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Abstract—Vision-Language-Action (VLA) models are multi-
modal robotic task controllers that, given an instruction and
visual inputs, produce a sequence of low-level control actions
(or motor commands) enabling a robot to execute the requested
task in the physical environment. These systems face the test
oracle problem from multiple perspectives. On the one hand, a
test oracle must be defined for each instruction prompt, which is
a complex and non-generalizable approach. On the other hand,
current state-of-the-art oracles typically capture symbolic repre-
sentations of the world (e.g., robot and object states), enabling the
correctness evaluation of a task, but fail to assess other critical
aspects, such as the quality with which VLA-enabled robots
perform a task. In this paper, we explore whether Metamorphic
Testing (MT) can alleviate the test oracle problem in this context.
To do so, we propose two metamorphic relation patterns and
five metamorphic relations to assess whether changes to the
test inputs impact the original trajectory of the VLA-enabled
robots. An empirical study involving five VLA models, two
simulated robots, and four robotic tasks shows that MT can
effectively alleviate the test oracle problem by automatically
detecting diverse types of failures, including, but not limited to,
uncompleted tasks. More importantly, the proposed MRs are
generalizable, making the proposed approach applicable across
different VLA models, robots, and tasks, even in the absence of
test oracles.

Index Terms—Vision-Language-Action models, Robotic Ma-
nipulation, Metamorphic Testing, Cyber-Physical Systems.

I. INTRODUCTION

Vision-Language-Action (VLA) models are a new family of
multimodal control techniques that, given a natural-language
instruction and a set of images, convert high-level semantic
commands into low-level control actions for a robotic sys-
tem [1], [2], [3]. These new types of Artificial Intelligence (AI)
techniques are expected to become the next generation of con-
trol algorithms, enabling generalist robots (e.g., humanoids) to
flexibly perform a wide variety of tasks in unstructured envi-
ronments. Different VLA models and architectures exist [4],
and the robotics and AI communities are making significant
efforts to ensure that these models are both efficient, enabling
inference at the edge to control physical robotic arms in real-
time, and effective for task execution.

Despite these recent advances, the evaluation of VLA
models largely depends on benchmarks that employ symbolic
oracles [5], [6], i.e., oracles that, given an instruction in natural
language, check whether the symbolic states of the objects and
the robotic system satisfy the instruction. Figure 1 depicts an

example of symbolic oracles in the test execution pipeline for
the “pick the apple” instruction. The control process begins
with a natural-language instruction prompt provided to the
VLA model that controls the robot. At each execution step, the
VLA model processes a visual observation of the environment
to generate an action command, which the robot executes.
An oracle, with access to information about the objects in
the environment, subsequently evaluates whether the task has
been completed successfully. The symbolic oracle encodes the
expected goal state in a symbolic formalism. For instance, for
the “pick the apple” prompt, the symbolic oracle specifies
that the agent should end the episode holding the target
object. These oracles suffer from two core problems. First,
the automated generation of symbolic test oracles depends
heavily on the task instruction. Current techniques (e.g.,
VLATest [7]) rely on predefined task and object templates
to automatically generate these kind of oracles. However, the
way humans instruct robots is highly variable, and the same
task can be expressed in multiple ways (e.g., “pick up the
apple”,“grab the apple”, or “take the apple from the table”).
While Large Language Models (LLMs) could be potentially
used to generate test oracles automatically, they are prone
to hallucinations, and human instructions may be inherently
ambiguous or underspecified. Second, symbolic oracles fail to
capture qualitative aspects of task execution [8]. For instance,
they do not assess whether the trajectory generated from the
actions provided by the VLA model is optimal, nor whether
object manipulation is performed correctly and safely (e.g.,
whether objects are dropped or whether there are any kind
of collisions in the scene). As a result, important classes
of failures related to motion quality, stability, or suboptimal
behavior remain undetected.

In practice, previous limitations mean VLA models suffer
the oracle problem, that is, assessing whether their output
is correct beyond trivial and domain-specific cases is hardly
feasible [9]. Metamorphic Testing (MT) addresses the oracle
problem by shifting the focus from validating individual
program executions to verifying whether expected relations,
known as metamorphic relations (MRs), hold across multiple
executions under related inputs. Instead of requiring explicit
output correctness criteria, MT leverages properties that should
be satisfied when inputs are systematically varied, such as
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Fig. 1: Task execution pipeline for the “pick the apple” task

expecting similar behaviour from a self-driving car when
traversing the same route under different non-extreme weather
conditions [10]. To further support the identification of MRs,
researchers have introduced metamorphic relation patterns
(MRPs), which abstractly characterize families of related
MRs and guide testers in systematically deriving specific
relations [11], [12], [13].

In this paper, we investigate whether MT can alleviate the
test oracle problem in this domain. To this end, we define
two MRPs that rely on the robotic trajectories produced by
VLA models. These MRPs enable the derivation of MRs
for VLA-enabled robots and the automated execution of test
cases without symbolic oracles. We define five MRs and
evaluate them across five different VLA models, two robots,
and four representative tasks. We analyze and compare the
effectiveness of MT and each of the proposed MRs in 9,320
source-follow-up test case pairs. Furthermore, we analyze the
differences in the failures identified by the proposed MRs and
symbolic oracles, and we propose a taxonomy of failures for
VLAs. Our evaluation suggests that effective testing of VLA-
enabled robotic systems requires combining symbolic oracles
with metamorphic testing under carefully selected strictness
thresholds and multiple metamorphic relations to capture
both task-level correctness and execution-level robustness. In
addition, we provide a complete replication package [14],
including code, configuration files, and instructions to facilitate
reproducibility and further research.

The rest of the paper is structured as follows: in Section II,
generic background of VLAs and MT are provided. Section III
proposes our MRPs and the derived five MRs. Section IV
explains the empirical study we conducted, followed by Sec-
tion V, which reports and discusses the results and Section VI,
which explains how we mitigated the threats. In Section VII
we position our work with respect to the state-of-the-art and
we conclude the paper in Section VIII.

II. BACKGROUND

In this section we present basic background related to VLA
models and followed by general theory of MT.

A. Vision-Language-Action Models
Vision-Language-Action (VLA) models [3], [15], [16], [17],

[18] represent an emerging class of multimodal learning sys-

tems that integrate perception, language understanding, and
trajectory planning. Unlike traditional deep neural networks
(DNNs), which are typically specialized for single-domain
tasks, such as Convolutional Neural Networks (CNN) which
excel at extracting hierarchical features from images [19],
[20], [21], [22], and transformer-based Large Language Mod-
els (LLMs) which capture long-range dependencies in text
[23], [24], [25], [26], [27], [28], VLA models encode visual
observations, such as images or video frames, and textual
instructions into a shared embedding space. From this shared
representation, they generate structured action sequences that
form a coherent trajectory, enabling them to interpret com-
mands like “Pick the apple” within a scene. This requires
resolving ambiguities in object references through visual at-
tention mechanisms and translating high-level instructions into
precise physical movements.

To formalize this process, a VLA generates a sequence
of action chunks (ACt) that, when executed on the robot,
produce a trajectory (T ) accomplishing a predefined task. Let
A =

[
ACt, ACt+H , . . . , ACt+(N−1)∗H

]
denote the sequence

of action chunks produced by the VLA, where each ACt is a
temporally extended control command issued at time step t, N
is the number of action chunks required to complete the task
and H is the time-step horizon of each action chunk. At each
decision step t the VLA provides one action chunk, a sequence
of future robotic actions conditioned on the current observation
(ot), expressed as p(ACt | ot). In other words, the model
translates the integrated information from instructions and
visual input into actionable motor commands. An action chunk
ACt is modeled as a sequence of future actions conditioned on
the current observation, i.e., ACt = [at, at+1, . . . , at+H−1],
H being the length of the action chunk (e.g., H = 50 [15],
H = 4 [3]). The input to the model is an observation at
time step t, i.e., ot = [It1, I

t
2, . . . , I

t
n, ℓt, θt], where each

Iti is an RGB image at time t, ℓt represents a language
instruction, and θt denotes the robot’s proprioceptive state.
These inputs are first encoded and then projected into a shared
embedding space. When the robot executes these actions
chunks, they induce a trajectory T = [Pt, Pt+1, . . . , Pt+T ],
such that each Pt represents the robot’s end effector’s state at
time step t, including its position (x, y, z) and orientation in
(q1, q2, q3, q4). This way, VLAs serve as the core mechanism



for controlling the robot, integrating the provided instruction
with visual information from its environment to generate the
action sequences.

Recent VLA models [3], [15] incorporate a diffusion-based
denoising mechanism, implemented through a diffusion trans-
former before producing the action chunk, as depicted by Fig-
ure 2. In these models, the action chunk At generated by the
VLA is progressively refined via an iterative denoising diffu-
sion process. At each denoising step, the diffusion transformer
leverages contextual representations of the visual observation,
language instruction and propioceptive state, allowing the
model to correct and adjust the initial action prediction. Rather
than generating actions from scratch, the diffusion module
operates as a structured post-processing component that steers
the predicted actions towards more consistent regions of the
action space. This architecture enables the model to better
handle complex scenes and increase robustness by reducing
the error accumulation in long-horizon tasks [15], [29], [3].
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Fig. 2: Architecture of GR00T-N1.5 [3]

B. Metamorphic Testing

Metamorphic testing (MT) [30], [31], [32] is a testing
approach aimed at revealing defects by analysing relationships
between the inputs and outputs of multiple executions of
the program under test. These relationships are known as
metamorphic relations (MRs). MT is particularly useful in the
presence of the oracle problem, where determining the correct-
ness of outputs for complex inputs is difficult or impractical.
As an example, consider a program detect(I) that searches for
clinically relevant patterns, such as lesions or anomalies, in a
medical image I . For realistic medical images, directly assess-
ing the correctness and completeness of the detected patterns
may be infeasible, which constitutes an instance of the oracle
problem. Suppose a new image I ′ is constructed by augment-
ing the original image I with an additional, independent image
region R, such that I ′ = I+R. Intuitively, all patterns detected
in I should also be detected in I ′. This expectation can be
formalised as the MR detect(I) ⊆ detect(I ′), where I is the
source test case and I ′, obtained by extending the input image,
is the corresponding follow-up test case. This relation can be
instantiated into one or more metamorphic tests by selecting
specific images and verifying whether the relation holds. A
violation of the relation indicates a failed metamorphic test
and suggests the presence of a defect in the program. MT has
been successfully applied across a wide range of domains,
including web services, compilers, cybersecurity, autonomous

vehicles, and bioinformatics [31], [32], with reported industrial
adoption at Adobe[33], Google [34], and Meta [35].

MRs are often specified at a high level of abstraction,
describing not a single relation but a family of related MRs.
Such abstractions are referred to as metamorphic relation
patterns (MRPs) [11], [12], [13]. Zhou et al. [11] define a MRP
as an abstraction that characterizes a set of (possibly infinitely
many) MRs and demonstrate their usefulness in supporting
testers during the identification of suitable relations. One
example is the symmetry MRP, motivated by the observation
that many systems exhibit invariant behaviour when observed
from different perspectives. For instance, an AI-based object
recognition system should detect the same objects in a video
regardless of whether the video is played forwards or back-
wards. Similarly, Segura et al. [36] introduced several MRPs
for query-based systems, such as adding restrictive filters to a
query and expecting the resulting output to be a subset of the
original results.

MRPs can be further divied into two subtypes: metamorphic
relation input patterns (MRIPs) [11] and metamorphic rela-
tion output patterns (MROPs) [13]. MRIPs define only the
relationships among inputs, leaving the relationships among
outputs unspecified. Conversely, MROPs specify the relation-
ships among outputs while leaving the relationships among
inputs undefined. For example, Segura et al. [13] introduced
the subset MROP, which characterises relations in which the
output of a follow-up test case is expected to be a subset of
the source output. This can be achieved by changing inputs in
multiples ways, for example, by adding filters or restricting the
search strings in a search engine. In this paper, we present two
MRPs together with five MRs derived from them for VLA-
enabled robots.

III. METAMORPHIC RELATION PATTERNS

In this section, we propose two novel MRPs: Trajectory
Consistency (TC) and Trajectory Variation (TV). These pat-
terns represent groups of MRs that involve changes to the
source input, which either should not affect the trajectory
of the robot (i.e., TC) or have a predictable change on the
trajectory of the robot (i.e., TV) during test case execution.

The intuitive idea behind these patterns is that, in VLA-
enabled robots, it is often straightforward to anticipate how
changes in certain inputs impact the trajectory. For instance,
relocating a target object in the workspace should result in a
motion path that adapts to reach the new position, assuming
that the VLA correctly interprets spatial relations. Conversely,
adding an irrelevant object that does not intersect the planned
path should not significantly alter the trajectory of the robot.
If the trajectory fails to change when it should, or changes
when it should not, this signals a potential failure in the VLA
perception, planning, or interpretation of language actions.

A key characteristic of trajectory-based MRPs is their
generalization, which makes them potentially applicable to a
wide range of robots and tasks. Unlike symbolic oracles, which
provide a binary assessment of the task success (i.e., whether
the task has been performed or not), MRPs assess how the



robot behaves throughout the task. This enables the assessment
of behavioral consistency, safety and robustness over time,
rather than focusing only on final outcomes. This makes
symbolic oracles and MT complementary: while symbolic
oracles capture task-level correctness, MT captures behavioral
properties. From the software testing perspective, MT alle-
viates the oracle problem, which is particularly pronounced
in this domain where specifying complete and unambiguous
correctness criteria is cumbersome. Symbolic oracles are task-
specific and often ambiguous in robotic domains, whereas the
MRs proposed in this paper are task-agnostic and easier to
define, as they encode expected relationships between execu-
tions rather than absolute correctness conditions which enables
them to be reused and scalable between different test designs.
As a result, MR-based evaluation can reveal misbehaviors that
remain invisible under binary evaluation alone. MT assesses
whether the relation between the source and the follow-up
trajectories matches the expected behavior specified by the
MR. Depending on the MR, the follow-up trajectory may need
to adapt predictably or remain invariant relative to the source
trajectory.

A. MRP1: Trajectory Consistency Pattern (TC)

The TC captures input transformations that should not affect
the robot’s trajectory. This pattern is designed to evaluate the
model’s robustness to superficial changes in instructions or
environmental conditions, ensuring that the robot maintains
predictable and stable behavior when task semantics remain
unchanged. We derived three different MRs from this pattern,
namely:

MR1: Synonym Substitution. In this MR, the action verb
in the prompt is replaced with a synonym while preserving
its meaning (e.g., “Pick the apple” → “Grab the apple”).
Therefore, this change should not affect the robot’s trajectory
Let Ps and Pf denote the source and follow-up prompts, and
τ(T,E) the trajectory produced by the robot, so this MR can
be represented as follows:

dF (τ(Ps, E), τ(Pf , E)) ≲ δ (1)

where dF is the distance between the trajectories of the
robot for the source and follow-up test cases. In this work,
we use the Fréchet distance, although other distance measures
are also applicable (see Section IV for details). In practice,
non-determinism may lead to differences, with δ representing
the accepted tolerance level for an MR to be considered
satisfied or, otherwise, violated.Violations of this MR represent
sensitivity to lexical variations that are irrelevant to task
executions, highlighting limitations in the semantic grounding
of the VLA.

MR2: Non-Interfering Object Addition. Adding objects
to the environment far from the target object should not
alter the robot’s trajectory. Let Es be the source environment
configuration and Ef the follow-up environment configura-
tion, including additional objects. The robot’s trajectories are
τ(P,Es) for the source test case and τ(P,Ef ) for the follow-
up test case. This MR can be formulated as follows:

dF (τ(P,Es), τ(P,Ef )) ≲ δ (2)

Violations of this MR indicate that the robot overreacts to
irrelevant environment objects, revealing weaknesses in how
it plans and adapts its movements. Similar MRs have been
leveraged in the context of self-driving cars [37].

MR3: Light Brightness Change. This MR captures input
transformations affecting the VLA’s visual input by altering
scene illumination, without affecting the robot’s performance.
Formally, let Es be the source environment and Ef the follow-
up environment obtained by applying a small illumination
transformation to Es. For the same prompt P , the source and
follow-up trajectories are τ(P,Es) and τ(P,Ef ). This MR
can be stated as follows:

dF (τ(P,Es), τ(P,Ef )) ≲ δ (3)

Violations of this MR indicate that the VLA is sensitive to
superficial illumination changes, revealing a lack of robust
visual grounding. This type of MR have been successfully
used in critical domains such as self-driving cars [10] and
road object detection systems [38].

B. MRP2: Trajectory Variation Pattern (TV)

The TV captures input transformations that are expected
to induce predictable changes in the robot’s trajectory. These
transformations reflect meaningful modifications in the in-
struction or environment configuration, and evaluating them
provides insight into the robot’s adaptability and reasoning.

MR4: Negation or Task Inversion In this MR, the prompt
is modified to negate the original task (e.g., “Pick the apple”
→ “Don’t pick the apple”), so the robot is expected to alter its
trajectory or even refuse to move, i.e., the robot remains static
in the same position. Therefore, this MR can be represented
as follows:

dF
(
τ(Ps, E), τ(Pf , E)

)
≳ δ (4)

where δ is a minimum threshold representing a meaningful
trajectory change. A violation of this MR reveals weaknesses
in semantic understanding of the asked task. Note that when
the robot remains stationary, the distance to the trajectory is
computed in the same manner as for trajectories involving
motion.

MR5: Target Object Relocation. When the target object
is moved in the workspace, the robot should generate a new
trajectory reaching the new location. Let ps = (xs, ys) and
pf = (xs+∆x, ys+∆y) be the source and follow-up positions
of the target object, and let τ(P,E(ps)) and τ(P,E(pf )) be
the corresponding trajectories, this MR can be represented as
follows:

α∥∆p∥ ≲ dF
(
τ(P,E(ps)), τ(P,E(pf ))

)
≲ β∥∆p∥ (5)

This expresses that the translation ∆p of the target ob-
ject should produce a corresponding change in the robot’s



trajectory. The magnitude of this translation is given by
∥∆p∥ =

√
(∆x)2 + (∆y)2. However, because the robot’s

kinematics and reachability constraints shape how motion
plans adapt, the resulting trajectory change may not exactly
match the object translation. To address this challenge, this
MR introduces lower and upper proportionality bounds α and
β, which specify the expected range of distance between the
source and follow-up trajectories. The lower bound α ensures
that the robot adapts its trajectory sufficiently in response to
the object’s movement, preventing cases in which the planner
fails to react meaningfully. Conversely, the upper bound β
limits the magnitude of trajectory deviation, ensuring that the
robot does not overreact to the translation of the target object
with unnecessary or erratic motion.

IV. EMPIRICAL STUDY

We conducted an empirical study to assess the effectiveness
of MT in evaluating the behavior of VLA-enabled robots.
This section presents our research questions and details the
experimental setup used for the evaluation.

A. Research Questions

In our evaluation, we aimed to answer the following Re-
search Questions (RQs):

• RQ1 – How effective is MT at detecting failures in VLA-
enabled robots? With this RQ, we aimed at assessing the
effectiveness of MT in detecting failures in VLA-enabled
robotic systems. In particular, we compared three failure-
detection thresholds (i.e., low, medium, and high) based
on different trajectory distances and analyzed how these
thresholds influence the identification of failures. We fur-
ther compared the resulting failure detection capabilities
against those obtained using traditional symbolic oracles.

• RQ2 – How do different MRs differ in their ability to
detect failures? This RQ assesses the effectiveness of the
proposed MRs in detecting failures. By comparing failure
detection rates across MRs, models, tasks, and thresholds,
we analyzed which types of input transformations are
the most effective at detecting failures in VLA-enabled
robots.

• RQ3 – What types of failures does MT reveal? With
this RQ, we aimed at analyzing the type of failures
detected by different oracle types, i.e., MT and symbolic
oracles. To do so, we characterized and developed a
taxonomy of failures by surveying two domain experts.
We later compared the nature of the failures revealed by
each oracle types and investigated whether they expose
different failure types.

B. Subject VLA Models

For our evaluation, we selected five state-of-the-art VLA
models: OpenVLA [16], π0 [15], SpatialVLA [17], GR00T-
N1.5 [3], and EO-1 [18]. These models were chosen based
on their prior usage in related studies [8], [7], [39], [40]
and because all of them are compatible with the open-source
simulation environment SimplerEnv [6]. We conducted our

experiments using the environment adopted from state-of-
teh-art works [8], [7], employing the fine-tuned versions of
each model adapted to two benchmark datasets corresponding
to four task categories in our evaluation suite. Specifically,
models for the Pick up and Move Near tasks were trained
for the Google Robot, while models for the Put on and Put
in tasks were trained for the WidowX robot. We evaluated
the VLA models using the official checkpoints released by
their respective authors. For OpenVLA, we used the base
checkpoint provided on HuggingFace [2]. For π0, we em-
ployed the dataset-specific checkpoints [41], [42] released by
the SpatialVLA authors. SpatialVLA was evaluated using the
pretrained checkpoint trained on the combined datasets [43].
For GR00T-N1.5 and EO-1, we used the fine-tuned check-
points provided by the authors, with separate versions trained
on the Fractal and Bridge datasets [44], [45], [46], [47].

C. Environments

Following prior work [8], [7], we evaluate on the Sim-
plerEnv benchmark [6] across two robotic platforms and four
standard manipulation tasks. The Google Robot, also known
as Everyday robot1, uses VLA models trained on the Fractal
dataset [48] and is evaluated on Pick Up and Move Near,
while the WidowX robot uses models trained on the Bridge V2
dataset [49] and is evaluated on Put On and Put In. Regarding
the task completion constraints, the Pick Up task requires
grasping and lifting the target object by at least 0.02 m for five
consecutive frames; Move Near requires positioning object A
within 0.05 m of object B; Put On requires stably stacking
object A on object B; and Put In requires fully placing object
A inside object B.

D. Configurations

To ensure reproducibility and facilitate fair comparisons
with future works, we report all relevant parameter settings
used in our experiments. A critical factor for replicating
our results is the set of VLA model weights, described in
Section IV-B. In addition to providing the model checkpoints,
we used a fixed random seed across all the MRs and all
the models to initialize the environments, ensuring that the
generation of the follow-up test cases and the initial state of
the environment remained consistent across all evaluations. In
addition, for MR2, we set to 0.1m the distance between the
non-interfering object and the target object.

We compared source and follow-up trajectories using the
Fréchet distance [50]. Violations were raised when distances
exceeded tolerance thresholds, as reflected in the definition of
the MRs [51], [52], [53]. In line with related work [51], thresh-
old values were calibrated based on a preliminary analysis of
MT results. Specifically, we defined percentile-based distance
thresholds yielding three tolerance levels: strict (i.e., 0.1m,
around 20th percentile) to detect subtle deviations, medium
(i.e., 0.2m median) for typical variability, and low (i.e., 0.3m,
around 80th percentile) to account for pronounced anomalies.

1https://everydayrobots.ai/

https://everydayrobots.ai/


For example, this means that a distance difference of 0.15m
between the source and follow-up test cases in MR2 (before
and after adding a non-interfering object) would be considered
a violation under the strict tolerance level, but would be
regarded as a satisfaction under the medium and low tolerance
levels.

Regarding the selection of source test cases, we followed the
approach reported by Valle et al. [8]. Specifically, we selected
only those source cases deemed successful by the symbolic
oracle. Starting from failing test cases would have led to a
biased evaluation, potentially inflating MT failure-detection
results. More importantly, this approach allows us to evaluate
not only the failure-detection capability of each method, but
also how the two approaches complement one another, with
MT leveraging test cases for which symbolic oracles fail
to identify failures. This procedure yielded 116 source test
cases for OpenVLA, 386 for π0, 406 for SpatialVLA, 228 for
GR00T-N1.5 and 728 for EO1. Based on these, we generated
580 follow-up test cases for OpenVLA, 1930 for π0, 2030
for SpatialVLA, 1140 for GR00T-N1.5, and 3,640 for EO-1,
resulting in a total of 1,864 source test cases and 9,320 follow-
up test cases across all models. In all these follow-up test cases
the symbolic oracles were also executed.

E. Execution Platform and Runs

To accelerate the execution of our experiments, we dis-
tributed the workload across two computing platforms. Exper-
iments involving the π0 and OpenVLA models were executed
on a server equipped with an AMD EPYC 7773X CPU and
an NVIDIA RTX A6000 GPU with 48 GB of memory. In
contrast, experiments for GR00T-N1.5 and SpatialVLA were
performed on a workstation with an AMD Ryzen 9 7900X
CPU and an NVIDIA GeForce RTX 4080 SUPER GPU with
16 GB of memory. Both platforms used 64-bit Ubuntu 20.04
LTS, Python 3.10, and CUDA 12.8.

Due to differences in hardware platforms as well as in the
internal architectures and learned weights of the models, each
VLA exhibited different levels of resource consumption, which
in turn affected the execution time of each test. On average,
a single test execution required approximately 26 seconds for
OpenVLA, 22 seconds for π0, 35 seconds for SpatialVLA,
7.5 seconds for GR00T-N1.5 and 12.5 seconds for EO-1. The
total execution time of our experiments took 219,168 seconds,
approximately 61 hours of GPU.

F. Failure characterization and taxonomy development pro-
cess

In our experiment, our oracles detected a total of 7,899
failures, making it unfeasible to manually analyze each of
them. We therefore resorted to Cochran’s sample size sta-
tistical test, which provided us a statistically representative
subset of failures to analyze with a predefined confidence level
and margin of error, i.e., p-value < 0.05. This test suggested
that a total of 192 failures would have been the sample
that guarantees statistical representativeness of the population
under these assumptions.

We opted to analyze half of the failures coming from
violations from the symbolic oracles and the other half from
metamorphic ones. These failures were randomly selected
but we aimed at maximizing the VLA models, metamorphic
relations and task types, as each may lead to different failure
types (e.g., MR4 led to many failures not following the instruc-
tion). Afterwards, we developed a web-based application that
permitted two experienced domain experts explain, in natural
language, the failure type, i.e., the reason why the VLA failed.
Each failure contained two videos of the simulation to the task,
one for the source and the other for the follow-up test case.
The task of annotating all the failures took around 1.5 hours
to each of the two domain experts.

With this dataset, the first author of this paper developed
a first version of the taxonomy of failures, by classifying the
most recurring failure types. This taxonomy was subsequently
validated and refined by another of the authors of the paper.
Since LLMs have shown strong capabilities in reasoning
over natural-language descriptions and identifying recurring
patterns, three state-of-the-art LLMs, i.e., ChatGPT (GPT5.2
version), Gemini (Gemini 3 version) and Grok (Grok4 version)
were used as assistants during the validation fo the taxonomy.
The role of the LLMs in this phase was limited to suggesting
refinements of the taxonomy. We acknowledge that LLMs can
be prone to hallucination or errors. To mitigate these risks, we
relied on multiple state-of-the-art LLMs and we conducted a
thorough analysis of their outcomes allowing us to cross-check
the proposed suggestions and reduce the influence of model-
specific biases. All final decisions regarding the taxonomy
were taken by the authors, with LLM feedback serving only
as a supplementary tool to enhance the robustness, consistency
and completeness of the resulting taxonomy.

V. ANALYSIS OF THE RESULTS AND DISCUSSION

A. RQ1 – Effectiveness

Figure 3 presents a Venn diagram for each model, task,
MR, and threshold strictness level, summarizing failures 2

detected by the symbolic oracle (in red), MT (in blue), and
their overlap. At a high strictness threshold, MT showed a
large number of MR violations, resulting in both a large
intersection with failures detected by symbolic oracles and
a high number of MR violations. In total, when considering
a high threshold strictness level, for out of 7,822 failures,
640 were detected only by symbolic oracles, 3,527 by MRs,
and 3,655 by both. This shows that MRs are effective at
detecting failures, and both approaches are complementary,
providing a more comprehensive evaluation of robot behavior.
When considering a medium threshold of strictness, the total
number of failures decreases to 6,286, distributed more evenly
across detection categories: 1,776 failures are detected only by
symbolic oracles, 1,991 only by MRs, and 2,519 by both. This
indicates that, under a medium strictness level, MR violations

2Note that failures of symbolic oracles are genuine failures detected by
these oracles, whereas failures related to MRs correspond to MR violations,
which, while not necessarily goal-oriented failures, indicate deviations from
the specified MR and therefore, potential faults.



are more closely aligned with correctness failures, while
still contributing to behavioral inconsistency detection. Lastly,
when considering a low threshold strictness level, the total
number of detected failures further drops to 5,177. In this case,
2,877 failures are detected only by symbolic oracles, 8882
only by MRs, and 1,418 by both. This suggests that, with low
strictness, MRs mainly reinforce symbolic failure detection
rather than exposing additional behavioral deviations.

Answer to RQ1: MT effectively detects failures in VLA-
enabled robots, with its detection capability strongly influ-
enced by the selected strictness threshold. High thresholds
maximize the identification of additional failures beyond
those captured by symbolic oracles, while low thresholds
largely mirror oracle-based detection. Notably, the medium
threshold provides the best trade-off by aligning with
failures detected by symbolic oracles while still exposing
a significant number of additional failure cases.

B. RQ2 – Comparison of MRs

Figure 4 shows the MR violation rate for each MR across
models, tasks, and strictness threshold levels. At the high
threshold, all MRs tend to produce high violation rates, with
MR2 showing the highest violation rate. Indeed, in most tasks
and VLA models, MR2 showed the highest MR violation
rate when the threshold strictness level was high. The only
two exceptions were the Grasp task for the SpatialVLA-4B
model and the move task for EO-1. While this strictness
level might be too high for most applications, many robotic
applications require extremely high precision. These results
indicate that adding distracting objects in the workspace may
degrade performance in applications requiring high precision.

At the medium strictness threshold, violation rates decrease
across all MRs, but clear differences between relations remain.
MR2 remains one of the most effective relations, particularly
for tasks such as grasp and put-in. MR4 (Negation or Task
Inversion) also shows relatively high violation rates under
this setting, indicating that semantic transformations of the
instruction often lead to inconsistent or unexpected behavioral
changes. In contrast, MR1 (Synonym Substitution) and MR3
(Light Brightness Change) show more moderate violation
rates, suggesting that while VLA models exhibit some robust-
ness to lexical and visual perturbations, these transformations
still reveal non-negligible behavioral inconsistencies in several
models.

Under the Low threshold, violation rates are further reduced,
emphasizing only the most significant deviations. MR2 again
demonstrated the highest violation rate in most cases (14
out of 20), underscoring its robustness in detecting failures
related to the performance effect of additional objects in the
scene Exceptions include the move and put-on tasks for EO-1
(MR4 highest in both), the put-in task in OpenVLA-7B (MR3
highest), the move task in π0 (MR4 highest), and the grasp
task in SpatialVLA-4B (MR4 highest). At this level, MR3
and MR4 also emerge as notable in specific contexts, reveal-

ing weaknesses in environmental and instruction adaptation,
respectively.

Answer to RQ2: Overall, environment-based transfor-
mations (MR2) and semantic transformations (MR4) are
the most effective at exposing failures across models and
tasks, while robustness-oriented relations, that is MR1 and
MR3, are more sensitive to the chosen strictness threshold.
This highlights the importance of combining multiple MRs
to obtain a comprehensive assessment of VLA-enabled
robotic behavior.

C. RQ3 – Failure Type Characterization

RQ3 investigates the types of failures revealed by different
oracle types, namely symbolic oracles and metamorphic test-
ing, and whether they expose complementary classes of fail-
ures. To answer this research question, we analyzed a statisti-
cally representative sample of failures drawn from both oracle
types. We classified them using the taxonomy derived from
expert annotations. Figure 5 presents the resulting taxonomy,
which organizes VLA failures into three high-level categories:
Manipulation, Motion, and Planning and Reasoning. Each
category is further refined into concrete failure types grounded
in the observed robot behaviors during task execution. This
taxonomy was derived from 192 annotated failures selected
via Cochran’s sampling method and validated through expert
agreement and LLM-assisted consolidation.
Failures detected by symbolic oracles. Failures detected ex-
clusively by symbolic oracles are predominantly concentrated
in Planning and Reasoning category. In particular, symbolic
oracles frequently identify Incomplete Task Execution and
Incorrect Action Sequence failures, where the robot does not
reach the expected final symbolic goal state (e.g., the object is
not lifted sufficiently high, not placed inside the container, or
not released correctly). These failures correspond to violations
of task-level correctness conditions encoded in the oracle
definitions.

However, symbolic oracles largely overlook failures that do
not affect the final symbolic state. For instance, executions
involving unstable grasps, minor collisions, or unnecessarily
long and inefficient trajectories are often classified as success-
ful by symbolic oracles, despite exhibiting degraded execution
quality or safety-relevant issues.
Failures detected by metamorphic testing. In contrast, MT
reveals a broader diversity of failure types, with a strong
presence in the Motion and Manipulation categories. Vio-
lations of MRs frequently expose Trajectory Sub-optimality,
Control Instability, and Collision failures, which manifest as
oscillatory motions, abrupt corrections, or unintended contacts
with objects or the environment. For example, under MR2
(Non-Interfering Object Addition), several VLA models ex-
hibited unnecessary trajectory deviations caused by irrelevant
objects, revealing sensitivity to non-task-related environmental
changes. Similarly, MR5 (Target Object Relocation) revealed
cases in which the robot failed to adapt its motion consis-
tently and proportionally to the new target position, exposing



Fig. 3: Venn diagram for each MR, model, threshold, and task combination showing the relationship between failures detected
by the symbolic oracle and MR violations. The red circle represents failures detected only by the symbolic oracle, the blue
circle represents MR violations not detected by the symbolic oracle, and the intersection (pink) represents MR violations as
well as failures detected by the symbolic oracle



Fig. 4: MR Violation Rate for each MR on the Symbolic Oracle and three different strictness thresholds for each Model and
task.
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deficiencies not only in high-level planning but also in motion
safety and control. These failures are inherently behavioral and
cannot be captured by binary symbolic goal conditions.

The overlap between failures detected by symbolic ora-
cles and MT mainly corresponds to severe failures affecting
both task completion and execution behavior. However, a
substantial portion of failures is detected exclusively by one
oracle type. Symbolic oracles primarily capture what the robot
achieves, whereas MT captures how the robot behaves.

Overall, the results show that MT exposes failure types that
are largely invisible to symbolic oracles, particularly those
related to execution quality, robustness, and safety. Conversely,
symbolic oracles remain effective at identifying explicit goal
violations. This complementarity confirms that relying on
a single oracle type provides an incomplete view of VLA
behavior.

Answer to RQ3: Metamorphic testing reveals a more di-
verse set of failure types than symbolic oracles, particularly
in the areas of motion quality and manipulation robustness.
While symbolic oracles primarily detect task-level failures,
MT uncovers execution-level and behavioral failures that
are critical for assessing the reliability and safety of VLA-
enabled robotic systems. These results demonstrate that
combining symbolic oracles with MT is essential to achieve
comprehensive failure coverage.

VI. THREATS TO VALIDITY

In our evaluation, we sought to mitigate validity threats as
thoroughly as possible. One internal validity threat concerns
potential heterogeneity in model selection and training. We
mitigated this threat by selecting VLA models that were fine-
tuned on the same dataset across all four tasks considered



in the study, thereby reducing confounding effects due to
differences in training data. Another internal validity threat
relates to the choice of strictness thresholds used to determine
metamorphic relation (MR) violations. To address this threat,
we conducted a manual inspection of trajectory differences
across thresholds, fine-tuning these thresholds manually with
the help of domain experts.

An external validity threat concerns the generalizability
of our findings beyond the specific models, tasks, and en-
vironments evaluated in this study. We mitigated this threat
by evaluating our approach on five distinct VLA models and
1,864 source test cases spanning four different robotic tasks,
thereby increasing the diversity of experimental conditions.

Finally, the construction of the failure taxonomy used to
answer RQ3 may introduce a conclusion validity threat, as
it relies on qualitative judgment. To mitigate this threat,
we involved two experienced domain experts in the failure
analysis process and complemented their assessments with
feedback from three state-of-the-art Large Language Mod-
els. Additionally, we developed a web-based tool to support
consistent, systematic, and reproducible failure annotation and
review.

VII. RELATED WORK

Since its proposal, Metamorphic Testing (MT) has been
widely applied to a broad range of systems, including com-
pilers, machine-learning–based systems, and cyber-physical
systems. Our work focuses on VLA–enabled robotic sys-
tems, which integrate multimodal AI techniques with physical
robotic platforms. Within robotics, Laurent et al. [54] applied
MT to an autonomous delivery robot scheduler based on
optimization algorithms. More generally, robotic systems can
be viewed as Cyber-Physical Systems (CPS), for which Ayerdi
et al. [51] proposed a performance-driven MT approach to
assess system behavior beyond binary correctness. MT has
also been successfully applied to other autonomous systems,
including autonomous driving systems [55], [56], [57], [58],
[59], drones [60], and elevator control systems [61]. Our
approach differs from existing robotics and CPS related MT
techniques in several key aspects: (i) it targets end-to-end
VLA-enabled robotic controllers, rather than isolated per-
ception or planning components; (ii) it relies on trajectory-
based MRs that capture qualitative and behavioral properties
of task execution, rather than task-specific symbolic oracles;
and (iii) it introduces generic, task-agnostic MRPs that enable
systematic test generation across different robots, models, and
tasks.

In parallel with advances in VLA models, recent work has
begun to address the problem of testing and evaluating VLA-
enabled robotic systems. Most existing approaches rely on
benchmark-based evaluations that assess task execution using
symbolic or binary oracles. For example, VLATest [7] pro-
poses an automated framework for evaluating VLA models by
generating task-specific symbolic oracles from predefined task
and object templates. Other efforts, such as VLABench [40]

and Nebula [39], focus on large-scale benchmarking of VLA-
enabled robots across a wide range of manipulation tasks and
environments, reporting performance primarily in terms of
task success rates. While these approaches provide valuable
insights into the functional capabilities of VLA models, they
largely focus on the correctness of the final task outcome.
As a result, they offer limited support for assessing qualitative
aspects of task execution, such as motion quality, manipulation
robustness or perceptual grounding. Moreover, the reliance on
symbolic or task-specific oracles makes these evaluations sen-
sitive to linguistic variability and underspecified instructions.
In contrast, our work targets the behavioral testing of VLA-
enabled robotic systems, complementing existing evaluation
methodologies by enabling the detection of execution-level
and robustness-related failures that are not captured by tra-
ditional benchmark-based approaches.

VIII. CONCLUSION AND FUTURE WORK

VLA models are emerging as a key control paradigm
for generalist robots operating in unstructured environments.
However, their evaluation remains challenging due to the
oracle problem and the limited expressiveness of symbolic,
goal-based correctness criteria. In this paper, we investigated
the use of metamorphic testing as a complementary approach
to assess the behavior of VLA-enabled robotic systems beyond
final task success. We introduced two generic Metamorphic
Relation Patterns and instantiated them into five concrete meta-
morphic relations. Unlike traditional symbolic oracles, these
relations enable the assessment of execution-level properties.
We empirically evaluated our approach on five state-of-the-art
VLA models, two robotic platforms, and four representative
manipulation tasks using more than 11,000 executions in
simulation. Our findings suggest that symbolic oracles and
metamorphic testing are complementary rather than competing
approaches. Symbolic oracles remain well suited for assessing
task-level correctness, while MT provides critical insight into
how tasks are executed, capturing robustness, safety, and be-
havioral consistency. Relying on either oracle type in isolation
yields an incomplete view of VLA behavior; combining both
leads to substantially broader failure coverage and a more
realistic assessment of system reliability.

In the future, we plan to extend the paper from different
perspectives: First, we want to extend the work and involve
humanoid robots. Second, we would like to include further
metamorphic relations, and employ metamorphic relation com-
position [62] to reduce the testing cost. Lastly, we intend to
investigate automated and adaptive calibration of metamorphic
relation thresholds to reduce manual tuning and improve
generalizability across robots, tasks, and environments.

REPLICATION PACKAGE

For the sake of replicability, we provide a full replication
package [14]. In addition, the full implementation of the ap-
proach is available on the project webpage: https://pablovalle.
github.io/MT of VLAs web/

https://pablovalle.github.io/MT_of_VLAs_web/
https://pablovalle.github.io/MT_of_VLAs_web/
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