01 0.31 -0.18 0.32
pick up the black bowl on the wooden cabinet and place it on the plate 0.03 -0.27 -0.41 -0.14

No object is initialized on top of the plate: Since all
LIBERO-Spatial tasks require placing the target bowl on top
of the plate, the plate needs to be empty at the start of the
rollout. We reserve the plate with the constraint

L∞(o, plate) ≥ ro + rplate, ∀o ∈ O.

In addition to basic validity constraints, we add task-specific
alignment constraints to ensure that the repaired environment
admits a unique ground-truth behavior consistent with the task
instruction. Because all LIBERO-Spatial tasks require picking
up a target bowl distinguished by a predicate condition while
avoiding a confounding bowl, these constraints are designed
to disambiguate the two bowls by enforcing that the target
bowl satisfies the predicate condition and the confounding
bowl does not.
pick up the black bowl between the plate and the ramekin
and place it on the plate: To ensure the target bowl1 is
between the plate and the ramekin, we constrain its position
to a tightened region centered between the two objects. We
first define

cx =
xplate + xramekin

2
, dx = |xplate − xramekin|

cy =
yplate + yramekin

2
, dy = |yplate − yramekin|

where (cx, cy) denotes the midpoint between the plate and
the ramekin, and (dx, dy) denotes the width and height of the
axis-aligned bounding box. We then add constraints

cx − 0.3dx ≤ xbowl1 ≤ cx + 0.3dx

cy − 0.3dy ≤ ybowl1 ≤ cy + 0.3dy.

The factor 0.3 shrinks the admissible region relative to the
full bounding box, which makes the target bowl more clearly
satisfy the predicate. Conversely, we also add a disjunctive
constraint to ensure that the confounding bowl2 does not
satisfy the predicate

xbowl2 ≤ cx − 0.5dx − ϵ ∨
xbowl2 ≥ cx + 0.5dx + ϵ ∨
ybowl2 ≤ cy − 0.5dy − ϵ ∨
ybowl2 ≥ cy + 0.5dy + ϵ

where ϵ = 10−6 is a small margin introduced to enforce strict
separation from the threshold. We implement this disjunction
using four binary indicator variables and require that at least
one of the inequalities hold. Since the factor 0.5 corresponds
to the full bounding box, satisfying any of these inequalities
guarantees that bowl2 is not between the plate and the ramekin.
pick up the black bowl next to the ⟨object⟩ and place
it on the plate: This template is shared by three tasks in



LIBERO-Spatial, where ⟨object⟩ is instantiated as the ramekin,
cookie box, or plate. To ensure that the target bowl1 is close
to ⟨object⟩, we constrain

L∞(bowl1, ⟨object⟩) ≤ rbowl1 + r⟨object⟩ + 0.1.

Conversely, we enforce that the confounding bowl2 is suffi-
ciently far from ⟨object⟩ through the constraint

L∞(bowl2, ⟨object⟩) ≥ rbowl2 + r⟨object⟩ + 0.2.

The larger threshold in the latter constraint introduces a
separation margin between the target and confounding bowls,
making the predicate more easily distinguishable.
pick up the black bowl from table center and place it on
the plate: We enforce that the target bowl1 lies inside the table
center bounding box x ∈ [−0.1,−0.05], y ∈ [−0.01, 0.01] by
defining constraints

−0.1 ≤ xbowl1 ≤ −0.05
−0.01 ≤ ybowl1 ≤ 0.01.

Conversely, we ensure that the confounding bowl2 lies outside
the bounding box through a disjunctive constraint

xbowl2 ≤ −0.1− ϵ ∨
xbowl2 ≥ −0.05 + ϵ ∨
ybowl2 ≤ −0.01− ϵ ∨
ybowl2 ≥ 0.01 + ϵ.

pick up the black bowl on the ⟨object⟩ and place it on
the plate: This template is shared by four tasks in LIBERO-
Spatial, where ⟨object⟩ is instantiated as the cookie box,
ramekin, stove, or wooden cabinet. LIBERO-Spatial already
initializes the target bowl1 with a higher z coordinate, so to
ensure that bowl1 is stacked on top of ⟨object⟩, we simply
set (xbowl1 , ybowl1) ← (x⟨object⟩, y⟨object⟩). This task template
does not require a converse constraint for the confounding
bowl. Because all candidate instances of ⟨object⟩ are only
large enough to fit a single bowl, the non-overlap constraints
naturally force the confounding bowl away from ⟨object⟩.
pick up the black bowl in the top drawer of the wooden
cabinet and place it on the plate: Similar to the previous task,
we set (xbowl1 , ybowl1) ← (xdrawer, ydrawer) without defining a
converse constraint for the confounding bowl. Because the task
requires that the target bowl is positioned in the drawer within
the wooden cabinet, the overlap between the target bowl and
the cabinet is necessary by design. Therefore, we exempt this
object pair from the non-overlap constraints during repair.

C. Embedding Extraction

Our choice to use pre-action-layer activations as policy
embeddings is motivated by prior work on anomaly detection
in foundation models [23, 46, 59], which often relies on
distances in latent representation spaces to identify inputs
that are novel relative to a model’s prior experience. The
success of these methods suggests that intermediate activations
in a foundation model often encode rich information about
the model’s internal processing and exhibit meaningful local

geometry. These properties make intermediate activations a
natural choice for QD measure space, since the diversity
in activation space corresponds to diversity in the model’s
internal experience, while the locally meaningful geometry
facilitates exploration of neighboring regions once a region
of the measure space has been discovered. Among these
works, SAFE [23] is particularly relevant to our setting, as
it demonstrates that pre-action-layer activations in a VLA
contain not only rich information for failure detection, but
also meaningful local structure, enabling the identification of
clustered “failure zones” within the activation space. Motivated
by these findings, we adopt SAFE’s design principle, and
extract embeddings from π0-FAST, OpenVLA-OFT, and π0.5
as follows:
π0-FAST: During autoregressive action decoding, the final
transformer block preceding the action head in π0-FAST
produces a 2048-dimensional hidden state at each FAST-
token decoding step. We average the hidden states across
all decoding steps prior to the EOS token, yielding a 2048-
dimensional policy embedding.
OpenVLA-OFT: The final transformer block preceding the
action head outputs hidden states of shape Rda×dc×4096, where
da and dc denote the action dimension and action chunk size.
We average over the first two dimensions to obtain a 4096-
dimensional policy embedding.
π0.5 : Unlike the π0-FAST and OpenVLA-OFT, π0.5 incor-
porates robot state information as part of its action expert
during conditional flow-matching. To ensure that the policy
embeddings capture all information relevant to action gen-
eration, we extract activations from the final layer before
velocity prediction at the first Euler integration step, yielding a
1024-dimensional policy embedding. Because flow-matching
is initialized from a standard Gaussian source distribution, the
resulting activations can exhibit stochastic variation unrelated
to the observation. To obtain more consistent embeddings, we
perform a separate flow evaluation initialized from the zero
vector rather than a Gaussian sample. This auxiliary evaluation
is used solely for embedding extraction and does not affect the
actions generated by the policy.

D. Embedding Dimensionality Reduction

The high dimensionality of raw policy embeddings poses
a challenge for discretization-based QD algorithms such as
CMA-MAE. These methods partition the measure space into
discrete cells and require sufficient resolution to effectively
cover the space. Because the volume of the measure space
grows exponentially with its dimensionality, the number of
cells needed to maintain a fixed resolution likewise grows ex-
ponentially. As a result, using raw policy embeddings directly
as measures would make the computational and memory costs
of maintaining the QD archive prohibitively large [53, 27, 64].

To obtain a low-dimensional measure space suitable for
discretization-based QD algorithms, a common approach is
to fit a PCA model to a collection of feature vectors and
project them onto a low-dimensional subspace defined by
the leading principal components [22, 26]. Following this



approach, Q-DEG first samples a small set of environments
by perturbing the default environment (see Appendix A0c)
with fixed Gaussian noise. For each sampled environment, we
obtain a policy embedding by rolling out the VLA for a single
timestep. We then fit a PCA model to the resulting embeddings
and use the first two PCA coordinates as measures during QD
search. Although reducing the embeddings to two dimensions
discards a substantial amount of information, we find that the
first two principal components consistently capture a large
fraction of the variation in the sampled policy embeddings.
Across π0-FAST, OpenVLA-OFT, and π0.5, the first two
components explain approximately 50% of the total variance,
while subsequent components contribute substantially less, as
illustrated in Figure 4.

Fig. 4. Variance explained by the first 10 principal components of raw policy
embeddings extracted from π0-FAST, OpenVLA-OFT, and π0.5. Results are
aggregated over three independent trials, each sampling 320 environments.
Error bars denote 95% confidence intervals.

E. Overview of Adversarial Environments on π0.5
Through manual inspection of the adversarial environments

discovered by Q-DEG and the randomization and CMA-ES
baselines, we find that failures identified on π0.5 can be
broadly categorized into six failure modes: (1) placing the
target bowl near the edge of the plate rather than at its center,
(2) placing the target bowl on an object other than the plate, (3)
picking up an object other than the target bowl, (4) dropping
the target bowl during transport, (5) failing to pick up any
object, and (6) failing to navigate to the plate after picking up
the target bowl.

The randomization baseline remains close to the default
environment configuration and discovers only failure modes
(1) and (3) (Table IV). While CMA-ES explores environments
farther from the default configuration, it concentrates dispro-
portionately on a small subset of environment configurations,
resulting primarily in failure modes (1), (2), and (3) (Table V).
In contrast, the diversity objective introduced by QD enables
Q-DEG to discover adversarial environments spanning all six
failure modes (Table VI).

Additional visualizations are available at our anonymous
project website: https://qd-env.github.io/qdeg/.

F. Method Pseudocode

See Algorithm 1 for an overview of the procedures in Q-
DEG.

G. Hyperparameters

We list the hyperparameters we used to evaluate each
method in Table VII.

Algorithm 1: Q-DEG

1 Q-DEG (N,P,M,B, π, k, θ0, σ0, α)
input : QD iterations N , PCA calibration iterations

P , measure space dimension M , CMA-ES
batch size B, base VLA π, rollouts per
environment k, initial environment
parameters θ0, CMA-ES initial step size
σ0, CMA-MAE learning rate α.

result: Archive A containing diverse and feasibly
adversarial environments; fine-tuning
dataset D containing the VLA’s successful
rollouts on these environments.

2 Initialize CMA-ES parameters µ← θ0 and
Σ← σ0I .

3 Initialize acceptance thresholds {tcell ← 0}cell∈A
for all archive cells.

4 /* Sample some embeddings Ψ for
PCA calibration */

5 for iter ← 1 to P do
6 θi ∼ N (θ0, σ0I)
7 ψi ← rollout1step(repair(θi), π, 1) // Only

need first timestep
embeddings

8 Ψ← Ψ ∪ {ψi}
9 A, b = PCA(Ψ,M)

10 for iter ← 1 to N do
11 for i← 1 to B do
12 θi ∼ N (µ,Σ)
13 θi ← repair(θi)
14 P̂ fail

i , ψi, ζ
1:k
i ← rollout(θi, π, k)

15 /* Update assigned archive
cell’s solution and
threshold */

16 celli = T (Aψi + b)

17 ∆P̂ fail
i = P̂ fail

i − tcelli

18 if ∆P̂ fail
i > 0 then

19 tcelli ← (1− α)tcelli + αP̂ fail
i

20 A[celli]← θi

21 D ← D ∪ shortest({ζji | 1succ(ζji )})
// Keep shortest successful
ζ

22 rank θi by ∆P̂ fail
i

23 adapt CMA-ES parameters µ,Σ according to
rank

24 if CMA-ES stagnates then
25 /* Restart CMA-ES from sampled

stepping stone */
26 Restart CMA-ES with µ ∼ A and

Σ← σ0I .

https://qd-env.github.io/qdeg/


TABLE IV
Randomization FINDS FEW ADVERSARIAL ENVIRONMENTS WITH POOR DIVERSITY.

placing the target bowl
near the edge of the
plate rather than at its
center

placing the target bowl
on an object other than
the plate

picking up an object
other than the target
bowl

dropping the target bowl
during transport

failing to pick up any
object

failing to navigate to the
plate after picking up
the target bowl

N/A N/A N/A N/A

TABLE V
CMA-ES FINDS A LARGE NUMBER OF ADVERSARIAL ENVIRONMENTS BUT IS CONFINED TO A FEW RECURRING CONFIGURATIONS.

placing the target bowl
near the edge of the
plate rather than at its
center

placing the target bowl
on an object other than
the plate

picking up an object
other than the target
bowl

dropping the target bowl
during transport

failing to pick up any
object

failing to navigate to the
plate after picking up
the target bowl

N/A N/A N/A



TABLE VI
Q-DEG FINDS DIVERSE ADVERSARIAL ENVIRONMENTS SPANNING SIX FAILURE MODES.

placing the target bowl
near the edge of the
plate rather than at its
center

placing the target bowl
on an object other than
the plate

picking up an object
other than the target
bowl

dropping the target bowl
during transport

failing to pick up any
object

failing to navigate to the
plate after picking up
the target bowl

TABLE VII
EVALUATION HYPERPARAMETERS FOR EACH METHOD.

Hyperparameter Notation Value

Number of rollouts per environment k 4
Number of task-specific trajectories mixed into the self-imitation dataset |Dbase| 40
Q-DEG
• QD iterations
• For simulation experiments

N
96

• For real-world experiments 24
• PCA calibration iterations
• For simulation experiments

M
4

• For real-world experiments 2
• CMA-ES batch size B 8
• CMA-ES initial step size σ0 0.02
• CMA-MAE learning rate α 0.1
• QD archive resolution 100× 100

randomization
• Gaussian noise standard deviation σ 0.02

CMA-ES
• Search iterations N 100
• CMA-ES batch size B 8
• CMA-ES initial step size σ0 0.02
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