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Abstract

Policy evaluation plays a critical role in robot
learning. However, current robotic policy
evaluation predominantly relies on unexpres-
sive scalar metrics, while detailed, language-
based assessments are largely performed by
human evaluators, making the process slow,
expensive, and difficult to scale. Meanwhile,
vision-language models (VLMs) are increas-
ingly leveraged as automated judges across a
wide range of domains, owing to their broad
world knowledge, commonsense reasoning,
and multimodal understanding. Motivated by
this, in this work, we formulate robot policy
A/B evaluation as a multimodal learning prob-
lem and fine-tune VLMs on curated human pol-
icy evaluation data. Our experiments demon-
strate that fine-tuning on high-quality human
annotations dramatically improves the judg-
ment capability of Qwen-VL models, yielding
evaluations that more faithfully reflect human
preferences. Furthermore, we show that our
fine-tuned Qwen3-VL-8B judge can be effec-
tively leveraged for data curation in robotic
imitation learning: the policy trained on data
selected by our model achieves an 80.5% suc-
cess rate on the LIBERO-Object benchmark,
significantly outperforming that with data cu-
rated by the base model.

“If you can’t measure it, you can’t im-
prove it.”

— Lord Kelvin
1 Introduction

Policy evaluation plays a fundamental role in de-
veloping robot learning models (Barreiros et al.,
2026). Common approaches to robot policy eval-
uation and benchmarking typically rely on scalar
metrics like success rate or the dynamic time warp-
ing similarity (Senin, 2008) between expert and
rollout robot trajectories. While these metrics are
simple and efficient to implement, they fail to cap-
ture many important aspects of real-world robot
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Figure 1: VLM Judge for Policy Evaluation Overview.
Top: Our fine-tuned VLM judge can automate the robot
policy A/B evaluation process (select the better policy,
give task progress scores, and provide free-form text
explanations); Bottom: The VLM judge can also be used
for demonstration data selection for imitation learning.

behavior, including partial progress, efficiency, ro-
bustness, and adherence to language instructions,
thus making it difficult to meaningfully distinguish
between policies or identify specific failure modes
in complex, long-horizon tasks.

As robot learning shifts toward generalist poli-
cies (Sapkota et al., 2025) capable of handling
open-world tasks conditioned on language instruc-
tions, recent work has highlighted the importance
of incorporating human preferences and free-form
feedback to better capture nuanced performance
differences (Atreya et al., 2025; Jangir et al., 2026).
However, this evaluation paradigm remains funda-
mentally limited: collecting preference judgments,
progress scores, and textual explanations from hu-
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man evaluators is costly, time-consuming, and dif-
ficult to scale across the diverse task and configura-
tion distributions that generalist robots are expected
to handle. Recent advances in large language mod-
els (LLMs) and vision-language models (VLMs)
offer a promising path forward, as these models
have demonstrated strong multimodal reasoning
abilities and broad world knowledge (Yin et al.,
2024) that closely mirror the judgment capabilities
required for holistic robot evaluation. This makes
them compelling for automating the assessment of
task completion, instruction grounding, and behav-
ioral quality in a scalable and reproducible manner.

Motivated by this trend, in this work, we formu-
late robot policy A/B evaluation as a multimodal
learning problem and investigate training VLMs as
automated judges. Specifically, we fine-tune VLMs
on high-quality human evaluation data (Atreya
et al., 2025) such that, given a pair of rollout videos
from two anonymized policies and a natural lan-
guage task description, the model predicts (i) a
pairwise preference indicating which policy per-
formed better, (ii) a task progress score for each
policy, and (iii) a free-form natural language ex-
planation justifying the judgment. We demonstrate
that fine-tuning on high-quality human annotations
substantially improves VLMs’ ability to approxi-
mate human evaluator outputs, enabling efficient,
consistent, and scalable policy assessment without
requiring human involvement. We also show that
our fine-tuned Qwen3-VL-8B judge generalizes
to evaluations on an SO100 unseen robot arm (Ca-
dene et al., 2024). Beyond evaluation, we show that
our VLM judge can also be effectively repurposed
for filtering robot demonstration data, owing to its
learned ability to assess task progress and behav-
ioral quality from video observations. In particular,
we show that data curated by the VLM judge can
be used for training an imitation learning model
that obtains an 80.5% success rate on the LIBERO-
Object benchmark (Liu et al., 2023). The result
suggests the broader utility of VLM judges across
arange of robot learning applications. An overview
of our work is illustrated in Figure 1.

In summary, our contributions are two-fold:

¢ We fine-tune Qwen-VL models for the robot
policy evaluation task, demonstrating that
fine-tuning on high-quality human evaluation
data significantly boosts the judgment capabil-
ity and enables generalizability to an unseen
robot embodiment.

* We further utilize the trained VLM judge for
the task of robotic demonstration data selec-
tion, showing that data curated by our judge
is of high quality and effectively benefits the
downstream imitation learning.

2 Related Work

2.1 Robot Policy Evaluation

Evaluating robot policies has traditionally relied on
scalar metrics such as success rate or trajectory sim-
ilarity (Zhu et al., 2020; Brohan et al., 2023; Senin,
2008; Ming et al., 2025). While simple and repro-
ducible, these metrics reduce complex behaviors to
a single number and often fail to capture important
aspects such as motion smoothness, safety, and par-
tial task completion. To address these limitations,
RoboArena (Atreya et al., 2025) introduces a de-
centralized evaluation paradigm in which human
evaluators compare policies via pairwise A/B judg-
ments and provide natural language explanations,
enabling more nuanced and human-aligned assess-
ment across diverse tasks. However, this approach
relies heavily on human annotators’ effort, making
it costly and difficult to scale to the large number
of evaluations required during policy development.
In this work, we instead fine-tune VLMs as auto-
mated evaluators, effectively retaining the semantic
richness of human judgment while removing the
bottleneck of human involvement.

2.2 VLM-as-a-Judge

The use of language and vision-language models
as automated judges has emerged as a promising
paradigm for scalable, human-aligned evaluation.
Prior work on LLM-as-a-Judge (Zheng et al., 2023)
and its multimodal extension (Lee et al., 2024)
demonstrate strong agreement with human prefer-
ences across diverse tasks. VLM-based evaluators
have since been applied to domains such as image,
video, and 3D generation (Lin et al., 2024; He et al.,
2024; Wu et al., 2024). However, applying this
paradigm to robot policy evaluation remains chal-
lenging, as it requires reasoning over temporally
extended, contact-rich behaviors and task-relevant
spatial interactions from video observations. More-
over, rollout videos usually present suboptimal, in-
efficient, or jittery robot actions, which are com-
mon in robotics but overlooked in the training data
of VLMs (Tian et al., 2026). Recent works such as
RoboMeter (Liang et al., 2026), RoboReward (Lee
et al., 2026), and TOPReward (Chen et al., 2026)



explore VLM-based reward modeling by predict-
ing scalar progress signals, but these approaches
lack the interpretability and semantic richness of
language-based evaluation. In contrast, our work
fine-tunes VLMs to jointly produce pairwise pref-
erences, progress scores, and natural language ex-
planations, enabling more interpretable and human-
aligned A/B evaluation of robot learning policies.

3 Methodology

3.1 Human Evaluation Data Collection

We leverage publicly available and high-quality
human-annotated data from RoboArena (Atreya
et al., 2025), a distributed robot policy evaluation
platform. RoboArena hosts large-scale, real-world
A/B evaluations in which human evaluators com-
pare pairs of robot learning policies performing the
same task under matched initial conditions. Each
sample of our data corresponds to an A/B com-
parison and includes: (i) input including a textual
task instruction (e.g., “put the banana in the or-
ange bowl”) and a pair of 40-second rollout videos
from two robot learning policies (anonymized as
policy A and policy B) on a Franka Panda robot
arm (Franka Robotics, 2026). Note that an evalu-
ation session can contain multiple pairs of videos
captured using different cameras; and (ii) output in-
cluding a pairwise preference indicating the better
policy (A, B, or TIE), a free-form textual justifica-
tion for the preference, and two task progress scores
for two policies. In total, we collect 4,465 high-
quality human evaluation data samples, spanning
across a wide range of robot evaluation scenarios
and camera viewpoints, as exemplified in Figure 2.
We use 90% of the data for training, 5% for vali-
dation, and reserve the remaining 5% for testing.
Refer to Figure 3 for a sample in our dataset.

3.2 Training Details

Given the curated high-quality data, we em-
ploy Low-Rank Adaptation (LoRA) (Hu et al.,
2022) to perform parameter-efficient fine-tuning
for widely-used VLMs in the Qwen-VL family,
including Qwen2.5-VL (Bai et al., 2025b) and
Qwen3-VL (Bai et al., 2025a). In particular, we
fine-tune Qwen2.5-VL-3B-Instruct, Qwen3-VL-
2B-Instruct, Qwen3-VL-4B-Instruct, and Qwen3-
VL-8B-Instruct. Robot policy rollout videos are
sampled at 1 FPS, resulting in 40 frames per video.
During our training, we only update the LoRA
adapter and the visual projector, while freezing

Figure 2: Data Diversity. RoboArena covers a wide
range of tasks, scene settings, and camera viewpoints.

the LLM backbones and vision encoders. We set
LoRA rank to 64 and the « scaling hyper-parameter
to 128. All models are trained for 1 epoch with the
learning rate of le—5.

4 Experiments

4.1 Baselines and Setting

We benchmark the base and fine-tuned vari-
ants of Qwen2.5-VL-3B-Instruct, Qwen3-VL-2B-
Instruct, Qwen3-VL-4B-Instruct, and Qwen3-VL-
8B-Instruct. Temperature is set to O for all models
to guarantee reproducibility. We evaluate mod-
els on 224 testing samples. Human preferences,
progress scores, and textual explanations given in
RoboArena data are treated as the ground truth. We
prompt the VLMs to produce outputs in a prede-
fined structured JSON format, enabling straightfor-
ward computation of evaluation metrics.

4.2 Metrics

We evaluate VLM judges using four metrics. First,
Preference Accuracy (PA) measures the fraction
of samples where the model’s pairwise prefer-
ence (A, B, or TIE) matches the human annotator’s
judgment, serving as a direct measure of judg-
ment correctness. Second, we employ Cohen’s
kappa score (Kappa) (McHugh, 2012), which is
an accuracy-like metric adjusting for chance agree-
ment given the class distributions. Third, we as-
sess the quality of free-form explanations using
BERTScore (rescaled with baseline) (Zhang et al.,
2020), which computes token-level semantic simi-
larity between predicted and reference explanations.
Finally, we evaluate progress score estimation via
Mean Absolute Error (MAE) on the 0 — 100 in-



{
"id": "@498f9e6-alad-47aa-be33-d8d8c4958c6¢c_right",
"video": [

03T08:29:18.274515_video_right.mp4",
''0498f9e6-a0ad—47aa—be33-

03T08:34:03.351125_video_right.mp4"
I,

"conversations": [

"from": "human",

a JSON object following this template exactly:\n{\n
<free-form explanation of your preference>\",\n

no progress, 100 = task completed)."
’
{
"from": "gpt",

"value": "{\n \"preference\": \"TIE\",\n

\"progress_score_A\": 10,\n

]
}

"'0498f9%e6-a0ad-47aa—-be33-d8d8c4958c6¢c/A_paligemma_fast_droid/paligemma_fast_droid_2025-12-

d8d8c4958c6c/B_paligemma_fast_specialist_droid/paligemma_fast_specialist_droid_2025-12-

"value": "<video>\n<video>\nYou are given two robot policy rollout videos (Video A and Video B)
performing the same task: \"put the shoe on to floor\".\nEvaluate which policy performed better. Respond with
\"preference\":
\"progress_score_A\": <integer 0-100>,\n
\"progress_score_B\": <integer 0-100>\n}\nWhere:\n- \"preference\" is your preferred policy (\"A\", \"B\", or
\"TIE\").\n- \"explanation\" is a free-form explanation of your preference.\n- \"progress_score_A\" and
\"progress_score_B\" are integers from @ to 100 proportional to the maximum progress each policy achieved (0 =

\"explanation\": \"Policy A first moved the gripper toward
the curtain, then moved back and forth for a while, grasped the curtain.Policy B first moved the gripper close
to the controller, attempted to grasp it, then approached the curtain, attempted to grasp it.My instruction is
to put the shoe on to floor, neither policy was able to complete the task.When comparing the performance of
the two, both policies only moved the gripper, but did not find the shoe.Therefore, i choose tie.\",\n
\"progress_score_B\": 10\n}"

\"<A | B | TIE>\",\n \"explanation\": \"

Figure 3: Data Example. In total, we curate 4,465 high-quality human evaluation data samples from RoboArena.
Each sample consists of two rollout videos of two policies, a task description, together with the human preference, a
textual explanation, and two progress scores, one for each policy.

teger scores assigned to each rollout, where MAE
is averaged across both rollouts and all samples.
More concretely, given N evaluation samples, each
with a predicted score pair (8%, §%) and ground-
truth pair (s%, siB) , the MAE is defined as:

N
1 [
MAE = SN El (\sA — syl + 185 — SZB’). (1
1=

MAE measures how accurately VLM judges quan-
tify task completion relative to human judgment.
Together, these four evaluation metrics capture
complementary aspects of evaluation quality: dis-
crete preference correctness, explanation coher-
ence, and progress estimation.

4.3 Results

Table 1 presents the performance of base and fine-
tuned Qwen-VL models across all evaluation met-
rics. Among the base models, Qwen3-VL-8B-
Instruct achieves the strongest performance, with a
preference accuracy of 0.4598, a Kappa of 0.1274,
a BERTScore of 0.2318, and an MAE of 35.73,
suggesting that larger model capacity provides a
modest advantage in judgment quality even with-
out fine-tuning on human data. Fine-tuning with
LoRA consistently and substantially improves per-

formance across all models and metrics, confirming
that adapting VLMs to human judgment data is key
for reliable policy evaluation. Notably, Qwen3-VL-
8B-Instruct-LoRA achieves the best overall perfor-
mance, attaining a PA of 0.6558, a Kappa of 0.3995,
and a BERTScore of 0.3254, while reducing MAE
to 22.04 — the lowest across all models. These
results highlight that fine-tuning on high-quality
human annotations is critical for driving evaluation
quality. However, the moderate absolute scores
suggest that despite their promise as automated
judges, current VLMs still fall considerably short
of human-level judgment, likely due to the inherent
difficulty of interpreting nuanced robot behavior in
diverse environments and reasoning across multi-
ple video observations simultaneously. A qualita-
tive comparison between a human response, one
generated by the base Qwen3-VL-8B, and another
produced by its version fine-tuned on the human
data is presented in Figure 4. We can observe that
while the base model’s response is largely inco-
herent and unreliable, the one generated by the
fine-tuned model is much better and aligns more
closely with the human evaluator’s response. For
the remainder of this paper, unless otherwise stated,
we refer to the fine-tuned Qwen3-VL-8B-Instruct-
LoRA model as our VLM judge.



Model PA1 KappaT BERTScoret MAE |

Qwen2.5-VL-3B-Instruct 0.1818 -0.0102 0.2277 56.08
Qwen3-VL-2B-Instruct 0.4286  0.0023 0.2263 48.12
Qwen3-VL-4B-Instruct 0.3361  0.0170 0.2314 38.29
Qwen3-VL-8B-Instruct 0.4598 0.1274 0.2318 35.73
Qwen2.5-VL-3B-Instruct-LoRA  0.3020 0.0102 0.2499 34.22
Qwen3-VL-2B-Instruct-LoRA 0.4574  0.0452 0.2957 32.46
Qwen3-VL-4B-Instruct-LoRA 0.5567  0.2490 0.3060 25.05
Qwen3-VL-8B-Instruct-LoRA 0.6558  0.3995 0.3254 22.04

Table 1: Results of Base and Fine-Tuned Qwen-VL Models. For each metric, the best performance is bolded, and

the second-best performance is underlined.

5 Ablation Study

5.1 Multi-View Rollout Videos

Robot learning setups usually come with multiple
cameras to provide comprehensive visual observa-
tions for the robot policy. For example, a static
side-view camera captures scene-level visual cues,
while a dynamic wrist-view camera (attached to
the robot’s wrist) provides detailed, fine-grained
images of subtle robot-object interactions. Simi-
larly, in RoboArena, rollout videos from the robot’s
wrist camera are included alongside those from the
side-view camera, which we use in our main ex-
periments. In this section, we investigate whether
incorporating wrist-view videos can improve the
evaluation performance of the VLM judge. The
trade-off is that while wrist-view videos supply
additional visual context for more informed judg-
ments, they also make the problem considerably
more challenging, requiring the VLM to process
four videos (two per policy) simultaneously in a sin-
gle evaluation session. To study this, we fine-tune a
Qwen3-VL-8B-Instruct model on multi-view video
observations and also include wrist-view videos at
test time. The results in Table 2 show that adding
wrist-view rollout videos does not improve eval-
uation performance and, in fact, slightly worsens
all scores. We hypothesize that this is because the
manipulation tasks evaluated in RoboArena are not
particularly contact-rich, such that side-view ob-
servations alone provide sufficiently informative
visual cues, while reasoning across four videos im-
poses an additional burden on the VLM model.

5.2 Cross-Embodiment Generalization

Although our VLM judge is trained on
RoboArena’s evaluation data collected ex-
clusively with the Franka Panda robot, we expect
its learned understanding of robot behaviors and

Setting PA1T Kappat BERTScore? MAE |
Multi-view 0.6309  0.3912 0.2904 25.71
Ours 0.6558  0.3995 0.3254 22.04

Table 2: Comparison with Multi-View Setting. In the
multi-view setting, the videos captured from the wrist
camera are also used for evaluation.

physical interactions to transfer to other robot
embodiments. To verify this, we test the judgment
ability of our VLM judge on two manipulation
tasks conducted with the SO100 robot arm (Cadene
et al., 2024), using the same prompting setup as
our main experiments. The first task is to place a
cup on a plate, and the second is to fold a towel.
We use two policies trained on demonstration data
of these tasks. The results are shown in Figure 5.
In both cases, the VLM judge correctly identifies
the better policy — policy B in the first task and
policy A in the second. We observe that the textual
explanations and task progress scores provided for
the folding task are reasonable and consistent with
our own judgment. However, for policy B in the
first task, the VLM judge incorrectly states that
the robot successfully placed the cup on the plate,
when in fact the robot dropped the cup at the end of
the episode. Overall, these results suggest that our
VLM judge can produce reasonable evaluations
for robot embodiments unseen during fine-tuning,
indicating that the learned knowledge generalizes
well and that the judge can potentially be applied
across a wide range of robot platforms.

6 Data Selection for Imitation Learning

In this section, we evaluate the usefulness of our
VLM judge for an application beyond policy eval-
uation, which is demonstration data curation for
training robotic imitation learning. The expectation
is that with the knowledge learned in the evalua-
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Figure 4: Qualitative Result. Sample responses of a human evaluator (ground-truth), the base Qwen3-VL-8B
model, and our fine-tuned VLM judge. Compared to the base model, our judge produces the response that aligns

substantially more closely with the human judgment.

tion fine-tuning process, the VLM judge should
possess a strong capability in assessing the quality
of robotic demonstrations by watching the corre-
sponding video observations.

6.1 Setup

Mixed-quality data construction. We investi-
gate the utility of our VLM judge for selecting
high-quality data from a mixed-quality demonstra-
tion dataset, and subsequently use the curated data
to train a robot learning policy on the LIBERO-
Object robotic manipulation benchmark (Liu et al.,
2023). The benchmark consists of 10 manipulation
tasks, each with 50 expert demonstrations provided.
To construct the mixed-quality dataset, we com-
bine the 50 expert demonstrations with 50 subopti-
mal and 50 failure demonstrations generated by an
OpenVLA model (Kim et al., 2025) trained on the
LIBERO-Object expert data. Note that this model
achieves a success rate of 88.4% on the benchmark.
We define suboptimal demonstrations as those in
which the robot completes the task but takes at least
30 more time steps than the per-task average of the
expert demonstrations. In total, the mixed dataset
comprises 1,500 demonstrations, 150 per task.
Data selection. From the mixed-quality dataset,

we employ the base Qwen3-VL-8B model and
our fine-tuned VLM judge to select 50 demonstra-
tions per task for training a new OpenVLA policy.
Specifically, for each demonstration, we prompt
the VLM to assign a task progress score from 0
to 100 given the rollout video and the correspond-
ing text description of the task. For every task,
the 50 highest-scoring demonstrations are then se-
lected for policy training. All training and evalu-
ation settings follow those already established in
LIBERO (Liu et al., 2023).

6.2 Results

Can the VLM judge effectively select high-quality
demonstration data? To answer this question, we
analyze the composition of data selected by the
base model and our VLM judge in terms of the
ratio of expert, suboptimal, and failure demonstra-
tions. Figure 6 reports the average counts out of
50 selected demonstrations for each demonstration
type, averaged across the 10 LIBERO-Object tasks.
The results show that our VLM judge selects a
higher proportion of expert demonstrations and a
lower proportion of failure demonstrations com-
pared to the base model. Specifically, more than
half of the demonstrations curated by our judge are
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Task progresses: A - 10%, B - 100%

Explanation: Policy A moved the gripper toward the cup but failed to grasp it. Policy B successfully picked up the
cup, moved it toward the plate, and put it on the plate. Therefore, policy B is better than policy A.

[ Task: "Fold the towel” ]

Policy A

Policy B

Preference: A

performs better than Policy B.
Task progresses: A - 35%, B - 0%

Explanation: Policy A first moved the gripper toward the towel, grasped the bottom-left corner, lifted it up a bit, and
then released it. Policy B also moved the gripper toward the towel but failed to make contact. Therefore, Policy A

Figure 5: Cross-Embodiment Evaluation Result. Rollout videos are captured by running two robot policies for

two manipulation tasks on an SO100 robot arm.

model
Expert Suboptimal Failure
demos demos demos

Figure 6: Data Selection Result. We report ratios aver-
aged across 10 tasks of the LIBERO-Object benchmark.

high-quality expert demonstrations (28.74 out of
50 on average), while only 7.21 out of 50 are failure
demonstrations. This suggests that fine-tuning on
the A/B policy evaluation task also benefits demon-
stration data selection, which is intuitive given that
both tasks require the model to comprehend physi-
cal robot behaviors and interaction outcomes. Qual-

itative examples of demonstrations and their corre-
sponding scores assigned by our VLM judge are
shown in Figure 7.

How good is the policy trained on data curated
by our VLM judge? Given that our VLM judge
selects higher-quality training data, we expect the
OpenVLA policy trained on such data to achieve
stronger performance. Table 3 validates this ex-
pectation. The results show that the policy trained
on data curated by our VLM judge substantially
outperforms the one trained on data selected by
the base model. While it does not reach the per-
formance of the policy trained exclusively on ex-
pert demonstrations, its success rate is considerably
higher than that of the base model, which remains
very low, demonstrating the practical value of our
VLM judge for downstream imitation learning.
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Task: "Pick up the tomato sauce and put it in the basket"

Figure 7: Data Selection Qualitative Result. In the first video, the robot grasps the wrong object, which is the
cream cheese. In the second, the robot moves toward the ketchup but knocks it off before moving to the basket. The
robot successfully completes the task in the third video.

Data from Success Rate

61.9 £+ 0.8%
80.5+ 0.9%
88.4 + 0.8%

Base model
Our VLM judge
Expert demos

Table 3: Imitation Learning Result. The final success
rate is averaged across 10 tasks of LIBERO-Object.

7 Discussion

Despite encouraging results, there remains substan-
tial room for improvement in this research direction.
First, we only evaluate our VLM judge on single-
arm robots, specifically the Franka Panda and the
SO100 arm. Extending the evaluation to bimanual
robotic systems or humanoid robots would provide
a more comprehensive picture of the judge’s gener-
alizability across diverse robot embodiments. Sec-
ond, throughout our experiments, we observe that
the VLM judge primarily focuses on semantic and
task progress properties of rollout videos, while
exhibiting limited sensitivity to other behaviorally
important attributes such as motion smoothness,
reactiveness, and failure recovery — qualities that
are crucial for robust robot learning but remain

difficult for current VLMs to reliably assess. Fi-
nally, we expect that augmenting the fine-tuning
data with more general robotic visual question an-
swering data (Zhao et al., 2025) could strengthen
the model’s grasp of spatial and physical concepts,
thereby further improving its assessment capability.
We leave these directions for future work.

8 Conclusion

We investigate training vision-language models for
the task of robot policy A/B evaluation and show
that fine-tuning on high-quality human evaluation
data significantly improves the models’ evaluation
ability. Additionally, we show that the trained
VLM judge can generalize to a different robot em-
bodiment that is not present in its fine-tuning data.
Finally, we demonstrate that the VLM judge can
also be repurposed to select training demonstration
data for robotic imitation learning, yielding a pol-
icy that substantially outperforms one trained on
data selected by the base VLM. Together, these
findings suggest that modern vision-language mod-
els can serve as reliable automated judges in the
development of generalist robot learning models.
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