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Abstract—Reliable benchmarking is critical for advancing
Vision–Language–Action (VLA) models, as it reveals their gener-
alization, robustness, and alignment of perception with language-
driven manipulation tasks. However, existing benchmarks often
provide limited or misleading assessments due to insufficient
evaluation protocols that inadequately capture complex distri-
bution shifts. This work systematically rethinks VLA bench-
marking from both evaluation and data perspectives, introducing
LIBERO-X, a benchmark featuring: 1) A hierarchical evaluation
protocol with progressive difficulty levels targeting three core
capabilities: spatial generalization, object recognition, and task
instruction understanding. This design enables fine-grained anal-
ysis of performance degradation under increasing environmental
and task complexity; 2) A high-diversity training dataset collected
via human teleoperation, where each scene supports multiple fine-
grained manipulation objectives to bridge the train-evaluation
distribution gap. Experiments with representative VLA models
reveal significant performance drops under cumulative pertur-
bations, exposing persistent limitations in scene comprehension
and instruction grounding. By integrating hierarchical evaluation
with diverse training data, LIBERO-X offers a more reliable
foundation for assessing and advancing VLA development.

I. INTRODUCTION

Vision–Language–Action (VLA) models [41, 14, 3, 32, 1,
9, 15, 18, 27] have recently made significant strides in robotic
manipulation, emerging as a key paradigm for integrating per-
ception, language understanding, and control. By processing
visual observations and natural language instructions in an
end-to-end manner, these models directly map multimodal
inputs to low-level control signals and have achieved strong
performance across a wide range of complex manipulation
tasks. With rapid advances in VLA architectures and training
algorithms, a central challenge for the field is now the sys-
tematic evaluation of their actual capabilities [31, 35, 20].

In response, the research community has introduced a
series of standardized benchmarks, such as LIBERO [21]
and SimpleEnv [20], which provide controlled, reproducible
environments covering diverse task configurations and are
widely used to assess multimodal understanding, long-horizon
reasoning, and knowledge transfer. Despite impressive results
on these existing benchmarks, current VLA evaluations are
often confounded by limitations in both evaluation protocols
and data distribution, leading to overly optimistic or even
misleading conclusions about model capability.

First, existing benchmarks typically focus on individual
perturbation types, primarily spatial ones. Extensions such as
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SafeLIBERO [12], LIBERO-PRO [40], and LIBERO-Plus [7]
increase the diversity of test conditions by introducing addi-
tional perturbation factors (e.g., random obstacles for safety
studies, or initial states, task instructions, and environment
configurations). However, as shown in Figure 1 (b), they
still suffer from two major issues: (i) perturbations along
different dimensions are mostly modeled independently, failing
to capture the multi-source distribution shifts that arise in re-
alistic deployment; and (ii) there is no systematic progression
of difficulty from easy to hard, making it difficult to char-
acterize performance degradation as environmental and task
complexity increase. Consequently, these limitations hinder a
comprehensive assessment of model robustness under realistic,
compounded distribution shifts.

Second, evaluation is frequently unfaithful due to shortcom-
ings in both the training and testing datasets. Specifically,
training data lack sufficient diversity, and there is limited
divergence between training and testing scenarios and tasks.
Benchmarks such as LIBERO typically adopt test configura-
tions that closely resemble the training settings, introducing
only minor perturbations, such as small changes in initial
object positions, as shown in Figure 1 (a). Under this narrow
train–test gap, models often attain near-saturated success rates,
illustrating that superficially varied test scenarios do not nec-
essarily reveal the model’s true generalization ability. On the
training data side, existing datasets exhibit limited diversity in
tasks, scenes, and trajectories, which fundamentally constrains
the attainable capability of learned models. A single scene is
usually associated with only one or a few tasks, and demon-
strations for the same task follow highly homogeneous action
sequences and intermediate states, effectively collapsing into
a small set of template-like strategies. Overfitting is further
exacerbated under such narrow data distributions, causing
models to memorize a limited number of stereotyped behaviors
and to mechanically replay training actions [7, 40].

In this work, we improve benchmarking by jointly ad-
dressing evaluation hierarchy and training data diversity, as
shown in Figure 1 (c). Regarding the evaluation, we fo-
cus on three core capabilities of VLA models for robotic
manipulation: spatial generalization, object recognition, and
instruction understanding. Centered on these capabilities, we
introduce LIBERO-X, an evolved version of the original
LIBERO benchmark, where “X” denotes eXtreme to reflect
its goal of pushing evaluation limits. LIBERO-X first defines
a new evaluation protocol that delivers a progressively chal-
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Fig. 1: Comparison with related simulation benchmarks. (a): LIBERO lacks diversity by coupling scenes with homogeneous
trajectories, inducing action overfitting, while its test set closely mirrors training data. (b): Recent extensions reuse original
training trajectories, introducing perturbations but model them independently, failing to capture complex distribution shifts. (c):
LIBERO-X enhances training via multi-task scenes with diverse trajectories. Its multi-level evaluation protocol progressively
escalates complexity, revealing significant performance degradation across VLA models as difficulty increases, thus enabling
rigorous robustness assessment.

lenging, multi-level test suite for assessing the generalization
of VLA models in complex environments. Specifically, we
adopt a reuse–adjust–reconstruct strategy over training scenes
to construct a five-level hierarchy of fine-grained manipulation
tasks. The first two levels introduce increasing magnitudes
of spatial perturbations, progressing from minor positional
jitter to broader spatial randomization. The third level al-
ters scene topology (e.g., swapping target and placement
locations), breaking fixed spatial associations learned during
training. The fourth level incorporates unseen and confounding
objects, and varies fine-grained attributes such as color and
texture. The fifth level further incorporates semantic variations
in task instructions to evaluate vision-language–action align-
ment. Higher levels are formed by adding new perturbation
dimensions on top of lower levels, thereby progressively
escalating difficulty to enable precise analysis of performance
degradation as environmental and task complexity increase.
Complementing this hierarchy, we implement a multi-label
evaluation strategy where each task is annotated with fine-
grained attributes: interaction type, subtask count, spatial re-
lation, and object attribute. This granular labeling facilitates
in-depth diagnostics, allowing researchers to pinpoint specific
failure modes across distinct manipulation dimensions.

To mitigate the overfitting risks associated with the rel-
atively homogeneous scenes and trajectories in the original
LIBERO training set, we further construct a high-diversity
training dataset via human teleoperation. This dataset fun-
damentally increases scene and task diversity by incorporat-

ing variations in object attributes (e.g., size, color, texture)
and spatial relations (e.g., left/right, near/far, front/behind),
together with language instructions. Importantly, a single
scene is associated with multiple manipulation tasks, avoid-
ing template-like scene–task–trajectory mappings. This design
provides a data foundation by exposing models to broader
task–scene distributions during training. Consequently, perfor-
mance on LIBERO-X more faithfully reflects models’ trans-
ferability and robustness in complex, dynamic environments.

Overall, by combining richer training diversity and multi-
dimensional hierarchical perturbations at test time, LIBERO-X
represents a systematic rethinking of VLA model evaluation
for robotic manipulation. We expect it to serve as a com-
prehensive benchmark that can more effectively guide VLA
development toward reliable deployment in robotics.

The main contributions of this work are three-fold.

• We propose LIBERO-X, a comprehensive benchmark
for robotic manipulation that introduces progressively
challenging difficulty levels. It incorporates multi-label
annotations and jointly perturbs spatial layouts, object
properties, and instruction semantics to systematically
evaluate model robustness against multi-dimensional dis-
tribution shifts.

• We construct a high-diversity training dataset comprising
2,520 demonstrations, 600 tasks, and 100 scenes collected
via human teleoperation, substantially increasing scene
diversity and task granularity.

• Extensive experiments on fine-tuned representative VLA



models reveal notable performance degradation as task
and scene complexity increase, highlighting critical limi-
tations in scene comprehension and instruction grounding
and offering empirical insights for future model design.

II. RELATED WORK

Generalist Robot Policies. Early imitation learning meth-
ods, such as ACT [36] and Diffusion Policy (DP) [5], ad-
dressed sequential decision-making via action chunking and
conditional denoising, respectively. Building on these, Octo [9]
and RDT-1B [23] scaled these architectures on large-scale
robot dataset (e.g. the Open X-Embodiment dataset [26]),
demonstrating that increasing model capacity significantly
improves multi-task manipulation.

Inspired by the generalization and reasoning capabilities
of Large Language Models (LLMs), a new paradigm of
VLA models has emerged. These methods aim to leverage
the rich semantic representations of pretrained VLM back-
bones for robotic control, diverging primarily in their action
modeling strategies. Discrete approaches like RT-2 [41] and
OpenVLA [14] discretize continuous actions into text tokens,
treating manipulation as a next-token prediction task. Recent
work like FAST [27] further optimizes this tokenization for
higher efficiency. Conversely, continuous approaches retain the
precision of the action space but vary in their formulation.
Some methods, such as RoboFlamingo [19] and OpenVLA-
OFT [15], adopt direct regression heads optimized via mean
squared error (MSE) loss. Others integrate more expressive
generative policies: CogACT [16] separates high-level under-
standing from low-level execution by attaching a diffusion
head to the VLM, while π0 [2], π0.5 [2] and GR00T [1]
achieve state-of-the-art performance by incorporating flow
matching directly with VLM backbones. To enhance the
grounding of VLA models, recent approaches also focus on
explicitly or implicitly incorporating additional information,
such as spatial structure and geometry [29, 37] and reasoning
and planning signals [33, 2].

Despite these advancements, evaluating VLA models re-
mains challenging due to the high cost and reproducibility
of real-robot experiments. To address this, we develop a
comprehensive simulation benchmark to enable the systematic
and reproducible assessment of VLA methods.

Robotic Manipulation Benchmarks. Standardized bench-
marks are crucial for evaluating the generalization and robust-
ness of robotic manipulation policies. While numerous bench-
marks have been developed for real-world systems, this section
primarily focuses on simulation-based benchmarks due to their
experimental convenience and reproducibility. Early efforts
such as RLBench [13] and LIBERO [21] have significantly
advanced the field by establishing unified evaluation protocols.
Recent benchmarks [7, 28, 40, 39, 17] have explored spe-
cific facets of generalization. For example, AGNOSTOS [39]
and CALVIN [24] investigate transfer across tasks, while
RoboCerebra [11] and VLABench [35] focus on long-horizon
manipulation and complex scene-task understanding. Mean-
while, works such as LIBERO-PRO [40] and LIBERO-Plus [7]

expand the evaluation by introducing controlled perturbations
across dimensions like target placement, object attributes, and
robot pose. These studies consistently find that high nominal
success rates often decline sharply under minor perturbations,
suggesting a reliance on memorization of training data rather
than generalized skill acquisition.

Moreover, such evaluations usually test isolated distribution
shifts, like visual appearance or object position, rather than the
coupled, multi-factor shifts encountered in real environments.
Other works organize test tasks into progressively harder levels
to probe model limits. For example, GemBench [8] uses a
multi-level protocol from novel placements to long-horizon
tasks, observing performance degradation across levels. Yet
its limited training scale and task coverage restrict its use for
large-scale VLA assessment. Additionally, LIBERO-Plus [7]
stratifies difficulty via multi-model averaging, which can in-
troduce bias and lacks interpretability.

Another limitation of many benchmarks [13, 21] is that
training diversity is often secondary to test design, with
assessments frequently conducted using off-the-shelf check-
points [7, 40]. However, the fine-tuning datasets for these VLA
models generally lack sufficient variation in scenes, tasks, and
trajectories, thereby fundamentally constraining the general-
ization capacity of the resulting policies [35]. While LIBERO-
Plus [7] attempts to increase variation by re-rendering scenes
using state-action pairs from the original LIBERO [21], it still
inherits the limited diversity of trajectories.

By contrast, our benchmark integrates a highly diverse,
teleoperation-collected training set with a multi-level evalua-
tion protocol that systematically increases difficulty through
spatial perturbations, object substitutions, and instruction
rewrites. This approach enables a more faithful and systematic
assessment of VLA models under complex, multi-dimensional
distribution shifts.

III. LIBERO-X BENCHMARK

We introduce LIBERO-X, a comprehensive benchmark de-
signed to advance the evaluation and development of VLA
models for robotic manipulation. LIBERO-X provides not only
a multi-dimensional evaluation framework but also a highly
diverse training dataset tailored to complex environmental
conditions. Specifically, we first describe the training dataset
collected via human teleoperation, which covers extensive
task and scene variations. We then present the multi-level
evaluation framework with fine-grained multi-label metrics,
progressively incorporating spatial, object, and semantic per-
turbations. These dimensions capture the core factors gov-
erning perception, reasoning, and action coupling in VLA-
based robotic manipulation, enabling a systematic assessment
of model generalization and robustness across diverse environ-
mental and task conditions.

A. Evaluation Framework

The LIBERO-X test set employs a multi-level evaluation
framework combined with a fine-grained multi-label system,
forming a two-dimensional assessment design (Figure 2).
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Fig. 2: Overview of LIBERO-X. LIBERO-X provides a high-diversity training dataset constructed through human teleoperation,
along with multi-level and multi-label evaluation data.

Along the vertical axis, the multi-level framework evaluates
models on tasks of progressively increasing difficulty, cre-
ating a curriculum-style, incremental assessment. Along the
horizontal axis, the multi-label system assigns detailed labels
to tasks, enabling fine-grained quantitative analysis. Together,
these two components allow systematic measurement of per-
formance under various perturbations and across diverse tasks
and environments. Table I compares LIBERO-X with other
simulation benchmarks, highlighting its multi-level framework
and fine-grained labeling scheme.

1) Multi-level Evaluation: The vertical axis of the frame-
work implements a multi-level evaluation following a progres-
sive scene design that incrementally increases task and envi-
ronmental complexity across spatial reasoning, object recog-
nition, and instruction understanding. Each level builds upon
the preceding one by superimposing additional perturbations,
ensuring a cumulative assessment of the model’s robustness:

Level 1 - Local Spatial Perturbation: Test scenes closely
resemble the training distribution, with minor variations in
object positions, designed to measure model stability under
small-scale spatial changes.

Level 2 - Extended Spatial Perturbation: Building upon
Level 1, spatial variations are amplified by dynamically adjust-
ing the sampling radius according to object proximity, with a
safety margin to expand layout space. This level assesses the
model’s ability to cope with large-scale positional changes.

Level 3 - Scene Topology Reconstruction: The relative
positions of objects are altered, including swapping targets
with distractors and adding irrelevant objects, to increase
environmental complexity. This stage evaluates task execution
under restructured object relationships and modified scene
configurations.

Level 4 - Visual Attribute Variation: Objects vary in
texture, color, and size; target objects may belong to unseen
categories, and visually similar confounders are introduced.
This level tests the model’s discriminative ability, robustness
to attribute changes, and generalization to unseen objects.

Level 5 - Semantic-Equivalent Reformulation: Instruc-
tions are rephrased while preserving task semantics, includ-
ing synonym replacement (L5-1), word compression (L5-2),
word order adjustment (L5-3), voice conversion (L5-4), and
redundant descriptions (L5-5). This level measures the model’s
ability to generalize across diverse linguistic formulations of
the same task.

2) Multi-label Evaluation: The horizontal axis of the
framework incorporates a fine-grained multi-label evaluation
system. This system enables a detailed, multi-dimensional
analysis of model performance, particularly regarding its abil-
ity to manage fine-grained aspects of task execution. The
multi-label evaluation is organized hierarchically, with each
top-level category further divided into sub-categories (detailed
definitions are provided in the appendix).



TABLE I: Comparison with other simulation benchmarks. Name: Name of each benchmark. Simulator: ManiSkill2 [10],
MuJoCo [30], RLBench [13] and NVIDIA Isaac Sim [25]. Date: Release date. Training Data: Availability of training set.
If provided, indicates automation, indicates manual annotation. Testing Data: Availability of independent testing set.
✓ represents full compliance, ✗ represents non-compliance, and indicates partial compliance. Multi-level Evaluation:
Adoption of multi-level framework. L1: Local Spatial Perturbation, L2: Extended Spatial Perturbation, L3: Scene Topology
Reconstruction, L4: Visual Attribute Variation, and L5: Semantic-Equivalent Reformulation. Multi-label Evaluation: Task
label across multiple dimensions. IT: Interaction Type. SC: Subtask Count. SR: Spatial Relation. OA: Object Attribute.

Name Simulator Date Training Data Testing Data Multi-level Evaluation Multi-label Evaluation

L1 L2 L3 L4 L5 IT SC SR OA

RoboMIND [34] Isaac Sim 2024.12 ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

COLOSSEUM [28] RLBench 2024.05 ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓

AGNOSTOS [39] RLBench 2025.10 ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

GemBench [8] RLBench 2025.03 ✓ ✗ ✗ ✗ ✗ ✗

VLATest [31] Maniskill2 2025.05 ✗ ✓ ✓ ✗ ✗

INT-ACT [6] Maniskill2 2025.06 ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗

RL4VLA [22] Maniskill2 2026.01 ✓ ✓ ✓ ✓ ✗

LIBERO [21] MuJoCo 2023.06 ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

LIBERO-OOD [17] MuJoCo 2025.05 ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

RoboCerebra [11] MuJoCo 2025.06 ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

LIBERO-PRO [40] MuJoCo 2025.10 ✗ ✓ ✗ ✗ ✓

LIBERO-Plus [7] MuJoCo 2025.10 ✓ ✗ ✓ ✗ ✗ ✗ ✗

SafeLIBERO [12] MuJoCo 2025.12 ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

LIBERO-X (Ours) MuJoCo 2026.01 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Interaction Type: This dimension categorizes object in-
teractions into three types: (i) Pick-and-Place, where objects
are grasped and moved to targets; (ii) Switch-based, such as
opening/closing drawers or turning knobs, requiring precise
gripper control; and (iii) Combined, integrating both types and
requiring flexible transitions. It evaluates the model’s ability
to execute diverse manipulation strategies.

Subtask Count: This dimension captures the number of
subtasks required to complete a task, ranging from single-
step to three-step sequences. It assesses the model’s planning,
sequential reasoning, and ability to maintain task coherence
over long-horizon tasks.

Spatial Relation: This dimension characterizes the relative
positions and spatial arrangements of objects within a task.
It evaluates the model’s spatial reasoning and environmental
perception by measuring how effectively it interprets spatial
relationships and their impact on task execution.

Object Attribute: This dimension describes the visual
object properties, including color, size, texture, and other fine-
grained features. It evaluates the model’s ability to recognize
and leverage object attributes to accomplish tasks, emphasizing
the role of precise visual perception in task success.

B. Training Dataset

To mitigate the overfitting risk arising from the limited scene
diversity in the original LIBERO, where each scene is typically
associated with a single task and the collected trajectories
exhibit high similarity, LIBERO-X constructs a training dataset
that better reflects complex environmental variability. Specif-
ically, the dataset consists of 2,520 demonstration trajectories
spanning 600 tasks and 100 scenes, as shown on the left side of
Figure 2. Unlike the original LIBERO [21], which emphasizes
manipulating targets by category thus encourages learning

(a) LIBERO (b) LIBERO-X

Fig. 3: Distribution visualization of training trajectories.

category-specific action patterns, LIBERO-X introduces finer-
grained task-level extensions to expose models to diverse task
formulations and workspace configurations:

• Multi-Task Scene Design: In contrast to LIBERO [21],
which is predominantly composed of single-task scenes,
resulting in an average of 2.6 tasks per scene, our dataset
significantly increases task density to an average of 6
tasks per scene. This design entails multi-object interac-
tions and versatile manipulation skills, requiring models
to adapt their manipulation strategies under identical
visual and physical conditions.

• Attribute-Conditioned Manipulation: Actions are ex-
plicitly conditioned on fine-grained object properties
(e.g., size, color, texture) rather than broad categories.
To rigorously test perceptual grounding, scenes include
distractor objects with similar attributes, requiring the
model to distinguish the target amidst visual ambiguity.

• Spatial Relationship Reasoning: Tasks extend beyond
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(a) Kitchen scene. Task instruction: Place the green bowl to the right of the bowl drainer.
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(b) Study scene. Task instruction: Place the right black book into the desk caddy’s left compartment.

Fig. 4: Practical examples from the LIBERO-X training dataset.

target localization to require understanding and reason-
ing about spatial relationships among objects, including
left/right, front/back, and near/far.

With this training setup, the model is encouraged to learn the
composable semantic correspondence between target objects
and their language descriptions, rather than relying on template
instructions or fixed scene structures to make “memorized”
decisions. By increasing the diversity of tasks and scenes at
the data source, LIBERO-X raises the upper bound of model
performance, allowing models to truly acquire generalizable
manipulation strategies. As a result, performance variations
observed across subsequent LIBERO-X test levels more faith-
fully reflect the model’s transferability and robustness in
dynamic environments.

1) Training Trajectory Collection: The trajectories were
collected via VR teleoperation using a Meta Quest 3 in Mu-
JoCo [30], facilitated by LeRobot [4]. During data collection,
strict protocols were followed: state-action sequences were
recorded at 20 Hz, where the state included the 6D Cartesian
pose of the end effector and the gripper open/close status,
and actions consisted of Cartesian increments and gripper
commands. Multi-view images (third-person and hand-eye),
were rendered by rolling out these recorded actions. To ensure
quality, trajectories with noticeable pauses or non-optimal
paths were discarded, retaining only smooth and successful
demonstrations. As shown in Figure 3, heatmaps visualize the
trajectory distributions, where brighter regions correspond to
areas with higher trajectory density. Comparing with LIBERO,
LIBERO-X exhibits a broader spread and higher trajectory
density, demonstrating its greater diversity.

2) Example Training Demonstrations: The training dataset
is built upon Kitchen and Study base scenes. By integrating
diverse object categories, we created 100 scenarios encompass-
ing 600 distinct tasks. These tasks cover object types, ranging

from rigid to articulated objects, and include multi-object and
attribute-conditioned interactions. Representative examples are
illustrated in Figure 4.

IV. EXPERIMENTS

A. Experimental setup

We selected five representative models for evaluation:
OpenVLA-OFT [15], X-VLA [38], GR00T-N1.5 [1], π0 [3]
and π0.5 [2]. Architecturally, these methods share a unified
paradigm where a VLM backbone is utilized to extract la-
tent representations from visual observations and language
instructions, followed by an action head to generate the control
sequences. All models were evaluated using their official
configurations. Specifically, we employed a behavior cloning
approach by performing supervised fine-tuning (SFT) on our
self-collected training dataset. Detailed configurations for each
model are listed in the appendix. To ensure reproducibility,
we recorded the initial state configurations, including the
placement and status of all objects, to guarantee consistent
starting conditions across runs. Each task was evaluated over
10 trials with slight spatial perturbations applied to object
positions during rollouts, following the LIBERO benchmark
protocol [21]. Furthermore, the task time limit was dynam-
ically set to 1.1 times the average human completion time,
scaling with task difficulty. This temporal buffer accounts
for minor deviations in execution speed, such as a model
approaching a target more slowly than a human demonstrator,
thereby preventing the unfair penalization of near-complete
trajectories while maintaining realistic evaluation standards.

B. Multi-level Evaluation

Table II summarizes the evaluation results of the models un-
der the multi-level framework. Notably, in contrast to the near-
saturated performance (often ∼90%) [7, 40] in LIBERO [21],



TABLE II: Success Rates under Multi-level Evaluation.
∗ denotes the model fine-tuned with LIBERO-Plus [7].

Model LEVEL 1 LEVEL 2 LEVEL 3 LEVEL 4 LEVEL 5

OpenVLA-OFT* 0.9 0.6 0.2 0.1 0.0
OpenVLA-OFT 29.0 17.6 8.8 6.4 4.2

π0 29.4 21.9 11.0 7.6 5.1
X-VLA 30.1 22.6 10.3 6.0 4.1

GR00T1.5 43.3 32.9 18.7 13.3 9.7
π0.5 65.2 53.2 36.0 24.1 18.0

9.8

12.7

5.5

3.2

Fig. 5: Success Rate Decline across Multi-level Evaluation.

our benchmark prevents metric saturation through richer train-
ing diversity and multi-level test shifts, yielding a broader
performance spread (4%∼65% success rates) that more clearly
differentiates model capabilities. At Level 1, which involves
only minor spatial perturbations relative to the training set,
the average success rate across the five models is merely
39.4%, with even the top-performing π0.5 capped at 65.2%.
This sharp contrast not only underscores the challenging nature
of our benchmark but also exposes the limitations of existing
evaluation systems, where performance saturation often masks
true model differences.

This limitation is further exemplified by the failure of data
scaling alone to improve generalization. Specifically, fine-
tuning OpenVLA-OFT on LIBERO-Plus, despite its much
larger trajectory volume (20,000+ vs. 2,520) and shared simu-
lation environment, yields near-zero performance on LIBERO-
X test sets. The root cause lies in trajectory diversity. LIBERO-
Plus reuses LIBERO trajectories and thus inherits their narrow
distribution (Figure 3), whereas LIBERO-X leverages human
teleoperation to generate significantly more diverse trajec-
tories, scenes, and tasks. Consequently, models trained on
LIBERO-X achieve substantially higher performance, demon-
strating that trajectory diversity not merely data quantity is the
key driver of robust generalization.

Despite the overall difficulty, π0.5 maintains the most robust
generalization across all levels. We attribute this robustness
to its joint training strategy, which effectively incorporates
pre-training on the Internet-scale data and sub-task planning.
However, for all models, a significant downward trend is
observed as task complexity increases. With the introduction
of spatial, object-level, and semantic variations from Level 1 to
Level 5, the models exhibit an average performance decline of

31.2%. These results highlight the increasing difficulty of the
tasks and provide insights into the models’ sensitivity to high-
level perturbations. Based on these quantitative evaluations,
we summarize our key findings as follows:

Finding 1: VLA models struggle with spatial extrapola-
tion beyond training distributions. While models maintain
reasonable performance under minor jitters (Level 1), the
transition to Level 2, characterized by larger spatial shifts,
triggers a notable 9.8% drop in average success rate (Figure 5).
This decline suggests that current VLM-based policies tend to
overfit to the specific spatial configurations in the training data,
relying on memorized pixel-level patterns rather than acquiring
a robust spatial understanding. Consequently, performance
degrades significantly when targets are extrapolated to out-
of-distribution positions.

Finding 2: Structural invariance is lacking when facing
topological perturbations. Beyond mere coordinate shifts,
Level 3 challenges the models’ understanding of scene topol-
ogy by altering the relative arrangement of objects (e.g.,
swapping positions). Crucially, as shown in Figure 5, this
level witnesses the most substantial performance degradation
of 12.7%, indicating that models lack structural invariance.
They struggle to adapt to new scene layouts where the se-
mantic relationships between objects remain valid but their
topological organization has been reconstructed, highlighting
a failure in reasoning about relative spatial relations.

TABLE III: Level 4 Accuracy - Overall, Unseen Objects
(UO), and Confounding Objects (CO).

Category OpenVLA-OFT π0 X-VLA GR00T1.5 π0.5

Overall 6.4 7.6 6.0 13.3 24.1
UO 0.8 1.1 0.8 2.1 7.2
CO 8.6 9.6 7.5 16.9 28.9

Finding 3: Data diversity enables emergent generaliza-
tion, though semantic grounding for novel objects remains
a bottleneck. While models trained on standard datasets
typically fail on out-of-distribution tasks [21], our diversified
LIBERO-X dataset enables the model to maintain non-zero
success rates, suggesting that diversity helps mitigate overfit-
ting to specific training scenes. However, a closer inspection
of Table III reveals a significant performance gap: success
rates on confounding objects are notably higher than those
on unseen objects. This disparity indicates that while the
model gains robustness against visual distractions, it still
struggles to ground instructions to novel visual concepts. The
lower performance on unseen objects suggests that despite
the VLM’s capabilities, the alignment between pre-trained
representations and the control policy remains imperfect for
handling unfamiliar visual features.

Finding 4: Language instruction variations can influence
model performance. Table IV reveals a modest 3.26% drop in
success rate from Level 4 to Level 5, indicating that phrasing
changes affect execution. Crucially, voice conversion proved to
be the least disruptive variation, achieving the highest success
rate among all rephrasing methods. This implies that the model
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Fig. 6: Multi-label Evaluation. denotes π0.5, GR00T1.5, π0, X-VLA, and OpenVLA-OFT.

Fig. 7: Impact of Time Factor Thresholds on Success Rate. The x-axis displays time factor multipliers relative to the manual
standard, where ∞ denotes an unbounded threshold.

TABLE IV: Level 5 Accuracy - Overall and by Semantic
Equivalence Reconstruction Method.

Category OpenVLA-OFT π0 X-VLA GR00T1.5 π0.5

Overall 4.2 5.1 4.1 9.7 18.0
5-1 (Synonym) 5.1 3.9 4.3 8.7 18.0
5-2 (Concise) 5.0 5.0 4.2 8.3 14.6
5-3 (Reorder) 4.4 5.1 3.0 8.4 18.0
5-4 (Voice) 5.2 7.5 5.1 10.8 19.6
5-5 (Verbose) 1.2 4.2 3.9 12.5 19.6

maintains better alignment with instructions under syntactic
voice shifts compared to other forms of linguistic conversion.

C. Multi-label Evaluation

Figure 6 visualizes success rates for task labels across
five levels. Macroscopically, the progressive shrinking of the
enclosed area from Level 1 to 5 illustrates general performance
degradation due to escalating complexity. Crucially, we ob-
serve a consistent alignment in performance patterns. Within
the same level, methods exhibit synchronized variations; di-
mensions challenging for one model tend to be universally
difficult, reflecting inherent task difficulty. Furthermore, across
levels, the relative performance hierarchy remains stable. The
degradation manifests as a proportional contraction, where
models maintain comparative strengths and weaknesses even
as absolute success rates decline.

Finding 5: Task horizon length critically limits per-
formance. As illustrated by the “Subtask Count” category
(orange axes ), models perform best on single-step tasks
but degrade sharply as sequence length increases, dropping
to near zero for tasks with three or more steps. Notably, for
tasks requiring three or more steps, success rates for nearly all
models drop sharply toward zero. This non-linear performance

drop-off suggests that current VLA models struggle with the
compounding errors inherent in sequential manipulation. It re-
veals a fundamental deficiency in long-horizon reasoning and
temporal consistency, where models fail to maintain precise
execution over extended periods. Consequently, future research
must prioritize error mitigation and long-term planning to
enable robust multi-step manipulation.

D. Time Limit Threshold Differences Evaluation

Figure 7 illustrates the impact of time limits set relative to
the manual standard, which is defined as the average duration
of human demonstration. For instance, by applying multipliers
such as 0.8 (stringent) and 1.5 (relaxed) to this baseline, we
evaluate the model’s adaptability to varying temporal pressures
ranging from 0.8 to 1.5 times the human average.

Finding 6: Relaxed time limits buffer execution im-
perfections, though benefits diminish beyond a saturation
point. As shown in Figure 7, stringent constraints (0.8×)
severely penalize performance. We attribute this to inevitable
inference or control errors that result in deviations from the
optimal trajectory, rendering most task completion impossible
under tight deadlines. Conversely, extending limits yields sub-
stantial gains, particularly between 1.0× and 1.1×, justifying
our default selection of 1.1×. We avoid excessive limits (e.g.,
1.5× or beyond) to prevent success via brute-force trial-
and-error. Nevertheless, performance plateaus beyond 1.3×,
suggesting that remaining failures arise from fundamental
capability deficits like perceptual hallucinations or logic errors
rather than temporal insufficiency, thus further time extension
cannot compensate for these intrinsic limitations.



V. CONCLUSION

This work introduces LIBERO-X, a comprehensive bench-
mark for evaluating vision–language–action models under
realistic, multi-dimensional distribution shifts. By combining
a hierarchically structured evaluation protocol with a high-
diversity teleoperation-based training dataset, LIBERO-X en-
ables systematic analysis of model generalization across spa-
tial layouts, object attributes, and task semantics. Experimental
results reveal significant performance degradation as complex-
ity increases, exposing limitations in scene understanding and
instruction grounding. Overall, LIBERO-X provides a more
faithful and rigorous framework for assessing VLA models
and guiding future research toward robust robotic deployment.
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