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Figure 1. Overview of the VLA-Arena Benchmark and Framework. The VLA-Arena is an open-source framework for comprehensive
evaluation of VLA models. (a) Structured Task Design: Span four key dimensions: , , , and ,
covering 11 task suites with three difficulty levels (LO-L2), totaling 170 tasks. (b) Robustness Evaluation via Perturbation: Test
robustness using systematic perturbations in both modalities: language command perturbations via semantically informed WordNet-based
replacements, and visual observation perturbations through controlled environmental variations. (¢) Open-source Framework for VL A-
Arena: Build scenes declaratively and use the unified toolchain for data collection, processing, training, and evaluation of VLA models,
supported by tutorials, advanced tools, rich documentation, and open-source datasets.

Abstract benchmark called VLA-Arena. We propose a novel struc-
tured task design framework to quantify difficulty across
three orthogonal axes: (1) Task Structure, (2) Language
Command, and (3) Visual Observation. This allows us to
systematically design tasks with fine-grained difficulty lev-
els, enabling a precise measurement of model capability

While Vision-Language-Action models (VLAs) are rapidly
advancing towards generalist robot policies, it remains dif-
ficult to quantitatively understand their limits and failure
modes. To address this, we introduce a comprehensive



frontiers. For Task Structure, VLA-Arena’s 170 tasks are
grouped into four dimensions: Safety, Distractor, Extrap-
olation, and Long Horizon. Each task is designed with
three difficulty levels (LO-L2), with fine-tuning performed
exclusively on LO to test for extrapolation. Orthogonal to
this, language (W0-W4) and visual (V0-V4) perturbations
can be applied to any task to enable a decoupled analysis
of robustness. Our extensive evaluation of state-of-the-art
VLAs reveals several critical limitations, including a strong
tendency toward memorization over generalization, asym-
metric robustness, a lack of consideration for safety con-
straints, and an inability to compose learned skills for long-
horizon tasks. To foster research addressing these chal-
lenges and ensure reproducibility, we provide the complete
VLA-Arena framework, including an end-to-end toolchain
from task definition to automated evaluation and the VLA-
Arena-S/M/L datasets for fine-tuning.

1. Introduction

Vision-Language-Action models (VLAs) aim to build gen-
eralist robot control policies [2, 20, 22, 30, 37, 46]. Progress
in VLAs is driven by advances in architecture design
[1, 17, 21, 39, 50], large-scale data collection [28], and
post-training techniques [3, 5, 10, 12, 14, 34, 43]. This
has led to an expanding range of capabilities, including
cross-embodiment generalization [4, 7], cross-scene gener-
alization [ 1], dexterous manipulation [47], instruction fol-
lowing [36], long-horizon manipulation [18, 31], reasoning
[44, 49], and spatial perception [6, 45]. While VLAs have
progressed rapidly, their specific capability boundaries, lim-
itations, and failure modes remain poorly understood.

How can we understand not just if a model succeeds, but
how it fails?

Due to limitations in scale and reproducibility caused by
hardware variability and operational overhead, simulation
has become an effective tool for standardized and scalable
research [16, 19, 26, 27, 38, 42]. A number of simulation
benchmarks have been proposed to standardize robot learn-
ing research. Early influential works like RLBench [13] and
BEHAVIOR [33] provided a wide variety of manipulation
and household tasks, establishing a broad testbed for pol-
icy evaluation. CALVIN [24] specifically focused on long-
horizon tasks, requiring agents to compose sequences of
skills. More recently, benchmarks such as LIBERO [19]
and VLABench [41] were designed to better align with
the capabilities of foundation models, emphasizing lifelong
learning and the use of world knowledge, respectively. Re-
cent works like LIBERO-Plus [8] and LIBERO-PRO [48]
have focused on assessing perceptual robustness of VLAs.
However, existing benchmarks suffer from several limita-
tions. Static task design: Tasks are often defined at a single,

fixed level of complexity. This flat design prevents a fine-
grained analysis of how a model’s performance degrades as
specific challenges are amplified, making it difficult to iden-
tify its precise capability boundaries. Overlooked safety:
Situated in idealized environments, previous works do not
address the safety constraints that are non-negotiable for
real-world deployment [35, 40]. Focus on robustness, not
extrapolation: The evaluation of model robustness focuses
on measuring a model’s resilience to perceptual or linguistic
noise on trained tasks. This focus overlooks skill extrapola-
tion, the ability to generalize reasoning and planning skills
to solve tasks with a more complex structure than those seen
during training. Thus, a comprehensive understanding of
VLA models’ capability frontiers is essential.

To address this challenge, we propose VLA-Arena, a
comprehensive and accessible benchmark for evaluating
VLA models. VLA-Arena moves beyond a static collec-
tion of tasks by introducing a structured task design where
difficulty is quantified across three orthogonal axes: task
structure, language command, and visual observation.
Through this systematic approach, our evaluation provides
a clear map of the critical limitations and failure modes of
current VLA models. To foster research aimed at address-
ing these identified gaps and to ensure reproducibility, we
also provide a complete end-to-end toolchain from task def-
inition to evaluation, helping to accelerate future research.

Our contributions are summarized as follows:

* Benchmark. We introduce VLA-Arena, a comprehen-
sive benchmark for evaluating VLA models. Its design
enables systematic difficulty control across three orthog-
onal axes. The task structure axis comprises 170 tasks
organized into 11 distinct suites, which are grouped by
their core challenge into four dimensions (i.e., Safety,
Extrapolation, Distractor, and Long Horizon), each with
three difficulty levels (LO-L2). Orthogonal to this, the
task-independent language command (W0-W4) and vi-
sual observation (V0-V4) axes introduce graded per-
turbations to any task for decoupled analysis. The en-
tire benchmark is formally defined in our constrained be-
havior domain definition language (CBDDL) to precisely
identify the frontiers of model performance.

* Findings. Conducting an extensive study on VLA-Arena
with leading models from the two dominant architec-
tural paradigms: autoregressive and continuous action
generation, our analysis surfaces three critical findings:
(D) a reliance on memorization instead of generalization,
where models excel on training tasks but fail on simple
variations, indicating memorizing configurations rather
than learning generalizable skills; (II) an asymmetric ro-
bustness, where models are relatively robust to language
perturbations in most scenarios, which contrasts with
their more general vulnerability to visual perturbations;
and (IIT) a safety-performance trade-off, where no model



achieves both high performance and high safety, exposing
a major gap for real-world deployment ignored by exist-
ing benchmarks and models.

e Framework and Open Source. We release a complete
toolchain for the full pipeline from scene modeling to
evaluation and provide the VLA-Arena-S/M/L datasets
for standardized fine-tuning and fair comparisons.

2. Structured Task Design

To quantitatively measure the capability frontiers of VLA
models, we propose structured task design. This struc-
ture allows us to design tasks with a quantifiable and inter-
pretable difficulty gradient, enabling the precise assessment
of different aspects of a model’s ability. As shown in Figure
1, the design is instantiated through three core axes: task
structure, language command, and visual observation.

2.1. Task Structure: Beyond Memorization

The first axis of our design measures a task’s inherent diffi-
culty, defined by its distance from the training distribution,
which is determined by structural composition, scene vari-
ation and constraint complexity.

Constrained BDDL. We use constrained BDDL (CB-
DDL), our extension of BDDL [33], which improves upon
BDDL by incorporating two key features: the ability to de-
fine dynamic objects and a formal syntax for specifying
safety constraints. These enhancements enable the design
of tasks for testing the ability to operate safely and effec-

tively in dynamic environments (details in Appendix § 7).

Benchmark tasks are organized into three levels:

¢ Level 0 (L0) In-Distribution Skills: LO tasks establish a
baseline for model competence by replicating the training
distribution. They feature direct instructions, familiar ob-
ject configurations, and minimal environmental or plan-
ning challenges, representing well-practiced scenarios.

¢ Level 1 (L1) Near-Distribution Generalization: L1 as-
sesses near-distribution generalization through controlled
variations designed to test for transferable representations
over memorized patterns. These variations include: (i)
Quantitative scaling (e.g., multiple objects); (ii) New in-
stances of the same object category with an unchanged
task structure; (iii) Novel compositions of familiar con-
cepts; (iv) Perceptual distractors or moderate environ-
mental complexity; and (v) Simple safety constraints
(e.g., avoiding single designated no-go zones).

e Level 2 (L2) Far-Distribution Challenges: L2 tasks rep-
resent significant distribution shifts requiring robust adap-
tation and complex reasoning. L2 challenges include:
(i) Structurally different workflows, including novel se-
quencing and multiple interdependent sub-goals; (ii) Un-
conventional object arrangements violating learned af-
fordances; (iii) Dense environmental complexity (e.g.,

numerous distractors or dynamic obstacles); (iv) Strict
safety constraints (e.g., precise state preservation); and
(v) Completely novel object categories. Success demands
compositional understanding, long-horizon planning, and
applying learned skills to unfamiliar contexts.

2.2. Language Command: Semantic Grounding

The second axis isolates language understanding by intro-
ducing a controlled gradient of language perturbation, while
the task structure remains unchanged.

Principled Word Substitution. Instead of random re-
placement or rephrase, we principally identify semantically
close words via WordNets [23, 25]. Specifically, we con-
sider words to be viable substitutes if their synsets are con-
nected by a shortest path length of 1 in the word graph. This
typically includes direct synonyms (e.g., put and place)
or immediate hypernyms and hyponyms, ensuring the gen-
erated commands remain natural and coherent. We define a
typical command structure as containing a set of key, substi-
tutable semantic slots. The linguistic difficulty level is then
defined simply as the number of semantic slots in which the
original word has been substituted (see Appendix § 8 for
more details):

* Level 0 (W0) Original Instruction: The original com-
mand. (e.g., Pick up the apple and put it on the bowl)

* Level 1 (W1) Single Substitution: One slot is replaced.
(e.g., Pick up the eating apple and put it on the
bowl.)

e Level 2 (W2) Double Substitution: Two slots are re-
placed. (e.g., Pick up the eating apple and put it on
the vessel.)

* Level 3 (W3) Triple Substitution: Three slots are re-
placed. (e.g., Select the eating apple and put it
on the vessel.)

* Level 4 (W4) Quadruple Substitution: Four slots are
replaced. (e.g., Select the eating apple and set
it on the vessel.)

2.3. Visual Observation: Perceptual Change

The third axis assesses visual robustness using a cumulative
hierarchy of visual perturbations. Each level adds a new
visual challenge to the previous ones, progressing from nat-
ural variations to severe, deliberate degradations.

A Cumulative Hierarchy of Visual Difficulty. We define
five distinct visual levels. This structure allows for a clear
diagnosis of a model’s breaking point.

e Level 0 (V0) Canonical View: Canonical scene with
neutral lighting, standard colors, canonical camera pose.

* Level 1 (V1) Lighting Variation: This level introduces
perturbations to the visual perception by randomizing the
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Table 1. Performance Evaluation of VLA Models on the VLA-Arena Benchmark. We compare six models across four dimensions:

s s ,and . Performance trends over three difficulty levels (L0-L2) are shown as sparklines with a
unified y-axis (0.0-1.0) for cross-model comparison. Safety tasks report both cumulative cost (CC, above each sparkline) and success rate
(SR, below each sparkline), while other tasks report only SR. Bold numbers mark the highest CC or SR per difficulty level. ® and ® denote

each model’s maximum and minimum SR values. L0 L1 L2

brightness, contrast, saturation, and temperature of the
image. V1 = VO + lighting perturbations.

* Level 2 (V2) Appearance Color: Building on lighting
changes, this level perturbs scene properties by random-
izing the colors of all objects. This compels the model
to generalize beyond the specific visual appearances en-
countered in VO. V2 = V1 + object color perturbations.

e Level 3 (V3) Viewpoint Offset: This level introduces
variations in the camera’s extrinsic properties by random-

= SR cC

izing camera’s positions within a defined volume around
the workspace. V3 = V2 + camera position perturbations.
Level 4 (V4) Visual Noise: The final level tests the
model’s resilience to imperfect sensor data by injecting
Gaussian noise directly into the image observations. V4
= V3 + visual noise perturbations.
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Figure 2. Performance Degradation of VLA Models under Language and Visual Perturbations. Robustness is evaluated along two
orthogonal axes: language perturbations (W0-W4) with increasingly strong semantic substitutions and visual perturbations (VO-V4) with
cumulative perceptual distortions. Each plot shows the success rate across all perturbation levels for models.

3. Task Suites in VLA-Arena

Built upon the structured task design, VLA-Arena is a
comprehensive benchmark organized into four dimensions,
whose overview is provided in Figure 1. Each dimension
contains suites of tasks specifically designed to test a spe-
cific capability, such as Safety or Long Horizon (details in
Appendix § 9). The difficulty within these tasks is overall
controlled by our three orthogonal axes.

Safety. This dimension evaluates the model’s ability to
not only complete its primary objective but to do so while
adhering to safety constraints, a critical requirement for
real-world deployment. The focus is on risk-aware motion
planning and the ability to comprehend and act on implicit
or explicit constraints. The primary task goal (e.g., pick up
the cup) often remains simple. The difficulty is escalated by
introducing increasingly complex safety requirements:

e StaticObstacles: This suite evaluates the capacity of
collision-free motion planning in cluttered environments.
The agent must manipulate objects while avoiding fragile
static obstacles. Difficulty scales from an unobstructed
workspace (L0O) to environments with one (L1) or two
(L2) obstacles, require complex trajectory planning.

* CautiousGrasp: This suite assesses the understanding
of object affordances and contact safety by requiring it
to grasp dangerous implements by their handles while
avoiding hazardous parts. Difficulty scales from simple
pick-and-place (LO0), to tasks demanding longer trajecto-

ries for reorientation (L1), and finally to scenarios requir-
ing gripper rotations to safely achieve target poses (L2).

» HazardAvoidance: This suite assesses the ability to plan
trajectories that avoid environmental hazards during ma-
nipulation, such as lit candle. Difficulty scales with haz-
ard proximity, from hazards located away from the path
(LO), to adjacent to it (L1), and finally obstructing the di-
rect route, necessitating significant deviation (L2).

» StatePreservation: This suite assesses the ability to
maintain the internal state of manipulated objects, an es-
sential skill for handling containers. Tasks involve relo-
cating a container while preserving contents by prevent-
ing spillage. Difficulty scales with the container’s fill
level, from empty (LO) to half-filled (L1) and full (L2),
which requires smoother and more stable manipulation.

* DynamicObstacles: This suite evaluates the capacity of
real-time collision avoidance in dynamic environments.
Models must complete manipulations while forecasting
and circumventing moving obstacles. Difficulty scales
from a stationary object (L0), processing to one with lin-
ear motion (L1), and finally to two obstacles following
complex, curved trajectories (L2), testing the model’s ca-
pacity for dynamic risk assessment.

Distractor. This dimension measures the model’s re-
silience to the environmental changes inherent in real-world
settings. It evaluates the ability to maintain performance
when facing challenges like cluttered scenes and dynamic
distractors that diverge from the training conditions:



« StaticDistractors: This suite tests the ability to identify
and manipulate target objects within a cluttered scene.
Difficulty scales with the density of distractors, from an
unobstructed target (LO), to a few distractors with simi-
lar visual properties (L1), and culminating in a densely
cluttered environment with varied distractors (L2).

* DynamicDistractors: This suite assesses the ability to
maintain focus and adapt its motion to manipulate target
objects in a non-static environment, testing reactivity and
capacity to filter out irrelevant motion cues. Difficulty
scales with the complexity of the distractors’ motion, pro-
gressing from a stationary object (L0), to a single distrac-
tor with a linear trajectory (L1), and finally to more dis-
tractors with complex, curved paths (L2).

Extrapolation. This dimension is the core test of the
model’s ability to adapt to novel situations without addi-
tional training, a key indicator of its potential as a general-
purpose agent. We assess this capability across three dis-
tinct aspects of generalization, from compositional under-
standing to zero-shot object recognition:

* PrepositionCombinations: This suite evaluates the com-
positional understanding of spatial relationships by test-
ing novel pairings of objects and prepositions not seen
during training. Difficulty scales from testing on familiar
combinations (L0), to instructions pairing known objects
with novel spatial relations (L1), and to applying these
relations within a new scene configuration (L2).

» TaskWorkflows: This suite evaluates the ability of com-
positional reasoning by requiring models to execute novel
workflows composed of known skills. Difficulty scales by
systematically reconfiguring object-destination pairings,
from canonical associations (LO), to swapping object des-
tinations (L 1), and finally to re-assigning manipulable ob-
jects to serve as targets themselves (L2).

* UnseenObjects: This suite assesses the ability of zero-
shot generalization. Specifically, the model is instructed
to manipulate objects from known semantic categories
(e.g., mug, bottle) butis presented with 3D assets (i.e.,
meshes and textures) and object categories it has never
encountered during training. Difficulty scales from famil-
iar objects (L0), to unseen instances of known categories
(L1), and finally to entirely new objects (L2).

Long Horizon. The Long Horizon dimension evaluates
the model’s capacity fo multi-step planning and temporal
composition by requiring models to chain previously mas-
tered atomic skills. Models are first trained on a vocabulary
of foundational skills (L.O). L1 tasks require composing two
such skills, while L2 demands complex workflows of more
skills with interdependencies, such as opening a drawer,
placing an object inside, and then closing it. This hierar-
chical design tests for compositional problem-solving.

4. Experiments

We evaluate a diverse set of state-of-the-art VLA models to
measure their performance.

4.1. Experimental Setup

Baseline Models. We evaluate our method against a di-
verse set of baseline VLAs. Autoregressive VLAs: Open-
VLA [14] tokenizes continuous actions into discrete bins
per timestep. UniVLA [4] predicts task-centric latent to-
kens, moving away from low-level control signals. g-
FAST [29] advances action tokenization with the FAST
compression tokenizer for high-frequency tasks. Continu-
ous Action Generation VLAs: g [1] uses a flow-matching
expert on a VLM backbone to generate continuous, high-
frequency actions. OpenVLA-OFT [15] improves Open-
VLA with a regression head for faster inference and fine-
tuning. SmolVLA [32] is a lightweight, efficient ver-
sion deployable on consumer-grade hardware (more details
about the models can be found in Appendix § 10).

Evaluation Metrics. To provide a comprehensive assess-
ment of model capabilities, We employ two primary met-
rics. The first is the success rate (SR), calculated as the av-
erage binary success measure over 20 evaluation episodes.
The second is the cumulative cost (CC), which is used ex-
clusively for the Safety dimension to quantify the sever-
ity and frequency of safety violations. For a trajectory
7 of length L and K distinct types of safety constraints,
the CC is calculated as the total cost incurred: CC(7) =
Zszl Zth_Ol ck(st, ar), where ci(s¢,ar) is the cost func-
tion that returns a positive value if the k-th safety constraint
is violated given the state s; and action a, at timestep ¢, and
0 otherwise (see details in Appendix § 10).

Training Datasets. To ensure standardized fine-tuning
and fair comparisons, we introduce curated datasets derived
from human demonstrations. The datasets are categorized
by task level (LO or L1) and size (Small with 10, Medium
with 30, and Large with 50 trajectories per task). All exper-
iments in this paper use the VLA-Arena-LO-L dataset (see
details in Appendix § 11).

4.2. Main Results

Overall Performance Comparison. Our cross-model
analysis on VLA-Arena reveals two trends that character-
ize the current state of VLA models. First, models exhibit
a strong tendency to overfit to the in-distribution LO tasks
on which they are fine-tuned. This leads to a significant and
even catastrophic performance degradation when faced with
near-distribution and far-distribution challenges across all
dimensions. Second, models demonstrate imbalanced capa-
bilities, with performance varying drastically depending on



the nature of the challenge. For instance, we observe a clear
asymmetry in robustness to different types of perturbations
and a lack of consideration for safety constraints. In Ta-
ble 1, a cross-model comparison indicates that 7y generally
outperforms the other architectures. However, it is crucial
to note that these are relative differences. The trends of a
sharp performance degradation on out-of-distribution tasks
and imbalanced capabilities, such as the safety-performance
trade-off, are remarkably consistent across all evaluated
models, regardless of whether they are autoregressive or
continuous-action based.

Decoupled Analysis of Robustness. In Figure 2, we an-
alyze the impact of language and visual perturbations on
model performance. A primary observation is that models
are generally more sensitive to visual perturbations than to
language perturbations. Most models exhibit a relatively
high and undifferentiated robustness to language perturba-
tions, suggesting a general insensitivity to the instruction’s
specific phrasing. This trend is broken only in the Un-
seenObjects suite, where performance is highly sensitive to
language. This is consistent with the suite’s design, which
requires precise semantic grounding to identify the correct
object, making linguistic accuracy essential. In contrast, vi-
sual perturbations cause a more significant and varied per-
formance drop. Within the visual domain, models gener-
ally show some resilience to lighting (V1) and color (V2)
changes, but performance degrades more significantly with
viewpoint shifts (V3) and is most severely impacted by
sensor noise (V4). Here, we observe a clear architectural
advantage: my and OpenVLA-OFT demonstrate markedly
stronger visual robustness, maintaining some functionality
even at the highest noise level (V4), a capability potentially
linked to their use of two input images.

Safety-Performance Trade-Off. A critical finding from
the Safety dimension is that current VLAs largely fail to in-
tegrate safety constraints into their policies, especially when
facing novel L1 and L2 scenarios. Models frequently ex-
hibit unsafe behaviors, leading to high cumulative cost (CC)
values. In Table 1 (Safety), on the HazardAvoidance L2
task, the costs for OpenVLA and OpenVLA-OFT reached
as high as 15.73 and 14.71, respectively. This demonstrates
a failure to recognize and act upon visual information re-
lated to safety risk. Furthermore, we observe a clear and
concerning trade-off between task success and safety ad-
herence. Models that achieve a non-trivial success rate on
difficult L2 tasks often do so by incurring a high CC. For
example, UniVLA achieved a 54% SR on StatePreserva-
tion L2 but at a cost of 16.4. Conversely, some models ex-
hibit low costs simply because they fail to act meaningfully
in challenging scenes, resulting in a near-zero success rate
(e.g., mo had only a 0 SR and a 0.5 CC on CautiousGrasp

B w/ Correct Language Instruction
w/ Wrong Language Instruction
| M w/o Language Instruction

Success Rate

VLA-Arena (Ours)

LIBERO
Benchmark

Figure 3. Impact of Language Instruction on Model Perfor-
mance Across VLA-Arena and LIBERO Benchmarks.

L2). This indicates that when a learned task objective from
LO conflicts with a novel safety risk, models invariably de-
fault to pursuing the task objective at the expense of safety.

Static Distractors vs. Dynamic Distractors. Our evalu-
ation reveals a discrepancy in how models handle different
types of distractors. Models are highly susceptible to static
distractors. In Table 1 (Distractors), we find that all models
exhibit a sharp collapse in performance on StaticDistractors
L1. The success rates of OpenVLA-OFT and SmolVLA
drop to 0%, while even the best-performing models, mg-
FAST and OpenVLA, lose the majority of their LO perfor-
mance. This highlights a critical failure in selective atten-
tion when the scene is cluttered. Models show compara-
tively better resilience to dynamic distractors. In the Dy-
namicDistractors suite, the performance decay at L1 is more
graceful. For instance, 7y maintains a 70% SR, while Open-
VLA and UniVLA also sustain over 50% performance. The
superior robustness of a model like 9 might be attributed
to its larger pre-training dataset, which likely included more
diverse and dynamic scenes.

Fragility to Semantic Extrapolation. The models’ abil-
ity to generalize from linguistic commands is exception-
ally limited. In Table 1 (Extrapolation), the success rate
for nearly all models in the PrepositionCombinations and
TaskWorkflows suites drops sharply to near-zero at L1 and
L2. This suggests that models fail to learn abstract spa-
tial concepts like on or in, or the semantic correspondence
between a linguistic token for an object A and its physical
instance. Instead, they appear to memorize the specific A
on B configurations seen during LO training. UniVLA is a



H StaticObstacles ‘DynamicDistractors‘ UnseenObjects

Model(mo) || LO | L1 | L2 | Lo | LI | L2 | LO | L1 | L2
+L0 0.92 ] 036 | 038|094 | 064 | 0.16 | 0.86 | 0.64 | 0.16
+LO&L1 || 1.00 | 0.90 | 0.40 | 0.80 | 0.94 | 0.32 | 0.82 | 0.98 | 0.02
+L0* 0.98 | 0.74 | 032 | 078 | 0.70 | 0.18 | 0.80 | 0.52 | 0.04

Table 2. Impact of Data Diversity on Model Performance. +L0
represents training on focused LO data within these three task
suites; +LO&L1 on LO and L1 data from the same three suites;
and +L0* on a dataset encompassing all LO-level tasks.

notable exception, showing a faint signal of generalization
on L2 of the TaskWorkflows suite, a capability potentially
attributable to its world model pre-training paradigm.

Moderate Visual vs. Poor Semantic Extrapolation. In
contrast to their semantic fragility, models show better gen-
eralization to visual diversity, but only for familiar object
categories. In Table 1 (Extrapolation), the UnseenOb-
jects suite shows that top-performing models like 7y and
OpenVLA experience a moderate performance decay at L1,
where they encounter novel instances of known object cate-
gories. However, performance collapses catastrophically at
L2 when tasked with manipulating objects from similar but
unseen categories (e.g., OpenVLA drops from 60% to 0%;
o drops from 52% to 4%). This disparity suggests that
models are not leveraging a deep semantic understanding
of object categories, but are instead mechanically mapping
language tokens to low-level visual features for grasping.

Semantic Understanding vs. Language Perturbation.
Our analysis reveals a critical disparity: while models of-
ten appear robust to syntactic language perturbations, they
are fragile to semantic extrapolation. This suggests their
apparent robustness is not genuine resilience but a form of
insensitivity, as models tend to default to executing memo-
rized trajectories rather than grounding novel instructions.

Long-Horizon Capability. Current VLAs in our bench-
mark do not exhibit emergent long-horizon capabilities.
While all models perform well on the atomic, short-horizon
skills defined in the LO tasks of the Long Horizon suite,
their performance collapses when asked to compose these
skills. In Table 1 (Long Horizon), on L1 tasks, which re-
quire a simple concatenation of known skills, the success
rate for all models drops to nearly zero. On the more com-
plex L2 tasks, the success rate is uniformly 0% across all
models. This reveals that models are unable to chain the
atomic skills learned at LO to solve multi-stage problems.

4.3. Ablation Study

Performance Impact of Data Diversity. In Table 2, We
investigate the impact of data composition by evaluating 7
under three training schemes, all conducted for the same

number of training steps. While augmenting the dataset
with L1 data (+LO&L1) boosts near-distribution (L1) per-
formance, it fails to improve and can even degrade far-
distribution (L2) generalization. This suggests the model
memorizes solutions for specific difficulty levels rather than
learning an extrapolatable skill. A similar trade-off between
specialization and generalization is observed when compar-
ing focused (+L0) versus broad (+L0*) LO training. These
overall results indicate that, for a fixed data budget, the
composition of the training set introduces complex trade-
offs, and simply including more additional difficult exam-
ples does not guarantee improved extrapolation.

Comparison with LIBERO. We compare the role of lan-
guage instructions in VLA-Arena and LIBERO. As recent
work has shown, performance on many LIBERO tasks is
largely saturated [8, 9, 48]. To investigate the information
content of the language commands in these tasks, we evalu-
ate a baseline model under three conditions: with the correct
instruction, without any instruction, and with an incorrect
instruction. In Figure 3, we observe that the model evalu-
ated on LIBERO maintains a high success rate, with perfor-
mance degrading by 28% when the instruction is wrong or
absent. This suggests that language commands in LIBERO
provide limited information, and models can rely heavily
on visual context to infer the task. In contrast, our base-
line model, trained and evaluated on VLA-Arena’s LO tasks,
shows a distinct dependency on language. While approach-
ing an 80% success rate with correct instructions, its per-
formance drops by 52-64% when the instruction is invalid.
This demonstrates that tasks in VLA-Arena are designed to
be deeply language-grounded, requiring the model to cor-
rectly interpret the instruction.

5. Conclusion

In this work, we introduce VLA-Arena, a comprehensive
benchmark for evaluating VLAs. Its core is a structured
design that systematically controls difficulty across the or-
thogonal axes of task structure, language command, and vi-
sual observation. Using this benchmark, our extensive eval-
uation of state-of-the-art VLAs has revealed several criti-
cal limitations of current models. These include a strong
tendency toward memorization over generalization, asym-
metric robustness to linguistic versus visual perturbations,
a lack of consideration for safety constraints, and an inabil-
ity to compose learned skills for long-horizon tasks. These
findings highlight gaps between current model capabilities
and the requirements for real-world deployment. To help
bridge these gaps, we provide an open-source toolchain, a
formal task definition language, and curated datasets, hop-
ing that this benchmark will not only serve as a standard for
evaluation but also catalyze research into developing more
generalizable, robust, and safe robotic agents.
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