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VISOR: A Vision-Language Model-based Test Oracle for
Robotic System Testing

Anonymous Author(s)

Abstract
Testing robots requires assessing whether they perform their in-
tended tasks correctly, dependably, and with high quality, a chal-
lenge known as the test oracle problem in software testing. Tradi-
tionally, this assessment relies on task-specific symbolic oracles for
task correctness and on humanmanual evaluation of robot behavior,
which is time-consuming, subjective, and error-prone. To address
this, we propose VISOR, a Vision-Language Model (VLM)–based
approach for automated test oracle assessment that eliminates the
need of expensive human evaluations. VISOR performs automated
evaluation of task correctness and quality, addressing the limita-
tions of existing symbolic test oracles, which are task-specific and
provide binary pass/fail judgments without explicitly quantifying
task quality. Given the inherent uncertainty in VLMs, VISOR also ex-
plicitly quantifies its own uncertainty during test assessments. We
evaluated VISOR using two VLMs, i.e., GPT and Gemini, across four
robotic tasks on over 1,000 videos. Our results show that Gemini
achieves higher recall and GPT produces more precise predictions,
while both models exhibit low uncertainty.

CCS Concepts
• Software and its engineering→ Software testing and debug-
ging; • Computing methodologies→ Machine learning.

Keywords
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1 Introduction
Robots are increasingly being deployed across a wide range of
applications in complex and dynamic environments, where they
are expected to perform tasks correctly, meet performance and
safety requirements, and avoid harming users and other entities
in the environment [4, 27, 39, 43]. Moreover, robots are becoming
increasingly autonomous [9] and are being deployed in safety- and
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mission-critical applications, making their dependability and high-
quality behavior extremely important.

Naturally, this calls for systematic and automated testing of
robots to ensure not only successful task completion but also ade-
quate task quality, as defined by user criteria. In software testing,
this problem is referred to as the test oracle problem [7], which
determines whether software meets its intended behavior. In ro-
botics, this means assessing whether a robot performs its intended
task correctly and to an acceptable standard. Symbolic test ora-
cles, which are commonly employed in this context [40, 50, 53], are
typically task-specific, lack reusability across different tasks, and
provide only binary pass/fail judgments, making them unable to
automatically assess task quality. Task quality assessment often
requires human involvement for validation [48], as humans visu-
ally inspect robot executions to judge task quality. This practice is
time-consuming, error-prone, difficult to scale, and subjective, as
different human testers may perceive task quality differently for
the same test. As a result, testing robots at scale remains difficult
without automation.

Vision-Language Models (VLMs) are large models capable of
understanding and reasoning about images, videos, and text. These
models are increasingly being used for solving problems in several
domains including robotics [11, 12, 16, 46]. In this paper, we use
VLMs to automate test oracle assessment for robots by proposing an
approach called VISOR. This approach automatically evaluates task
correctness and quality directly from robot execution videos. Fur-
thermore, given the inherent uncertainty of VLMs, VISOR explicitly
quantifies this uncertainty, providing a measure of trustworthiness
for each evaluation to determine whether the VLM’s assessment
can be relied upon or should be treated with caution.

We evaluated VISOR using two VLMs, namely GPT and Gemini,
on a dataset of over 1,000 videos spanning four different tasks of
robotic arms, in which robots either successfully completed the
tasks or failed to do so. Experimental results reveal that Gemini
excels at recall, while GPT producesmore precise predictions aligned
with ground truth. Both models exhibit low uncertainty and stable
performance across different runs.

2 Background
In this section, we present the foundational concepts and back-
ground related to Vision-Language Models and Robotic Systems.

2.1 Vision-Language Models
Vision-Language Models (VLMs) represent a major advance in foun-
dational multimodal artificial intelligence, enabling integrated per-
ception, understanding, and reasoning across visual inputs (such
as images or videos) and natural language [42, 49]. These models
are typically pre-trained on massive internet-scale datasets pairing
images with descriptive captions, text, or other aligned multimodal
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Figure 1: Overview of VISOR. In Failing Task, Correctness refers to failure; in Successful Task, Correctness refers to success.

pairs, which fosters deep semantic alignments between visual con-
tent and linguistic representations [30]. Recent architectural ad-
vances have further enhanced generality, efficiency, and scalability
of VLMs. Modern VLMs often integrate frozen high-capacity vision
encoders (e.g., CLIP [42] and SigLIP [47]), powerful large language
model backbones [23], and lightweight modality-fusion compo-
nents such as projectors or adapters [30]. These advances support
a wide variety of real-world applications [52], such as answering
questions aboutmedical images or documents [20] or aiding content
generation through summarization of info-graphics [5].

In robotics, VLMs serve as powerful perception and high-level
reasoning backbones, enabling robots to interpret their surround-
ings and effectively understand natural language instructions. This
multimodal foundation has driven the emergence of Vision-Language-
Action (VLA) models [9, 10], which extend VLMs by incorporating
dedicated action-generation heads to control the robot. These mod-
els directly map combined visual and linguistic inputs to low-level
robot control signals for embodied tasks [23, 24, 55].

2.2 Robotic Systems
Cyber-Physical Systems (CPSs) integrate computation, communi-
cation networks, and physical processes to sense, reason about,
and act upon the real world [6, 13]. These systems operate in
safety-critical domains such as autonomous vehicles and trans-
portation [22], surgical and assistive medical robotics [14], and
advanced manufacturing [36]. Robotic systems represent a core
subclass of CPSs, where embodied agents must perceive dynamic
environments, make decisions, and execute physical actions with
precision and safety.

In this work, we focus on robotic manipulation systems, pri-
marily articulated robotic arms fitted with end-effectors such as
parallel-jaw grippers. These robots perform a wide variety of tasks,
like grasping and placing objects. Reliable operation depends on
tightly integrated components: motor controllers for actuation, pro-
prioceptive sensors for internal state estimation, exteroceptive sen-
sors for environmental awareness, and planning-control algorithms
that generate feasible, collision-free actions adapted to task goals.

The recent irruption of VLA models [9, 10] significantly changed
robotic manipulation systems. Traditional pipelines that separately
handle perception, planning, and control can now be replaced by
a single end-to-end learned model. A VLA-enabled robot can now
directly interpret natural language instructions such as “pick up
the bottle of water and place it on the fridge”, while processing live
visual observations to generate executable actions.

3 VISOR
Fig. 1 presents an overview of the proposed approach VISOR. We
use a VLM as a test oracle to analyze videos of robots performing
various tasks and assess their correctness and quality, rather than
relying on manual human analysis of robots or of their videos for
this purpose. In parallel, we explicitly quantify the VLM’s uncer-
tainty when performing these tasks, enabling interpretation of the
reliability of automated task correctness and quality assessments.

In the context of this paper, such videos are produced by a sim-
ulator. A simulator takes as input initial scene data, such as the
position (i.e., 𝑥 , 𝑦, 𝑧) and rotation in quaternions (i.e., 𝑞1, 𝑞2, 𝑞3, 𝑞4)
of each object in the scene. In addition to this, each object in the
scene is represented with a modelid , which is used by the simulator
to determine which is the object to be displayed since, for the same
object (e.g., a can), different textures might be used (e.g., cola, fanta,
7up, . . . ). All this represents environmental configuration and to-
gether with the robot’s initial pose, along with task instructions
(e.g., “Pick up the orange”) constitutes the inputs to the simulator.
Next, the simulator along with a control policy executes the task
and generates a corresponding video, which is then assessed by a
VLM to determine task correctness and quality. Such an assessment
can determine whether a task has failed or succeeded. In the latter
case, the VLM further assesses task quality, classifying it as High,
Medium, or Low. Moreover, we measure the uncertainty of the task
correctness prediction for each video by analyzing how confident it
is in determining whether a task has been performed with success
or fail. Similarly, for task quality assessment, we measure the uncer-
tainty when distinguishing among High, Medium, and Low quality
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These images are ordered frames from a robot grasping video.
You are a precise evaluator of quality of robotic task performance from entire
sequence.

Decide if the {TASK_INSTRUCTION} performed by the robotic gripper arm was a
Success or Failure in the given video.

Output format: Return only valid JSON. No extra text. Use this schema exactly.
{

"status ": "Successful" | "Failure"

}

Figure 2: Prompt template for task correctness assessment.

prediction. The specific metrics used to quantify uncertainty are
described in Sect. 4.4.

A VLM requires a well-designed prompt to assess task correct-
ness and quality of its execution [44]. To this end, we first made a
small-scale evaluation of several prompting styles, including zero-
shot and few-shot. Our preliminary experiments and analysis across
these prompting styles revealed a substantial increase in the number
of input tokens for few-shot prompting (i.e., 64K tokens) compared
to zero-shot (i.e., 7K tokens), leading to significantly higher infer-
ence time and computational cost. As a result, few-shot prompt-
ing proved to be too expensive relative to the zero-shot approach.
Therefore, we decided to use the zero-shot prompting style. We
then iteratively refined the prompt to achieve more reliable outputs.
Consequently, we designed two prompts: one for task correctness
assessment (Fig. 2) and the other for test quality assessment (Fig. 3).

Fig. 2 shows the prompt template for task correctness assess-
ment. The first part of the prompt assigns the VLM the role of a
test oracle and provides context by specifying that video frames
are presented as an ordered sequence. It also includes task instruc-
tions for each video, e.g., “Pick up the Orange” specified in the
TASK_INSTRUCTION variable, along with details on what the VLM
must observe and classify. Finally, the prompt enforces output re-
quirements, requiring the VLM to generate a JSON-only schema
with a binary label (i.e., Successful or Failure).

Fig. 3 shows the prompt template we used for task quality as-
sessment. Like the task correctness prompt, it assigns the VLM
the role of a test oracle and provides contextual information. Next,
it provides a task instruction (e.g., “Pick up the Orange”), speci-
fied in the TASK_INSTRUCTION variable, along with details on
the task quality to be assessed. It also defines predefined decision
rules, which are the ones Valle et. al. [48] used to guide the human
assessment in their experiment, that map task execution to three
quality levels (i.e., High, Medium, or Low). Finally, it requires the
VLM to produce a strict JSON-only output using a fixed schema.

4 Empirical Evaluation
We conducted an empirical study to assess the effectiveness of
VLMs in evaluating the correctness and quality of robotic tasks.
This section presents our research questions and details the experi-
mental setup used for the evaluation. All scripts, benchmarks, and
experimental results are available at [2].

These images are ordered frames from a robot grasping video.
Considering the entire sequence, you are a precise evaluator of the quality of
robotic task performance from the entire sequence.

TASK: {TASK_INSTRUCTION}

INSTRUCTION: Examine the GRIPPER and examine how it completes the Task.
Decide the overall quality of the task performed using only the decision rules
below:
DECISION RULES in JSON format:
{

"High": "...",

"Medium ": "...",

"Low": "..."

}

Output format:
Return only valid json. No extra text. Use this schema exactly.
{

"quality ": "high" | "medium" | "low"

}

Figure 3: Prompt template for task quality assessment.

4.1 Research Questions (RQs)
Our overall objective is to evaluate the effectiveness of VLMs as
automated test oracles for robotic systems, by assessing their ability
to determine task success or failure and to evaluate task quality
from robot execution videos. Based on this objective, we aim to
address the following research questions (RQs):
RQ1 How effective are VLMs as automated test oracles for robotic

task execution?
This research question investigates whether VLMs can ef-
fectively serve as test oracles for assessing task success or
failure (RQ1.a) and task quality (RQ1.b). To this end, we
further subdivide this RQ into two sub-questions.
RQ1.a How accurately can VLMs determine task success or

failure from robot execution videos for different tasks?
This RQ evaluates the performance of VLMs as classi-
fiers for the task correctness by labeling robot execu-
tion videos as either successful or failed.

RQ1.b How effectively can VLMs assess the quality of suc-
cessfully completed robotic tasks?
This RQ evaluates the performance of VLMs in classify-
ing the quality of successful executions using three cat-
egories: High, Medium, or Low. This results in a multi-
class classification problem to be solved by VLMs.

RQ2 How uncertain are VLMs in their assessments of task correct-
ness and task quality?
This RQ investigates the uncertainty of VLM predictions,
that is, how confident the VLMs are for both task correct-
ness and task quality evaluations.

RQ3 To what extent does VLM uncertainty correlate with test ora-
cle decisions for task correctness and quality assessment?
Studying this relationship is important to determinewhether
uncertainty can serve as a reliable indicator of assessments
of task correctness and task quality. It also helps identify
which uncertainty metrics are most suitable for evaluating
the trustworthiness of VLMs for test oracle assessment.
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4.2 Evaluation Dataset
For our evaluation, as a ground truth dataset we used the videos pro-
vided by Valle et al. [48], which comprise four tasks (i.e., MoveNear,
PickUp, PutIn, and PutOn) across three Visual Language Action
(VLA) models (i.e., OpenVLA [24], 𝜋0 [10], and SpatialVLA [41]).
The evaluation has 500 videos per task and VLA model, forming
an unbalanced dataset of successful and failing task executions.
Moreover, among successful executions, the distribution of task
quality (i.e., High, Medium, Low) is also uneven. To address this, we
curated a balanced subset for our evaluation as follows.

For each task, we first determined the maximum number of
successful videos available at each task quality, across all VLAs.
For example, for PickUp, the numbers of successful videos are 201
(High), 66 (Medium), and 117 (Low); so, for this task, we set the
maximum number of videos for each quality level as 66. We then
selected 66 videos for each quality, attempting to balance across
VLAs. Ideally, this would be 22 videos per VLA model, per quality
level. However, for models with fewer than 22 videos, we included
all their videos and distributed the remaining videos among the
other models. For instance, for High quality videos for PickUp,
we selected the 18 videos from OpenVLA, and we balanced the
remaining ones by selecting 24 each from 𝜋0 and SpatialVLA.

Applying this procedure across all tasks, we obtained 198 videos
for PickUp, 141 for MoveNear, 66 for PutIn, and 111 for PutOn,
totaling 516 successful videos. To balance the dataset, we included
an equal number of failing videos per task, that is 198, 141, 66,
and 111, respectively. Since sufficient failing videos were available,
this selection could be fully balanced across models. The resulting
evaluation dataset comprised 1,032 videos.

4.3 Selected Vision-Language Models
We conducted a small exploratory experiment to select the VLMs for
our study. We assessed six VLMs from open-source and proprietary
categories: GPT-4.1 [38], Gemini-2.5-Flash [18], LLaVA-Next [26],
SmolVLM2 [35], Qwen [51], and Eagle [45]. For a fair comparison,
we used the same settings across all VLMs, including a temperature
of 0 to minimize output stochasticity. We ran the experiment five
times, selecting six video files from each of the four tasks.

For task correctness assessment GPT-4.1 and Gemini-2.5-Flash
produced more consistent and task-sensitive results across the four
tasks. In contrast, the open-source models (LLaVA-Next, SmolVLM2,
Qwen, and Eagle) exhibited identical scores (i.e., Precision=0.500,
Recall=1.000, F1=0.667) across all tasks, indicating a behavior that
does not reliably identify the outcome. We observed that all open-
source VLMs predicted all videos as “Successful” in the correctness
assessment, never resulting in a “False Negative”. Consequently, the
higher recall results from this consistent prediction behavior rather
than evidence of strong task understanding, and it does not do
justice to the skewed outcome. Based on this lack of task sensitivity
and the repeated identical outputs irrespective of the ground truth,
we excluded these open-source models from the full experimental
evaluation, and we only used GPT-4.1 and Gemini-2.5-Flash (called
GPT and Gemini in the following).

4.4 Evaluation Metrics
Evaluation Metrics for RQ1.a. We apply usual binary classifica-
tion metrics, i.e., precision, recall, and F1, to assess the performance
of the selected VLMs per task. Since each experiment is repeated 10
times, we report the mean and standard deviation of each metric to
show variability in effectiveness across runs. To assess the statisti-
cal significance, we apply the Mann-Whitney U test for each metric
and task. A 𝑝-value less than 0.05 indicates statistically significant
differences. In addition, we report the Vargha-Delaney effect size
𝐴12 to quantify the magnitude of the observed differences.

For each metric (i.e., precision, recall, or F1), 𝐴12 estimates the
probability that one VLM (V1) yields higher values than another
VLM (V2). A value of 𝐴12 = 0.5 indicates no difference, while
values greater than 0.5 indicate that V1 is more likely to achieve
higher metric values than V2. We interpret the results following the
literature [34]: negligible for 𝐴12 ∈ (0.44, 0.56), small for 𝐴12 ∈
(0.34, 0.44] or 𝐴12 ∈ [0.56, 0.64), medium for 𝐴12 ∈ (0.29, 0.34] or
𝐴12 ∈ [0.64, 0.71), and large for 𝐴12 ∈ [0, 0.29] or 𝐴12 ∈ [0.71, 1].
Evaluation Metrics for RQ1.b.We evaluate the performance of
the VLMs on the multi-class task of assessing task quality with typi-
cal multi-class classification metrics, i.e., Precision-micro, Precision-
macro, Recall-micro, Recall-macro, F1-micro, and F1-macro. The
macro versions of these metrics treat each class equally, providing
an overall measure of effectiveness across all quality categories
(e.g., High, Medium, Low), while the micro versions aggregate con-
tributions from all samples, giving greater influence to classes with
more instances. Using both versions of the metrics allows us to
evaluate the overall performance of the VLMs across classes and
their performance under class imbalance.

In addition, we define a distancemetric 𝑑 ∈ {0, . . . , 5} to quantify
the discrepancy between a predicted task outcome and the ground
truth by considering both task correctness and task quality. Let 𝑐 ∈
{pass, fail} denote the ground-truth correctness and 𝑐 the predicted
correctness. The correctness component of the distance is defined as
𝑑𝑐 = 0 if 𝑐 = 𝑐 , and 𝑑𝑐 = 2 otherwise. Task quality is assumed to be
ordinal with levels𝑞 ∈ {Failure, Low,Medium,High}, whichwemap
to numerical values {0, 1, 2, 3}. Let 𝑞 denote the predicted quality
level; the quality component of the distance is then 𝑑𝑞 = |𝑞−𝑞 |. The
final distance is computed as the sum𝑑 = 𝑑𝑐+𝑑𝑞 , which ranges from
0 for a perfect prediction to 5 for a maximally incorrect prediction.

To assess statistical significance between the two selected VLMs
for each metric, we apply the Mann–Whitney U test and report the
Vargha–Delaney𝐴12 effect size, as in RQ1.a. For the distance metric,
we compute, for each task, run and VLM, the mean distance across
all videos, where lower values indicate better performance. For all
other metrics, higher values correspond to better performance.
Evaluation Metrics for RQ2.We analyze the uncertainty of the
models in order to determine how reliable their answer is. We
selected one uncertainty metric derived from model outputs, i.e.,
Entropy [8], which quantifies the dispersion of the predicted proba-
bility distribution over output classes. We also compute commonly
used confidence-based metrics, i.e., Maximum Softmax Probability
(MSP) and DeepGini [17], defined as the difference between the
highest and second-highest predicted class probabilities. Larger
margins indicate more confident predictions, whereas smaller mar-
gins suggest higher uncertainty.
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Table 1: RQ1.a – Descriptive statistics of precision, recall,
and F1 scores of GPT and Gemini for the four tasks for task
correctness.

VLM Task Precision Recall F1

𝑚 𝜎 𝑚 𝜎 𝑚 𝜎

GPT

MoveNear 0.844 0.044 0.251 0.016 0.386 0.019
PickUp 0.775 0.007 0.541 0.018 0.637 0.013
PutIn 0.980 0.000 0.739 0.027 0.842 0.018
PutOn 0.959 0.015 0.746 0.018 0.839 0.013

Gemini

MoveNear 0.561 0.014 0.730 0.000 0.635 0.009
PickUp 0.609 0.007 0.836 0.003 0.704 0.004
PutIn 0.782 0.053 0.651 0.031 0.711 0.041
PutOn 0.674 0.030 0.869 0.005 0.759 0.021

Evaluation Metrics for RQ3. In RQ3, we focus on finding the
relationship between uncertainty and performance of the models.
Specifically, we analyze the correlation between the proposed dis-
tance metric and the uncertainty measures from RQ2. By focusing
on distance rather than accuracy alone, we account for the severity
of prediction errors and examine whether higher uncertainty is as-
sociated with larger deviations from the ground truth. We perform
Spearman’s correlation test to quantify the strength and direction of
this relationship, thereby assessing whether uncertainty estimates
can serve as reliable indicators of prediction quality. The value of
the correlation coefficient (𝜌) ranges from -1 to +1, where negative
values indicate a negative correlation and positive values indicate
a positive correlation. We also report the 𝑝-value, where a value
lower than 0.05 indicates a statistically significant correlation.

5 Analysis of the Results
In this section, we present a detailed analysis of the results obtained
for each of the research questions posed in this paper. Our goal is to
evaluate the capabilities of VLMs as test oracles, highlighting both
their strengths and limitations in assessing robotic task execution.

5.1 RQ1: Effectiveness of VLMs as Test Oracles
This research question assesses the effectiveness of VLMs as test
oracles. Specifically, we aim to determine how well these models
evaluate two key aspects of task performance: (i) correctness, i.e.,
whether the task was completed as intended, and (ii) quality, i.e.,
how well the task was executed according to defined standards.

5.1.1 RQ1a – Effectiveness of VLMs as Test Oracle for Judging Task
Correctness. As shown in Table 1, for MoveNear, Gemini achieves a
precision of 0.561 and a high recall of 0.730, resulting in an overall F1
score of 0.635. This indicates that Gemini correctly classifies most
test assessments but produces some false positives. In contrast, GPT
exhibits high precision (0.844) but low recall (0.251), yielding a low
F1 score of 0.386.While GPTmakes very few false positives, it misses
many correct test assessments. As shown in Table 2, statistical tests
confirm that GPT significantly outperforms Gemini in precisionwith
a large effect size, whereas Gemini is significantly better than GPT
for recall and F1, also with large effect sizes. Generally, the standard

Table 2: RQ1.a – Results of Mann-Whitney U-Test and 𝐴12
statistics to compare GPT vs Gemini in terms of task task cor-
rectness.

Task Precision Recall F1

𝑝-value 𝐴12 𝑝-value 𝐴12 𝑝-value 𝐴12

MoveNear 0.000144 1.00 < 0.0001 0.00 0.000144 0.00
PickUp 0.000144 1.00 0.000142 0.00 0.000144 0.00
PutIn 0.000141 1.00 0.000142 1.00 0.000142 1.00
PutOn 0.000145 1.00 0.000141 0.00 0.000145 1.00

deviations are very low (Table 1), indicating that the performance
of the models across different runs is stable.

As shown in Table 1, for PickUp, Gemini obtained a precision of
0.609 and a high recall of 0.836, resulting in an F1 score of 0.704. This
suggests that Gemini captures most of the correct test assessments,
though it also produces a moderate number of false positives. In
comparison, GPT demonstrates higher precision (i.e, 0.775) but lower
recall (i.e., 0.541) than Gemini, yielding a lower F1 score of 0.637.
Furthermore, as Table 2 depicts, the results are the same as for
MoveNear, i.e., GPT significantly outperforms Gemini in precision
with a large effect size, whereas Gemini is significantly better in
recall and F1 than GPT, also with large effect sizes. The low standard
deviations (Table 1) indicate that overall both models’ performance
is consistent and stable across different runs.

Table 1 shows that for PutIn, GPT outperforms Gemini in preci-
sion (0.980 vs. 0.782), recall (0.739 vs. 0.651), and F1 score (0.842 vs.
0.711). As reported in Table 2, these differences are statistically sig-
nificant, with large effect sizes across all three metrics. For PutOn,
GPT achieves higher precision (0.959 vs. 0.674) and F1 score (0.839
vs. 0.759) than Gemini, but lower recall (0.746 vs. 0.869). Statistical
tests in Table 2 confirm these differences, with all comparisons
statistically significant and large effect sizes. All standard deviation
values are low (Table 1), indicating stable performance across runs.

Based on these results, we conclude that across the four tasks,
Gemini typically achieves higher recall, capturing more true test
assessments, while GPT generally exhibits higher precision, produc-
ing fewer false positives. Thus, we suggest that using both models
simultaneously may be beneficial in future work to improve test
assessment performance. Their outputs, for example, through a
voting mechanism, could then be used to determine the final test
assessment.

5.1.2 RQ1.b – Effectiveness of VLMs as Test Oracle for Judging
Task Quality. Table 3 summarizes the results of assessing VLMs
for judgment test quality. Overall, precision, recall, and F1 (both
micro and macro) are relatively low across tasks. For example, the
best performance is observed for the PutOn task using GPT, with
a precision-micro of 0.483, recall-micro of 0.483, and F1-micro of
0.483. For the remaining tasks, and across both models, the other
metric values are even lower, indicating that the exact multiclass
judgment test assessment remains challenging for the evaluated
VLMs. Now, when comparing the two models (Table 4), for PickUp,
PutIn, and PutOn, GPT outperforms Gemini on all metrics with
large effect sizes, except for recall-macro on PutIn where there
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Table 3: RQ1.b – Descriptive statistics of precision/recall/F1 (micro and macro) and distance of GPT and Gemini for the four tasks
(multiclass task-quality assessment).

VLM Task Precision-micro Precision-macro Recall-micro Recall-macro F1-micro F1-macro Distance

𝑚 𝜎 𝑚 𝜎 𝑚 𝜎 𝑚 𝜎 𝑚 𝜎 𝑚 𝜎 𝑚 𝜎

GPT

MoveNear 0.193 0.0232 0.168 0.0365 0.193 0.0232 0.220 0.0208 0.193 0.0232 0.164 0.0264 1.856 0.0482
PickUp 0.390 0.0175 0.267 0.0273 0.390 0.0175 0.344 0.0175 0.390 0.0175 0.265 0.0191 1.534 0.0389
PutIn 0.386 0.0219 0.266 0.0218 0.386 0.0219 0.301 0.0163 0.386 0.0219 0.270 0.0172 0.847 0.0475
PutOn 0.483 0.0214 0.340 0.0379 0.483 0.0214 0.383 0.0179 0.483 0.0214 0.333 0.0231 0.843 0.0345

Gemini

MoveNear 0.205 0.0015 0.152 0.0032 0.205 0.0015 0.262 0.0021 0.205 0.0015 0.155 0.0022 2.506 0.0015
PickUp 0.222 0.0000 0.141 0.0000 0.222 0.0000 0.270 0.0000 0.222 0.0000 0.150 0.0000 2.418 0.0000
PutIn 0.301 0.0000 0.221 0.0000 0.301 0.0000 0.297 0.0000 0.301 0.0000 0.182 0.0000 1.794 0.0000
PutOn 0.276 0.0000 0.217 0.0000 0.276 0.0000 0.322 0.0000 0.276 0.0000 0.195 0.0000 2.153 0.0000

Table 4: RQ1.b – Results of Mann-Whitney U-Test and 𝐴12 statistics to compare GPT vs Gemini in terms of task quality.

Task Precision-micro Precision-macro Recall-micro Recall-macro F1-micro F1-macro Distance

𝑝-value 𝐴12 𝑝-value 𝐴12 𝑝-value 𝐴12 𝑝-value 𝐴12 𝑝-value 𝐴12 𝑝-value 𝐴12 𝑝-value 𝐴12

MoveNear 0.0189 0.20 0.1426 0.69 0.0189 0.20 < 0.0001 0.00 0.0189 0.20 0.0433 0.76 < 0.0001 0.00
PickUp < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 0.00
PutIn < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 1.0000 0.50 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 0.00
PutOn < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 1.00 < 0.0001 0.00

are no significant differences. In contrast, for the MoveNear task,
Gemini significantly outperformed GPT on precision-micro, recall-
micro, recall-macro, and F1-micro, with large effect sizes. There
were no significant differences between the models for precision-
macro; however, GPT achieved significantly higher F1-macro than
Gemini.

However, when examining the distance metric, we can see that
for Gemini, the lowest (best) distance is achieved on PutIn (1.794),
while the highest (worst) value is observed for MoveNear (2.506).
For GPT, the best performance is again obtained on PutOn, with
a substantially lower distance of 0.843, whereas the worst perfor-
mance occurs on MoveNear, with a distance of 1.856. This suggests
that although the models often fail to predict the exact quality class,
their predictions are generally close to the true quality levels. GPT
exhibits significantly lower distances than Gemini, with large effect
sizes, as shown in Table 4, suggesting that GPT produces judgment
test quality assessments that are closer to the ground truth.

Answer to RQ1: Our results suggest complementary strengths
between the two VLMs: Gemini excels at identifying the most
relevant test assessments (high recall), whereas GPT produces
more precise predictions closer to the ground truth.

5.2 RQ2: VLM Uncertainty for Task Correctness
and Quality Assessment

Table 5 presents descriptive statistics for Gemini and GPT across
the four tasks for the three uncertainty metrics. The results show
that for DeepGini and Entropy, the values are very close to zero,
whereas for MSP, all values are near 1.0, indicating that both models
exhibit extremely low uncertainty for all the tasks. Moreover, the

Table 5: RQ2 – Descriptive statistics of DeepGini, Entropy,
and MSP of GPT and Gemini for the four tasks for task correct-
ness. ↑means a high value represents low uncertainty and
vice versa.

VLM Task DeepGini ↓ Entropy ↓ MSP ↑
𝑚 𝜎 𝑚 𝜎 𝑚 𝜎

GPT

MoveNear 0.0733 0.0089 0.0311 0.0041 0.9789 0.0027
PickUp 0.0445 0.0050 0.0192 0.0023 0.9865 0.0017
PutIn 0.0222 0.0064 0.0090 0.0029 0.9942 0.0021
PutOn 0.0447 0.0071 0.0193 0.0036 0.9865 0.0031

Gemini

MoveNear 0.0007 0.0001 0.0001 0.0000 0.9999 0.0000
PickUp 0.0003 0.0001 0.0001 0.0000 1.0000 0.0000
PutIn 0.0006 0.0001 0.0001 0.0000 1.0000 0.0000
PutOn 0.0004 0.0001 0.0001 0.0000 1.0000 0.0000

very low standard deviations across all metrics indicate that both
models are highly stable across runs. Similar patterns are observed
for task quality assessment across all four tasks (Table 6), where
uncertainty remains low, and model uncertainty is consistently
stable across runs (low standard deviation).

The consistently low uncertainty values observed across all tasks
and both models should be interpreted with caution. While low un-
certainty may indicate confident predictions, it does not necessarily
imply correctness, particularly for task quality assessment where
effectiveness metrics remain modest. This suggests that the VLMs
are often highly confident even when their predictions deviate from
the ground truth, pointing to potential overconfidence in their inter-
nal probability estimates. This behavior is especially evident when
contrasting the low uncertainty values in Tables 5 and 6, with the
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Table 6: RQ2 – Descriptive statistics of DeepGini, Entropy,
and MSP of GPT and Gemini for the four tasks for task-quality
assessment. ↑means a high value represents low uncertainty
and vice versa

VLM Task DeepGini ↓ Entropy ↓ MSP ↑
𝑚 𝜎 𝑚 𝜎 𝑚 𝜎

GPT

MoveNear 0.0978 0.0369 0.1599 0.0568 0.9281 0.0303
PickUp 0.0322 0.0174 0.0536 0.0274 0.9770 0.0135
PutIn 0.0468 0.0315 0.0812 0.0502 0.9683 0.0242
PutOn 0.0585 0.0176 0.0974 0.0246 0.9592 0.0152

Gemini

MoveNear 0.0008 0.0005 0.0026 0.0014 0.9996 0.0003
PickUp 0.0013 0.0015 0.0032 0.0026 0.9992 0.0009
PutIn 0.0012 0.0011 0.0033 0.0023 0.9994 0.0006
PutOn 0.0002 0.0001 0.0010 0.0004 0.9999 0.0000

Table 7: RQ3 – Spearman correlation between distance and
uncertainty metrics (DeepGini, Entropy, and MSP) for GPT
and Gemini across the four tasks. Higher DeepGini and En-
tropy values indicate higher uncertainty, whereas higher
MSP values indicate lower uncertainty.

VLM Task DeepGini Entropy MSP

𝑝-value 𝜌 𝑝-value 𝜌 𝑝-value 𝜌

GPT

MoveNear 0.8105 0.0088 0.8699 0.0060 0.7884 −0.0099
PickUp < 0.0001 0.2193 < 0.0001 0.2193 < 0.0001 −0.2194
PutIn 0.6558 −0.0187 0.6569 −0.0186 0.6573 0.0186
PutOn < 0.0001 0.1657 < 0.0001 0.1666 < 0.0001 −0.1657

Gemini

MoveNear 0.0003 0.0776 0.0003 0.0784 0.0003 −0.0776
PickUp 0.0077 0.0482 0.0055 0.0502 0.0077 −0.0482
PutIn < 0.0001 0.3120 < 0.0001 0.3120 < 0.0001 −0.3120
PutOn 0.0297 0.0539 0.0192 0.0580 0.0297 −0.0539

relatively high distance values reported for task quality assessment.
From a test oracle perspective, this highlights an important lim-
itation: uncertainty estimates alone are insufficient to guarantee
correctness and should not be interpreted in isolation. Neverthe-
less, the high stability of uncertainty metrics across runs indicates
that uncertainty estimation itself is reproducible and consistent,
making it a viable signal to be combined with effectiveness metrics
or post-hoc calibration techniques when assessing the reliability of
VLM-based test oracles for robotic manipulation applications.

Answer to RQ2: Both models exhibit consistently low uncer-
tainty and highly stable performance across tasks and runs
when assessing task correctness and quality, indicating that the
models are reliable.

5.3 RQ3: Correlation of Test-Oracle Correctness
and VLM Uncertainty

Table 7 reports Spearman’s rank correlations between the uncer-
tainty metrics and distance. For Gemini, DeepGini and Entropy ex-
hibit statistically significant positive correlations (𝑝 < 0.05, 𝜌 > 0),
indicating that higher uncertainty measured by these metrics is as-
sociated with larger distances, while lower uncertainty corresponds
to smaller distances. For MSP, the same pattern is observed across
all four tasks; however, since MSP is interpreted inversely relative

to DeepGini and Entropy, the correlations are negative (𝜌 < 0).
Overall, these results suggest that higher uncertainty in Gemini is
generally associated with predictions that deviate more from the
ground truth.

For GPT, similar patterns to Gemini are observed for MoveNear,
PickUp, and PutOn across the three uncertainty metrics. However,
for MoveNear, the correlations are not statistically significant (𝑝 >

0.05). In contrast, for PutIn, the direction of the correlation is
reversed, indicating a negative association between uncertainty
and distance; however, the correlation coefficient is very close to
zero and not statistically significant (𝑝 > 0.05).

The correlation analysis reveals that uncertainty can serve as a
meaningful, although imperfect, indicator of test oracle reliability.
For Gemini, the consistent and statistically significant correlations
across tasks suggest that higher uncertainty is generally aligned
with poorer oracle decisions, as reflected by larger distances from
the ground truth. This indicates that, for this model, uncertainty
estimates provide useful information about when its assessments
should be treated with caution. In contrast, GPT exhibits weaker and
less consistent correlation, with some tasks showing no statistically
significant relationship between uncertainty and distance. This
discrepancy suggests that the usefulness of uncertainty as a proxy
for correctness might be model-dependent and influenced by how
uncertainty is internally represented and exposed. Notably, the
absence of significant correlations for certain tasks implies that low
uncertainty does not always guarantee accurate predictions.

Answer to RQ3: Uncertainty and distance are slightly corre-
lated, with Gemini showing consistent positive correlations and
GPT exhibiting similar but even weaker trends.

6 Threats to Validity
Threats to conclusion validity are mainly related to the stochastic
nature of the models used, even when the temperature is set to 0.
To mitigate these effects, we ran each task 10 times to account for
variability and applied appropriate statistical tests in accordance
with established guidelines in the literature [3].

Threats to internal validity arise from the models’ parameter
settings.We configured them identically to enable a fair comparison.
For example, we set the temperature parameter to 0 for both models.
Moreover, we used the same prompt template for both models.

Threats to construct validity arise from the evaluation metrics
used. For task correctness (binary classification) and task quality
assessment (multiclass classification), we used well-established met-
rics from the machine learning domain. Moreover, to capture the
extent to which predictive quality deviates from the ground truth,
we defined a distance-based metric.

Regarding threats to external validity, we acknowledge the limita-
tion of using four tasks, approximately 1,000 videos, and twomodels.
However, this is a sufficiently large number of videos extracted from
three state-of-the-art vision language action model-based robots.
Including a broader set of tasks and videos would strengthen our
findings across diverse tasks, while evaluating additional VLMmod-
els would help assess how well the results generalize beyond those
considered in this study.
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7 Discussion
This paper assessed the feasibility of using VLMs as test oracles
for robotic tasks testing by analyzing task execution videos gen-
erated from simulation, with the aim of reducing manual effort.
Although we were unable to use open-source VLMs effectively,
proprietary VLMs performed well in assessing task correctness and
quality, with low uncertainty. Moreover, the results were consistent
across multiple runs, indicating reliable performance. However,
we observed that model uncertainty remained low even when the
VLM failed at properly determining task correctness and quality,
suggesting that the employed uncertainty metrics may not reliably
reflect prediction confidence. As a result, we foresee the need to
define new uncertainty metrics that can be reliably used to assess
task correctness and quality.

Moreover, we see potential to reduce costs using VLMs as a
test oracle for robotic task testing. In our experiments, the per-test
cost associated with monetary costs is approximately $0.03 per
assessment and inference time of approximately 7 seconds. Com-
pared to manual assessment, where a human evaluates a task in
real-time, and for the failing cases there is no need to finish the
task assessment, VISOR must wait for the simulation to complete,
resulting in inference time and monetary cost. For a single video
or a small set of videos, human assessment is generally faster and
more reliable. However, as the number of videos to evaluate in-
creases, the advantage of using VISOR becomes more significant.
Apart from being able to evaluate videos continuously for days, in
environments where multiple robots are operating simultaneously,
VISOR can process several videos in parallel, limited only by the
capacity of the VLM to handle multiple requests. Meanwhile, using
VISOR frees human evaluators to focus on other tasks during this
time, further improving overall efficiency. In contrast, a human can
evaluate only one video at a time, making VISOR a more scalable
solution for assessing thousands of tests. We note, however, that our
current evaluation focused on videos generated from simulations.
Consequently, the performance of VISOR on videos from hardware-
in-the-loop simulations or real-world robotic deployments remains
untested and represents an important direction for future work.

Finally, we anticipate that fine-tuning open-source VLMs on
robotic task assessment data could improve their performance and
reduce reliance on proprietary models, thereby reducing the mone-
tary costs associated with proprietary models.

8 Related work
Recent advancements robotics field have enabled robots to perform
complex manipulation tasks by integrating multimodal perception
with action generation. However, evaluating these systems remains
challenging in open-world settings, where failures stem from per-
ceptual ambiguities, environmental variability, or underspecified
instructions. Most existing approaches rely on benchmark-based
evaluations with symbolic oracles [21, 28, 29, 37]. For instance,
VLATest [50], which automatically generates scenes to evaluate
VLAs, and large-scale benchmarks like VLABench [53] and Neb-
ula [40], primarily report success rates focusing on final outcome
correctness. However, these approaches offer limited insight into
qualitative aspects such as motion quality, robustness, and per-
ceptual grounding, while also relying on ad-hoc, task-specific test

oracles. To address these limitations, Valle et al. [48] proposed qual-
ity and uncertainty metrics for robotic task evaluation. In contrast
to our approach, their method requires human intervention to set
metric thresholds so that the metrics distinguish between different
levels of execution quality.

A complementary research direction leverages Large Language
Models (LLMs) and VLMs for failure detection and automated cor-
rection. REFLECT [31] converts multi-sensory robot actions into hi-
erarchical textual summaries, enabling LLMs to explain failures and
suggest corrective actions. RoboReflect [33] employs VLMs for re-
flective reasoning and trajectory planning adjustment in ambiguous
grasping scenarios, while SC-VLA [25] integrates fast action predic-
tion with a slower VLM-based system for detecting and correcting
errors via chain-of-thought reasoning. Code-as-Monitor [54] lever-
ages VLMs to generate code to monitor spatio-temporal constraints
in both reactive and proactive modes of robotic tasks, and meth-
ods like RoboFAC [32] and AHA [16] fine-tune VLMs for natural-
language reasoning over failures and trajectory corrections. Other
approaches [15, 19] leverage VLMs for visual question answering,
providing either binary task correctness or user-specific responses.
While these methods demonstrate the utility of LLMs and VLMs for
monitoring and recovery, they largely focus on failure correction
or binary evaluation rather than holistic assessment of execution
quality.

In contrast to all the aforementioned approaches, VISOR evalu-
ates not only binary task success but also execution quality while
providing uncertainty estimation to support trust in its verdicts. In
addition, unlike approaches that use symbolic oracles, VISOR can
be easily adapted to other tasks, requiring no human intervention
for threshold tuning or metric specification, but only for defining
task quality requirements.

9 Conclusion and Future Work
Test oracle assessment for testing robotic behavior to determine
its correctness remains a manual and therefore time-consuming
task. To address this challenge, this paper proposes a VLM–based
approach for automated test oracle assessment that determines not
only whether a robot’s behavior is correct but also its quality based
on recorded robot behavioral videos. Moreover, VISOR explicitly
quantifies uncertainty when assessing both task correctness and
task quality, thereby providing a measure of how much the VLM’s
assessment can be trusted. We evaluate VISOR using two VLMs,
GPT and Gemini, across four robotic tasks, analyzing their ability
to assess correctness and quality while accounting for uncertainty.

As future work, we plan to evaluate World models like Cosmos
from Nvidia [1]. These emerging models can support complex video
analytics over large volumes of recorded and live video, enabling
richer, more contextual understanding of visual content. Moreover,
we will expand our evaluation to more VLMs and develop a voting-
based mechanism to consolidate assessments from multiple VLMs.
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