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ABSTRACT

Open robot policies increasingly follow two paradigms: vision-language-action models (VLAs)
directly map observations and instructions to actions, whereas world-action models (WAMs) in-
corporate learned video or world dynamics into policy learning or action generation. Although
both target the same manipulation tasks and represent alternative design choices, they are com-
monly reported under different evaluation protocols, leaving their capability, robustness, language
sensitivity, and deployment-cost trade-offs unclear. We present Industrial VLA-Bench, an evidence-
aware evaluation of six released VLA and WAM systems under a unified reporting schema. It
separately evaluates clean capability on LIBERO, non-language robustness on LIBERO-Plus, in-
struction sensitivity on LIBERO-Para, and observed execution cost. Reported task scores aggregate
three complete evaluations with distinct random seeds under a fixed checkpoint and inference con-
figuration. Across all six systems, clean LIBERO averages differ by only 1.58 points, whereas
robustness and paraphrase summaries span 14.62 and 31.08 points. Restricting every comparison
to the three protocol-faithful systems preserves the effect (1.36, 14.62 and 23.10 points), so the
diagnostic separation reported here does not depend on the weaker evidence tiers. We additionally
report observed inference latency, peak memory, runtime mode, and an evidence status for every
system. Protocol-faithful, near-reproduction, and pending-verification entries remain visibly sep-
arated; only protocol-faithful entries support strict comparisons. Rather than claiming universal
superiority of either paradigm, Industrial VLA-Bench provides traceable evidence for comparing
released robot policies on shared practical criteria. Code and evaluation records are available at
https://github.com/xiaoqi-7/IndustrialVLA-Bench.

Keywords Vision-Language-Action Models, World-Action Models, Robotic Manipulation, Benchmarking, Robustness
Evaluation, Reproducibility

1 Introduction

Open robot policies increasingly follow two design paradigms. Vision-language-action models (VLAs) map visual
observations and language instructions to actions, whereas world-action models (WAMs) incorporate learned video or
world dynamics into policy learning or action generation. Their internal mechanisms differ, but both target the same
instruction-conditioned manipulation tasks and therefore constitute alternative choices for research and deployment
[1-4]. Comparing them is practically necessary: users need to know not only whether a released policy succeeds
on familiar tasks, but also whether it remains stable under visual and linguistic variation and whether it can
be reproduced within available compute. Representative foundations for open robot policies include RT-1, RT-2,
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Figure 1: Overview of Industrial VLA-Bench. Six released VLA and World-Action Model systems are assessed on
three complementary LIBERO-family tracks through four coordinated views: clean capability, robustness, language
sensitivity, and execution and reproducibility evidence. Evidence status is kept explicit rather than hidden inside a
single leaderboard.

Open X-Embodiment, Octo, and OpenVLA [5-9], while more recent VLA and WAM releases diversify policy and
action-generation designs [1-4, 10-12].

Current reporting does not support that decision reliably. First, even scores on the same benchmark may be generated
from different checkpoints, prompts, observation-action interfaces, wrappers, trial counts, termination rules, and
aggregation procedures. A numerical difference can therefore reflect either policy capability or the evaluation path.
Second, standard LIBERO success is close to saturation for several released systems, so a clean-task ranking can
hide substantial differences under camera, embodiment, appearance, or instruction shifts. Third, latency, memory,
runtime architecture, and reproduction failures are usually separated from task performance, although they directly
affect whether an open policy is usable.

Existing benchmarks and infrastructures address substantial parts of this problem. LIBERO evaluates language-
conditioned manipulation [13]; LIBERO-Plus and LIBERO-Para diagnose non-language perturbations and semantics-
preserving paraphrases [14, 15]; VLA-Arena jointly varies task structure, language, and visual observations [16]; and
MultiNet, VLA-Eval, and LeRobot provide complementary adaptation, evaluation, and deployment support [17—19].
Most importantly, a concurrent robustness study already compares prominent VLAs and WAMs on LIBERO-Plus
and RoboTwin 2.0-Plus [20]. Industrial VLA-Bench therefore does not claim to be the first VLA—WAM robustness
comparison. Its distinct contribution is to combine clean capability, non-language robustness, a separate paraphrase track,
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Table 1: Positioning of Industrial VLA-Bench against selected closely related robot-policy benchmarks and evaluation
infrastructures. v* denotes explicit support or reporting, /A denotes partial or benchmark-dependent support, and —
denotes that the dimension is not a primary focus.

Open Checkpoint VLA + Clean Visual Language Multi-seed Deployment and

Framework source reruns WAM tasks shifts shifts reporting  provenance reporting
MultiNet v A A v A - - Partial
VLA-Eval v v - v A A A Evaluation infrastructure
LeRobot v A A A - - - Training and deployment
stack
VLA-Arena
[16] v v - v v v - Task benchmark and
toolchain
WAM-VLA robustness
study [20] A v v A v v - Runtime; limited
provenance audit
IndustrialVLA-Bench v v v v v v v Latency, VRAM,
runtime, setup, and
provenance

Notes. “Checkpoint reruns” indicates that released model checkpoints are independently executed rather than compared only
through originally reported results. “Visual shifts” and “Language shifts” denote controlled robustness and paraphrase evaluation,
respectively. “Deployment and provenance reporting” covers inference latency, peak VRAM, runtime mode, setup burden,
checkpoint provenance, protocol deviations, and reproduction status.

repeated run-level variation, observed execution cost, and explicit evidence-promotion states in one official-checkpoint
evaluation.

We introduce IndustrialVLA-Bench', a deliberately bounded evaluation of six publicly released systems. The name
refers to the industrially released nature of the evaluated systems, several of which are shipped by robotics vendors for
deployment use; it does not denote an industrial task domain. All task evidence in this paper is simulation-based and
LIBERO-family-specific. The set covers unified and modular VLAs, a latent-video WAM, and a diffusion-based WAM,
but is purposive rather than exhaustive. We report clean LIBERO, non-language perturbations from LIBERO-Plus,
and instruction paraphrases from LIBERO-Para using three run-level seeds with a fixed checkpoint and inference
configuration. An official-checkpoint evidence policy records repositories, checkpoints, commands, normalized outputs,
and protocol deviations. Results that remain near-reproductions or pending verification are retained for coverage but are
not promoted to strict rankings.

The results illustrate the need for separate diagnostic axes. Within the protocol-faithful subset, clean LIBERO averages
span only 1.36 points, whereas robustness and paraphrase scores span 14.62 and 23.10 points. NR/PV rows remain
visible for coverage but do not enter strict comparisons. These findings describe the evaluated checkpoints rather than
causal effects of VLA or WAM architectures.

We make the following contributions:

* Problem and protocol. We formulate cross-paradigm robot-policy comparison as a multi-axis, evidence-
constrained evaluation problem, with explicit comparability gates for official and protocol-faithful runs.

* Benchmark and artifact. We provide a bounded six-model evaluation spanning released VLA and WAM
designs, three complementary task tracks, repeated run-level evaluation, normalized result records, and explicit
evidence states.

* Multi-axis evidence. We jointly report clean capability, non-language robustness, instruction sensitivity,
latency, memory, runtime mode, setup burden, and reproduction status without collapsing them into a single
score.

* Empirical findings. We show that near-saturated clean success obscures larger diagnostic differences and
report checkpoint-level capability—robustness—cost profiles without attributing them causally to architecture.

"https://github.com/xiaoqi-7/IndustrialVLA-Bench
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2 A Unified View of Open Robot-Policy Evaluation

A central challenge in benchmarking open VLA systems is that their architectures, action representations and runtime
designs are heterogeneous: released policies differ in whether actions are produced by a single vision-language stack, a
separate action module, a flow or diffusion head, or a learned video representation [1, 9-11, 21, 22]. Comparing such
systems through final success rates alone is misleading when the scores are produced under different architectural and
execution assumptions.

We therefore map every evaluation episode onto a shared instruction-conditioned execution view: an instruction and an
observation stream are grounded into task-relevant entities, processed by policy inference, translated into executable
actions, and judged through the resulting environment transitions. Figure 2 illustrates this view and its correspondence
to the diagnostic axes; each execution stage exposes a distinct source of failure.

The shared contract localizes where evidence is observed, but aggregate success rates do not identify why an episode
failed. We therefore do not assign instruction, perception, planning, control, or recovery labels without episode-
level annotation. Runtime failures, including unsupported checkpoints, dependency conflicts, timeouts, or action-
normalization mismatches, are recorded separately as reproduction evidence rather than inferred from task scores.

This view yields four complementary axes. Capability is clean task success under the standard LIBERO protocol
[13]. Robustness is performance degradation under controlled visual, camera, embodiment, and layout perturbations,
instantiated by LIBERO-Plus. Language sensitivity is whether performance survives paraphrases that preserve task
semantics, evaluated with LIBERO-Para [15]. Deployability and reproducibility cover inference latency, peak VRAM,
runtime mode, setup burden, checkpoint provenance, and the strength of the reproduced evaluation path.

These axes are deliberately not collapsed into one scalar: a model with high clean success may be brittle under
paraphrase, expensive to run, or hard to reproduce, so we report cross-axis model profiles rather than a clean-success-
only ranking. Appendix A formalizes the execution contract and evidence tiers.

3 Benchmark Design and Protocol

Rather than introducing a new architecture, Industrial VLA-Bench defines an evaluation protocol that makes heteroge-
neous VLA releases comparable without hiding differences in benchmark support, runtime assumptions, or engineering
cost.

3.1 Positioning Against Existing Evaluation Infrastructure

MultiNet [17], VLA-Eval [18], and LeRobot [19] address complementary parts of the robot-policy lifecycle but differ
from Industrial VLA-Bench in their primary evaluation objective; Table 1 summarizes the distinction.

Industrial VLA-Bench is an evidence protocol rather than a general-purpose robot-learning library. It independently
executes the named VLA and WAM checkpoints, reports three-run summaries, and separates clean capability, visual
robustness, paraphrase sensitivity, runtime observations, and verification state. The following subsections define the
scope and metrics; Appendix B formalizes the comparability gates.

3.2 Model Scope

Industrial VLA-Bench evaluates six publicly released models: 7y 5/OpenPI, UnifoLM-VLA-0, Xiaomi-Robotics-0,
GROOT-N1.7, FastWAM, and Cosmos Policy. The July 2026 snapshot applied five executability criteria covering
checkpoint availability, instruction-conditioned manipulation support, LIBERO interface compatibility, documentable
inference configuration, and independence from closed remote APIs (Appendix B).

The selected models form a deliberately bounded, coverage-driven case set rather than a census of open robot policies.
m0.5/OpenPl represents a single-stack VLA, whereas GROOT-N1.7 separates vision-language processing from an
action-generation component. UnifoLM-VLA-0 and Xiaomi-Robotics-0 add independently released VLA systems
with different scales and runtimes. FastWAM and Cosmos Policy extend the comparison to WAMs with different uses
of future-video representations. These labels describe released implementations and are not controlled architectural
variables.

DreamZero is excluded because no publicly executable checkpoint was available at the snapshot. Other public systems
are outside scope because this release prioritizes three-track coverage over exhaustive model enumeration. The reported
scores for all six systems use the same three-seed aggregation, but their public execution evidence is not equally
mature: OpenPI, GROOT-N1.7, and FastWAM are protocol-faithful; UnifoLM-VLA-0 is a near-reproduction; and
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Unified VLA Execution and Evaluation Pipeline
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Figure 2: Unified execution and evaluation VLA and WAM systems. Although different models use heterogeneous
architectures, action representations, and runtime designs, their evaluation behavior can be mapped to a shared
instruction-conditioned execution pipeline. Each stage corresponds to diagnostic evaluation dimensions, including
capability, robustness, language sensitivity, and deployability and reproducibility.

Xiaomi-Robotics-0 and Cosmos Policy remain pending verification. Tables retain the latter entries for transparent
diagnostic coverage and mark them explicitly.

3.3 Benchmark Scope

Industrial VLA-Bench focuses on four experimentally completed evaluation axes. Clean capability is measured on the
four standard LIBERO suites: LIBERO-Spatial, LIBERO-Object, LIBERO-Goal, and LIBERO-Long. Robustness
is evaluated using LIBERO-Plus under controlled changes to camera viewpoint, robot appearance or embodiment,
illumination, background, visual noise, and object layout. Language sensitivity is evaluated using LIBERO-Para,
which modifies instruction wording while preserving task semantics. Deployability is evaluated through the benchmark
harness using peak VRAM, per-step inference latency, parameter count, diffusion configuration, runtime mode, setup
burden, and reproduction metadata.

The current release is limited to these tracks and claims no experimental coverage of other suites or of equal-budget
adaptation. Appendix B provides the full scope statement and lists the excluded settings.

3.4 Maetrics

Industrial VLA-Bench reports metrics along four complementary axes. Capability is the clean episode success rate
under the standard LIBERO protocol,

N
SR(m, s) = Ni ZH [success;],

S =1

where N, is the number of evaluation episodes for model m in suite s; we report per-suite rates and their unweighted
average over the four standard suites. Robustness is success under each controlled non-language perturbation
in LIBERO-Plus, together with the absolute drop Aiobust = SReican — SRpert and the corresponding retention
ratio; camera, robot or embodiment, illumination, background, visual-noise, and object-layout perturbations are
reported separately. The LIBERO-Plus language condition is shown for completeness but excluded from this average.
Language sensitivity is paraphrase success on LIBERO-Para together with the clean-to-paraphrase drop Apays =
SReclean — SRpara, using the same clean-task checkpoint without adaptation. The two language tracks use different
perturbation constructions and are not pooled. Execution and reproduction evidence comprises observed latency
per policy call, peak VRAM, runtime mode, single-GPU feasibility, setup burden, and checkpoint provenance, and
verification status. These fields are reported separately rather than compressed into a single scalar score.
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Table 2: Clean LIBERO evaluation summary. Each value is the mean success rate over three run-level seeds. Superscripts
report public evidence status: PF = protocol-faithful, NR = near-reproduction, and PV = pending verification. Only PF
rows are eligible for strict comparisons.

Model Spatial Object Goal Long Average Trials
Vision-Language-Action Models (VLAs)
mo.5 / OpenPI™" 98.33+£0.09 98.73£0.52 97.60+0.43 91.40+£0.65 96.52+ 0.62 6,000 (50/task)

UnifoLM-VLA-O"®  98.67 £0.66 100.00 £0.00 97.734+025 9527 £0.41 97.9240.06 6,000 (50/task)
Xiaomi-Robotics-0"Y  98.67 £ 0.09 100.00 +0.00 97.934+0.94 9580 +0.91 98.104 043 6,000 (50/task)

GROOT-N1.7%F 97.60 + 1.50  99.30 £ 0.50 99.30 £ 0.50 95.30 = 1.00 97.88 + 0.65 6,000 (50/task)
World-Action Models (WAMs)

FastWAM FF 97.07 £0.25 99.13 £0.09 96.47 £0.50 93.53 +0.41 96.55+0.16 6,000 (50/task)

Cosmos Policy™ 96.40 £0.33 99.60 £0.33 97.93 +0.34 96.60 +0.28 97.63 +0.23 6,000 (50/task)

Note. Average is the unweighted mean of the four suite-level success rates. NR and PV rows are retained for coverage but must
not be read as evidence-equivalent to PF rows.

4 Experiments

We organize the evaluation around four questions: how well the evaluated systems solve standard LIBERO tasks
under directly comparable conditions (RQ1); how much performance is retained when visual observations, camera
configurations, robot appearance, and object layouts are perturbed in LIBERO-Plus (RQ2); how well task performance
is preserved under semantics-preserving instruction paraphrases in LIBERO-Para (RQ3); and what computational and
engineering costs reproduction and deployment require (RQ4).

4.1 Experimental Setup

We evaluate the six systems of Section 3.2 on the three benchmark families of Section 3.3, using released checkpoints
and official evaluation implementations wherever available. When no official end-to-end path exists, a documented
reproduction preserves task definitions, observation and action semantics, success conditions, episode horizon, and
aggregation rules. Evidence status is attached to every row; a numerical result does not by itself establish protocol
fidelity.

Every reported model-benchmark configuration aggregates three complete runs with fixed run-level seeds {1, 7,42},
holding the checkpoint and inference configuration fixed. A run seed initializes the simulator reset and task-order
generators; it is neither an episode index nor a training seed. Standard LIBERO uses 50 trials per task (2,000 episodes
per seed, 6,000 over three seeds), while LIBERO-Plus and LIBERO-Para use one episode per official task configuration
(10,030 and 4,092 episodes per seed). Tables report the run-level mean and the population standard deviation over
the three runs. These deviations are descriptive, not confidence intervals or hypothesis tests; where mean gaps are
comparable to run variation, we avoid a resolved rank claim. Appendix D gives the formulas and measurement caveats,
and Appendix C details the evidence records.

4.2 Clean Capability on LIBERO

RQI evaluates the selected models on clean manipulation tasks under the standard LIBERO task definitions. LIBERO
serves as the shared-denominator benchmark because all six systems map to its instruction-conditioned observation—
action interface with limited semantic adaptation.

Overall clean performance. Table 2 shows that all six models achieve high clean-task performance, with average
success rates between 96.52% and 98.10%. Among protocol-faithful systems the clean averages are GROOT-N1.7
97.88%, FastWAM 96.55% and OpenPI 96.52%. The highest numerical entries, Xiaomi-Robotics-0 at 98.10% (PV)
and UnifoLM-VLA-0 at 97.92% (NR), are not rank-eligible under our evidence policy and are listed for coverage only.
Several adjacent mean gaps are smaller than at least one associated run-level standard deviation, so the present n = 3
summaries do not support a statistically resolved total ordering.

LIBERO-Long remains the most discriminative clean suite. Performance is close to saturation on LIBERO-Spatial
and LIBERO-Object, where most models exceed 97%, whereas LIBERO-Long produces the lowest success rate for five
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Table 3: LIBERO-Plus diagnostic results over three run-level seeds. Robust Avg. excludes the Language column and
averages the six non-linguistic dimensions. Status superscripts follow Table 2.

Model Camera Robot Language Light Background Noise Layout Robust Avg. Drop
Vision-Language-Action Models (VLAs)

0.5 / OpenPI™" 70.63 +0.37 75.12+0.76 85.97 +0.08 96.76 4+ 0.47 95.82 4+ 0.42 87.05+ 0.36 86.47 +0.26 85.31 £0.32 11.21 £0.38
UnifoLM-VLA-ON®  57.03 4 0.31 68.37 +0.87 91.09 + 0.80 93.70 & 0.25 95.14 +0.19 79.26 4 0.45 79.19 £ 0.56 78.78 4+ 0.30 19.14 +0.36
Xiaomi-Robotics-0"Y 40.22 £ 0.09 55.63 +0.20 89.02 +0.24 94.51 +0.43 90.43 +0.55 86.78 £0.11 75.87 £0.18 73.91 £ 0.13 24.19 4+ 0.33

GROOT-N1.7"F 64.40 +0.89 38.40 + 1.57 83.88 +1.02 94.87 +£0.95 93.72 +0.19 84.36 +0.25 74.94 +0.69 75.12 +0.28 22.76 + 0.28
World-Action Models (WAMs)
FastWAM®™® 44.65 £ 1.54 72.04 £0.35 66.99 + 1.28 94.22 + 1.12 66.57 + 0.56 67.17 +0.82 79.45 + 0.32 70.69 £ 0.52 25.86 £ 0.42

Cosmos Policy™” 72.65 +0.58 52.56 +0.64 89.07 & 0.14 98.48 +0.36 84.94 +0.46 90.21 £ 0.12 84.00 = 0.30 80.47 =0.23 17.16 £ 0.01

Note. The LIBERO-Plus language condition is reported for completeness but excluded from Robust Avg. and Drop. LIBERO-
Para (Table 4) is the primary language-sensitivity track; the two language protocols are not pooled. NR/PV rows are provisional
diagnostic evidence.

of the six models — most visibly for OpenPI and FastWAM at 91.40% and 93.53%. Aggregate success rates alone
cannot determine whether this gap arises from planning, control, or recovery.

Clean success alone provides limited separation. The full reported range is only 1.58 percentage points. This
motivates the diagnostic tracks, but it does not imply that all systems are equivalent or that small clean differences are
significant.

4.3 Robustness under LIBERO-Plus

RQ2 evaluates whether models preserve task success when the underlying task semantics remain unchanged but the
visual and embodiment conditions differ from the clean evaluation setting. We use six LIBERO-Plus perturbation
dimensions: camera viewpoint, robot appearance or embodiment, illumination, background, visual noise, and object
layout. Language perturbations are excluded from this subsection and analyzed separately in Section 4.4.

Robustness separates profiles more clearly. OpenPI obtains the highest robustness average at 85.31%, despite
ranking below several models on clean LIBERO. Cosmos Policy records 80.47% and UnifoLM-VLA-0 records 78.78%,
but both carry non-protocol-faithful status and are reported as provisional diagnostic evidence. Among protocol-faithful
systems the robustness ordering is OpenPI 85.31%, GROOT-N1.7 75.12% and FastWAM 70.69%. In contrast, Xiaomi-
Robotics-0 falls from the highest clean average to 73.91% under perturbations. These results show that clean-task rank
is not a reliable proxy for robustness.

Camera and robot shifts are the dominant failure modes. Averaged across the six models, camera and robot
perturbations achieve only 58.26% and 60.35% success, respectively. Illumination is much less damaging, with a
cross-model average of 95.42%. Five models reach their lowest perturbation-specific result under either camera or robot
changes. The most severe cases are Xiaomi-Robotics-0 under camera changes at 40.22% and GROOT-N1.7 under robot
changes at 38.40%. Appearance-level changes such as illumination are largely absorbed by the visual representation,
whereas camera and robot shifts alter the mapping between image evidence and action-relevant geometry.

OpenPlI provides the strongest balanced robustness profile. OpenPI does not obtain the best score on every
individual perturbation, but it avoids catastrophic degradation across all six dimensions. Its lowest result is 70.63%
under camera changes, and it has the smallest clean-to-robustness drop of 11.21 percentage points. This suggests that
robustness depends not only on peak performance, but also on whether a model avoids a single dominant failure mode.

WAMs do not share a uniform robustness profile. The two WAM rows differ substantially across camera, back-
ground, noise, and layout conditions. Because the checkpoints also differ in data, scale, inference, and evidence status,
these observations do not identify an effect of WAM architecture.

4.4 Language Sensitivity under LIBERO-Para

RQ3 isolates instruction sensitivity from visual robustness. LIBERO-Para modifies the surface form of the language
instruction while preserving the underlying task and environment. Models are evaluated without fine-tuning on the
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Table 4: Language sensitivity on LIBERO-Para over three run-level seeds. Status superscripts follow Table 2.

Model Mean =+ Std (%) Clean-to-Para drop (pp)
Vision-Language-Action Models (VLAs)
0.5 / OpenPI'F 71.33 £0.05 25.19 £ 0.12
UnifoLM-VLA-ONR 82.24 + 0.48 15.67 £ 0.53
Xiaomi-Robotics-0%Y  75.73 +0.16 22.37 + 0.48
GROOT-N1.7°F 74.26 + 1.52 23.62 +1.52
‘World-Action Models (WAMSs)
FastWAMP™ 51.16 + 0.38 45.39 £+ 0.32
Cosmos Policy™ 70.50 + 0.26 27.13+0.18

Note. Drop is relative to clean LIBERO. No model is adapted or fine-tuned on LIBERO-Para. NR/PV rows are provisional
diagnostic evidence.

paraphrased test instructions; the same clean-task checkpoint is used for both standard LIBERO and LIBERO-Para
evaluation.

Paraphrases separate the models far more than clean tasks. LIBERO-Para success ranges from 51.16% to 82.24%,
a spread of 31.08 percentage points. The same six systems differ by only 1.58 percentage points on clean LIBERO.
This diagnostic contrast is large, but evidence status remains part of every comparison.

The lowest paraphrase degradation is recorded by a near-reproduction entry. UnifoLM-VLA-0 records 82.24%
and loses only 15.67 points relative to its clean average, the smallest degradation we observe; because this row is
NR, we report it as diagnostic coverage rather than as a rank claim. Among protocol-faithful systems, GROOT-N1.7
retains the most (74.26%), followed by OpenPI (71.33%) and FastWAM (51.16%). Because no model is adapted to the
paraphrased instructions, these differences reflect how strongly each released checkpoint depends on the surface form
of its training instructions.

FastWAM exhibits a language-grounding bottleneck. FastWAM falls to 51.16%, a 45.39-point reduction from its
clean average and the largest degradation we observe on any axis. Its paraphrase success is lower than its aggregate
robustness average of 70.69% and lower than five of its six individual perturbation scores; only camera shifts damage
it more. Conditioning action prediction on video latents therefore does not by itself confer invariance to instruction
wording, which suggests that visual prediction and instruction grounding remain separable capabilities.

Language robustness and visual robustness are not equivalent. The two diagnostic axes rank the models differently.
OpenPI obtains the highest LIBERO-Plus average at 85.31% but only the fourth-highest LIBERO-Para score, whereas
UnifoLM-VLA-0 leads on LIBERO-Para despite ranking third on LIBERO-Plus. Cosmos Policy shows a similar
mismatch in the opposite direction, ranking second on robustness but fifth on paraphrase success. Visual invariance and
instruction grounding therefore expose different weaknesses and should not be collapsed into a single robustness score.

The two language protocols disagree, which is itself a comparability result. LIBERO-Plus contains a language
perturbation condition (Table 3) and LIBERO-Para is a dedicated paraphrase suite (Table 4). Both are presented
as measurements of instruction sensitivity, and we deliberately do not pool them. Comparing them post hoc shows
why. Their model orderings agree only moderately (Spearman rho = 0.60), and the disagreement is concentrated in
individual systems: Cosmos Policy ranks second of six on the LIBERO-Plus language condition (89.07) but fifth on
LIBERO-Para (70.50), while GROOT-N1.7 moves in the opposite direction, from fifth (83.88) to third (74.26). The
two protocols also differ in absolute difficulty by 13.47 points on average (84.34 against 70.87), and that offset is not
uniform across models, ranging from 8.85 points for UnifoLM-VLA-0 to 18.57 points for Cosmos Policy. A single
"language robustness" number would therefore depend substantially on which perturbation construction produced it.
This supports reporting the two tracks separately rather than merging them, and it is an instance of the general principle
that comparability must be earned rather than assumed.

4.5 Deployability and Reproducibility

RQ4 reports observed deployment profiles rather than controlled efficiency rankings. GROOT-N1.7 records the lowest
observed latency and peak VRAM, whereas OpenPI combines the highest protocol-faithful robustness with the largest
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Table 5: Deployability and reproducibility summary. Peak VRAM is reported in MiB and latency is average wall-clock
model inference time per policy call. All values correspond to the evaluated checkpoint and benchmark runtime.

Peak Latency Diffusion Runtime Setup
Model VRAM (ms/call) Parameters steps mode burden Status
Vision-Language-Action Models (VLAs)
mo.5 / OpenPI 14,550 58.80 3.6B 10 Local / server-client Medium-High  PF
UnifoLM-VLA-0 18,332 19.82 8.9B 4 Local / High NR
model-specific
Xiaomi-Robotics-0 10,294 25.44 4.7B 5 Model-specific High PV
GROOT-N1.7 7,810 19.13 3.4B 4 Deployment- High PF
oriented

World-Action Models (WAMs)

FastWAM 26,902 45.33 12.4B 10 Deployment- High PF
oriented

Cosmos Policy 8,654 21.26 2.0B 5 Deployment- High PV
oriented

Note. Peak VRAM is measured during evaluation-time inference after runtime warm-up. Latency excludes environment reset time.
Setup burden summarizes dependency installation, checkpoint preparation, environment setup, wrapper requirements, runtime
services, and hardware constraints. Reproduction status follows the evidence policy defined in Section 4.1.

(a) Clean Capability vs. Robustness (b) Clean Capability vs. Language Sensitivity

OpenPI 85 UnifoLM
85 14.2 GiB 17.9 GiB
GROOT

Cosmos 7.6 GiB O
8.5 GiB 75
80 D UnifoLM Q Q
Cosmos D . X
8.5 GiB Xiaomi

17.9 GiB
FastWAM GROOT 10.1 GiB

75 4 263 GiB 7.6 GiB QO

70 4 Xiaomi 55
10.1 GiB

65 1 OpenPI
14.2 GiB  FastWAM
26.3 GiB

LIBERO-Plus robustness (%)
LIBERO-Para success (%)

65 T T T T T T T T 45 T T T T T T T T
9650 9675 97.00 97.25 97.50 97.75 98.00 98.25 9650 9675 97.00 97.25 97.50 97.75 98.00 98.25
Clean LIBERO average success (%) Clean LIBERO average success (%)
QvLa @ waM Bubble area = Peak VRAM (GiB)

Figure 3: Cross-axis comparison of the six evaluated models. The x-axis shows average clean LIBERO success;
the y-axes show (a) LIBERO-Plus robustness over six non-linguistic perturbations and (b) LIBERO-Para language
sensitivity. Bubble area denotes peak evaluation-time VRAM; marker shape distinguishes VLAs from WAM:s.

observed latency. FastWAM records the highest memory use, while the PV Cosmos Policy row records lower observed
memory and latency.

These values may reflect hardware, precision, caching, preprocessing, communication, action chunking, and runtime
implementation in addition to model design. We therefore do not infer an intrinsic capability-efficiency trade-off. Setup
burden likewise remains an ordinal summary of installation, checkpoint preparation, wrapper requirements, runtime
services, and hardware constraints.

4.6 Cross-Model Findings

Figure 3 shows that clean capability, robustness, language sensitivity, and deployment cost are not aligned, and four
patterns emerge across the axes. All four patterns below are stated over the full six-system set for coverage; each also
holds when restricted to the three protocol-faithful systems, with clean, robustness and paraphrase ranges of 1.36, 14.62
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and 23.10 points respectively. First, clean LIBERO is close to saturation: all six models fall within a 1.58-point range
of 96.52%-98.10%, so clean success remains a useful capability check but provides limited discrimination. Second,
clean ranking does not predict robustness: Xiaomi-Robotics-0 ranks first on clean LIBERO yet falls below OpenPI and
Cosmos Policy on the six-dimension LIBERO-Plus average, and different perturbation families expose model-specific
weaknesses rather than a single shared failure mode. Third, language sensitivity is partially decoupled from clean
capability: FastWAM matches the others on clean LIBERO but drops to 51.16% on LIBERO-Para, differing from
UnifoLM-VLA-0 by 31.08 points there against only 1.37 points on clean tasks. Fourth, no evaluated model dominates
every axis, and the WAM label alone does not confer robustness: OpenPI provides the strongest robustness but the
highest latency, UnifoLM-VLA-0 the strongest language robustness but high VRAM, GROOT-N1.7 low latency and
memory but marked sensitivity to robot perturbations, and Cosmos Policy a low observed-cost profile under pending
verification (PV). These results support reporting model profiles across the four axes rather than selecting models
through a single aggregate leaderboard.

4.7 The diagnostic axes are not redundant

Because we report the axes separately, we can measure directly how much each one adds. Over the six evaluated
checkpoints, the Spearman rank correlation between clean LIBERO average and LIBERO-Plus robustness average is
-0.37, between clean average and LIBERO-Para success is 0.77, and between LIBERO-Plus robustness and LIBERO-
Para success is 0.09. Clean success therefore does not merely fail to predict the robustness ordering; over this checkpoint
set the two orderings run mildly opposite. The near-zero correlation between the visual and the language diagnostic
confirms that the two are not interchangeable measurements of a single robustness property, and that collapsing them
into one score would discard most of the information each contributes. With n=6 these coefficients are descriptive rather
than statistically significant, but they quantify the separation that Figure 3 shows only qualitatively.

5 Discussion and Limitations

Beyond clean leaderboards. Clean task success is necessary but not sufficient for evaluating open robot policies:
it does not reveal whether a model stays reliable under controlled visual and language variation, or whether it can
be reproduced and deployed. This matters because VLA outputs are executable actions, so small errors compound
over time, and because standard suites contain repeated layouts and limited instruction templates that reward visual
priors and task shortcuts. For the same reason we do not collapse our axes into a single score: no objective weighting
can decide how clean success should trade off against robustness retention, paraphrase sensitivity, latency, memory,
or reproduction difficulty, and an aggregate would hide exactly the trade-offs our results expose. Users who want an
out-of-the-box system should therefore prioritize setup burden and the reproduction evidence retained by the harness
(Appendix C); users studying robustness should examine perturbation-specific rates and clean-to-perturbation drops;
users targeting deployment should focus on latency, peak VRAM, and single-GPU feasibility.

Limitations. The six-checkpoint set is purposive and non-exhaustive. All task results are simulation-based within the
LIBERO family [13]; they do not validate industrial deployment, real-world sensing and contact, safety, or long-term
reliability. Only three rows currently satisfy the protocol-faithful public-evidence state; one is a near-reproduction
and two await verification. The n=3 deviations describe replay variation on a fixed configuration set, not sampling
uncertainty over task configurations and not training uncertainty; no paired significance test is claimed, and we avoid
resolved rank claims wherever adjacent means fall within one run deviation. Runtime measurements are not controlled
for hardware, precision, batch, action-chunk length, or percentile latency. Setup burden is an ordinal audit rather than a
timed user study.

Ethics and responsible use. The benchmark uses simulated manipulation tasks and no human—subject or identity
data. Nevertheless, robot-policy scores can be misread as safety certification. Our results must not be used to justify
unsupervised physical deployment: they omit collision severity, human proximity, hardware limits, and recovery under
real-world failures. Physical deployment therefore requires separate risk assessment, controlled testing, and human
oversight. Public checkpoints and code also retain their original licenses and use restrictions.

Artifact availability. The evaluation harness, command manifests, normalized result records, and per-run logs are
released at the repository linked above. The evaluated checkpoints remain under their original licences and are not
redistributed. Upon acceptance we will deposit a versioned, DOI-bearing archival snapshot of the release and apply for
the ACM Artifacts Available badge. New model entries are accepted through the promotion checklist of Appendix C.4
and are versioned against a pinned benchmark commit.
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6 Conclusion

We introduced Industrial VLA-Bench, a traceable multi-axis benchmark for comparing six publicly executable VLA
and WAM checkpoints on three LIBERO-family tracks. The benchmark combines aligned repeated execution, explicit
comparability gates, three complementary LIBERO-family tracks, deployment measurements, and traceable run records.
Clean performance differs by only 1.58 points, while non-language robustness and instruction sensitivity separate the
evaluated systems much more strongly; no model dominates every axis. These findings show why VLA and WAM
releases should be compared through evidence-bearing profiles rather than isolated clean-task scores, without implying
universal superiority of either paradigm.
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A Unified Execution View and Failure Taxonomy

Formally, we view a VLA evaluation episode as a trajectory over instruction-conditioned observations, actions, state
transitions, and outcomes. Given a language instruction /, an observation stream O; containing visual inputs and robot
state, and a policy or inference procedure 7, the model produces an action A; = 7(I, O<;). Executing A, induces an
environment transition to Sy and eventually yields an outcome Y, such as success, failure, or partial completion.

Industrial VLA-Bench uses an execution-oriented failure vocabulary to support qualitative interpretation of diagnostic
results. We distinguish seven broad failure categories. Instruction errors occur when the model ignores, misinterprets,
or inconsistently follows task instructions, including paraphrases, ordering constraints, negations, or object attributes.
Perception errors occur when the model or observation pipeline fails to recognize task-relevant objects, visual states,
or scene changes. Grounding errors occur when the model recognizes relevant entities but associates the instruction
with the wrong object, location, spatial relation, or affordance. Planning errors occur when the model selects an
inappropriate subgoal or action sequence despite having sufficient perceptual and instructional information. Execution
errors occur when an otherwise reasonable action intention is not translated into successful low-level control. Recovery
errors occur when the model fails to correct or recover from an intermediate mistake or unexpected state transition.
Runtime/reproduction errors cover failures caused by missing checkpoints, unsupported wrappers, dependency
conflicts, server—client failures, action-normalization mismatches, or unresolved evaluation-path differences. This
vocabulary is used as an interpretive framework for discussing representative failure modes rather than as a fully
annotated causal label assigned to every failed episode.

Finally, Industrial VLA-Bench defines an evidence taxonomy to prevent unsupported or partially comparable results
from being merged into the main leaderboard. Main evidence consists of directly comparable official-checkpoint results
produced through official or protocol-faithful evaluation paths. These results use the official task definitions, success
rules, trial counts, action interfaces, and aggregation protocols, and are eligible for the main leaderboard. Secondary
evidence consists of useful but partially comparable results, such as results on CALVIN or SimplerEnv when only a
subset of models has official support or when benchmark coverage is uneven [23, 24]. Diagnostic evidence consists of
stress-test results that probe robustness, language sensitivity, generalization, physical perturbation, or safety behavior,
and should be interpreted as axis-specific evidence rather than as a replacement for the main leaderboard [15, 25-28].
Appendix evidence consists of incomplete, unsupported, wrapper-dependent, near-reproduction, or reduced-trial runs
that may be useful for transparency but are not eligible for direct ranking. Results based on hand-written paraphrases,
modified success rules, altered benchmark definitions, or synthetic sanity checks are recorded only as sanity-check
evidence.

This evidence taxonomy reflects a core principle of Industrial VLA-Bench: comparability must be earned rather than
assumed. Because open-source VLA models differ substantially in benchmark support, runtime architecture, checkpoint
availability, and engineering maturity, forcing all available numbers into a single table would create misleading
comparisons. Instead, our benchmark explicitly records the evidence level of each result, the protocol used to obtain it,
and the reason why it is eligible or ineligible for main-table promotion. This allows Industrial VLA-Bench to support
broad model coverage while preserving a strict standard for direct comparison.

B Evidence Policy and Comparability Gates

B.1 Model Inclusion Criteria

At the July 2026 snapshot, a model was considered when (i) a public checkpoint and implementation were available;
(ii) it supported instruction-conditioned manipulation or embodied action generation; (iii) its observation and action
interfaces could be mapped to LIBERO without changing task semantics; (iv) its inference configuration could be
documented; and (v) it did not require a closed remote API. The final six-model set additionally reflects the practical
goal of coverage across all three tracks. This is a purposive inclusion process, not a systematic enumeration of all
eligible public releases; the paper therefore makes no coverage claim beyond the named checkpoints.

B.2 Evidence Views

Industrial VLA-Bench separates reported results according to their experimental role and comparability status rather
than merging all available numbers into a single leaderboard.

Main capability evidence. Clean LIBERO results obtained using public checkpoints and protocol-faithful evaluation
paths constitute strict capability evidence. The clean table also shows NR and PV rows for transparency, but those rows
are not evidence-equivalent and are excluded from strict rank claims.
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Diagnostic evidence. LIBERO-Plus robustness results and LIBERO-Para language-sensitivity results constitute
diagnostic evidence. They are reported separately because controlled non-language perturbations and semantics-
preserving instruction paraphrases evaluate different model properties and should not be collapsed into a single
robustness score.

Deployability and reproducibility evidence. Execution and reproduction evidence consists of observed latency,
peak VRAM, parameter count, diffusion configuration, runtime mode, setup burden, checkpoint provenance, wrapper
deviations, and verification status. Because hardware and policy-call boundaries are not normalized in the current
release, latency and memory characterize observed runs rather than a controlled cross-model efficiency ranking.

Appendix or unresolved evidence. Partial, reduced-trial, estimated, near-reproduction, unsupported, or otherwise
non-comparable runs are retained as appendix or unresolved evidence. Such results may be useful for transparency and
debugging, but they are not eligible for strict leaderboard claims.

This separation reflects a core principle of Industrial VLA-Bench: comparability must be demonstrated rather than
assumed. Each reported result is accompanied by its execution path, protocol status, and evidence strength, preventing
partially comparable or unresolved runs from being interpreted as equally strong benchmark evidence.

B.3 Evaluation Track

Industrial VLA-Bench uses an official-checkpoint evaluation track. It evaluates publicly released checkpoints through
official or documented inference paths, asking how the named releases behave out of the box and how strong the
supporting execution evidence is. NR and PV paths remain visible but are not described as protocol-faithful.

For every model, the checkpoint and inference configuration are held fixed across evaluation seeds and across LIBERO,
LIBERO-Plus, and LIBERO-Para. No model is adapted or fine-tuned on LIBERO-Plus or LIBERO-Para. In particular,
LIBERO-Plus evaluation uses the same clean-task checkpoint without training on the evaluated perturbations, while
LIBERO-Para evaluation uses the same checkpoint without training on paraphrased instructions.

The current release does not claim experimental coverage of CALVIN, SimplerEnv, LIBERO-PRO, LIBERO-X,
LangGap, AGNOSTOS, VLA-Arena, real-robot safety evaluation, or broader cross-benchmark generalization. These
settings may provide useful future extensions, but they are not part of the present experimental claims.

An equal-budget adaptation comparison is outside the scope of the current study because it would require retraining
heterogeneous systems under a shared data, optimization, and compute budget. We leave such an analysis to future
work and do not mix adaptation claims with released-checkpoint performance.

B.4 Comparability and Ranking Policy

A result is eligible for the main leaderboard only if it passes the following comparability gates: the same benchmark
version or a documented compatible version; the same task suites and task definitions; a public official checkpoint
or documented checkpoint provenance; preserved observation and action semantics, including action normalization;
official success rules, trial counts, episode termination, and aggregation procedures; no hidden prompt, wrapper, control,
or reset advantage; and disclosed wrapper changes limited to protocol-faithful engineering functions such as logging,
path forwarding, device placement, or deployment measurement.

Industrial VLA-Bench reports results through separate evidence views. The main leaderboard reports clean LIBERO
capability under directly comparable official-checkpoint conditions. The diagnostic tables report LIBERO-Plus
robustness and LIBERO-Para language-sensitivity results separately. The deployability table reports inference latency,
peak VRAM, runtime mode, setup burden, and reproduction status. The model profile interprets these axes jointly, but
Industrial VLA-Bench does not aggregate them into a universal scalar score.

This policy reflects the central claim of Industrial VLA-Bench: it does not ask which model is universally best; it asks
which model is best under which evidence axis. By separating evidence types and enforcing comparability gates,
Industrial VLA-Bench provides a fairer basis for selecting, reproducing, and improving open-source industrial VLA
systems.

C Benchmark Harness and Reproducibility

A benchmark for open-source industrial VLA systems must be reproducible not only at the level of final numbers,
but also at the level of execution paths, checkpoints, environments, commands, logs, and result promotion decisions.
Industrial VLA-Bench therefore includes a benchmark harness that standardizes how results are launched, recorded,
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normalized, validated, and promoted into paper tables. The purpose of the harness is not to replace official repositories
with a new implementation, but to make official and protocol-faithful executions traceable and comparable.

C.1 Official-First Execution

Industrial VLA-Bench follows an official-first execution principle. For each model, we prioritize the official repository,
official checkpoint, official inference path, and official evaluation script whenever they are available. A wrapper is
allowed only when it preserves benchmark semantics and is limited to engineering functions such as path forwarding,
logging, environment isolation, device placement, result formatting, and deployment measurement. It must not modify
task definitions, success rules, prompt semantics, observation contents, action normalization, control frequency, reset
behavior, or episode termination.

This principle is critical for VLA evaluation. Unlike static prediction tasks, VLA scores can be affected by small
execution-level differences. A seemingly minor wrapper change may alter camera observations, action timing, prompt
formatting, control interfaces, or termination behavior, making success rates non-comparable. Industrial VLA-Bench
therefore treats the evaluation path itself as part of the benchmark artifact. Each result must disclose whether it is
produced by an official script, a protocol-faithful wrapper, a near reproduction, or an unsupported custom path. Only
official or protocol-faithful executions are eligible for main-leaderboard promotion.

C.2 Environment Isolation

Open-source VLA repositories often depend on different versions of Python, CUDA, PyTorch, MuJoCo, robosuite,
transformers, flash-attn, diffusion libraries, simulation backends, and robot-control utilities. Forcing all models into
a single unified software environment can break official execution paths or introduce unofficial engineering changes.
Industrial VLA-Bench therefore isolates environments at the model level. Each model is evaluated in its own conda,
Docker, or documented runtime environment, following the official installation instructions as closely as possible.

For every run, the harness records package versions, CUDA version, GPU type, GPU memory, CPU type when available,
operating system, driver version, repository commit, checkpoint identifier, and benchmark version. Environment
isolation is not treated as a nuisance but as a deployability signal. If a model cannot be installed, requires undocumented
dependencies, conflicts with required benchmark packages, or fails under its official instructions, the failure is recorded
as reproducibility evidence rather than silently discarded. This allows Industrial VLA-Bench to report not only which
models achieve high success rates, but also which models can be reliably reproduced by downstream users.

C.3 Command Manifests and Normalized Results

Industrial VLA-Bench uses command manifests to make every reported number traceable to an executable run. A
manifest records the model name, repository URL and commit, checkpoint identifier, benchmark suite, task split, entry
point, launch command, seed, trial count, hardware configuration, environment name, raw log path, output directory,
success metric, latency measurement, VRAM measurement, runtime mode, and run status. A simplified schema is
shown below:

Field Description

model Model or model family name
repo_commit Repository commit or release tag
checkpoint_id = Checkpoint name, path, or hash

benchmark Benchmark suite and version

task_suite Task split or evaluation subset

entry_point Official script or protocol-faithful wrapper
command Full launch command

seed Random seed when applicable

num_trials Number of evaluation episodes

raw_log Path to raw execution logs

success_rate Aggregated success metric

latency Latency per action step or episode-level timing
peak_vram Peak GPU memory usage

runtime_mode  Local, Docker, server-client, or remote-like mode
status Complete, partial, failed, unresolved, or appendix-only

The normalized result schema contains one row per model-benchmark—suite—track configuration, with fields for success
rate, run-level deviation, episode count, evidence tier, comparability status, runtime statistics, reproduction status, and
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wrapper notes. A row is promoted only after its normalized record is matched to the available logs and manifest;
otherwise it remains NR or PV. This design preserves failed and partial paths rather than silently deleting them.

C.4 Result Promotion Checklist

Industrial VLA-Bench uses a result promotion checklist to decide whether a run can enter the main paper tables. A result
is eligible for the main leaderboard only if the raw log exists, the repository commit and checkpoint provenance are
recorded, the benchmark version and task suite are documented, the metric aggregation follows the official definition,
the trial count matches the protocol, wrapper deviations are disclosed, and observation/action semantics are preserved.
Deployment metadata, including latency, peak VRAM, runtime mode, and reproduction status, must also be recorded
when the run is complete.

Failed, partial, unsupported, or unresolved runs are not deleted. Instead, they are assigned an explicit status and reported
as appendix, diagnostic, or reproducibility evidence when informative. This policy prevents the benchmark from
reporting only successful reproductions while hiding engineering failures. It also prevents non-comparable numbers
from entering the main leaderboard. For example, a run with reduced trials, modified success rules, hand-written
paraphrases, altered reset behavior, unofficial action wrappers, or unresolved checkpoint mismatch may still be useful
for debugging or transparency, but it is not promoted to main evidence.

The checklist protects comparability and traceability. A PF result must connect its number to a concrete command,
environment, checkpoint, log, and aggregation rule. Rows that do not yet satisfy that chain remain visibly NR or PV.

D Extended Experimental Setup

Checkpoints and evaluation paths. We prioritize officially released checkpoints and official evaluation implementa-
tions whenever they are available. When an official end-to-end path is unavailable, we construct a protocol-faithful
reproduction that preserves the benchmark task definitions, observation and action semantics, success conditions,
episode horizon, and aggregation rules. Any unavoidable deviation in model wrappers, prompt templates, image
preprocessing, or runtime configuration is disclosed.

Random seeds and aggregation. Every reported model-benchmark configuration is evaluated through three complete
runs with fixed run-level seeds {s1, s2,s3} = {1,7,42}. A run seed initializes the simulator reset and task-order
random-number generators, and the policy-sampling generator when stochastic sampling is enabled; it is neither an
episode index nor a training seed. The checkpoint and inference configuration are held fixed across the three runs,
and each run evaluates the complete official task set. Standard LIBERO uses 50 trials per task, giving 2,000 episodes
per seed and 6,000 episodes over three seeds. LIBERO-Plus and LIBERO-Para use one episode per official task
configuration, giving 10,030 and 4,092 episodes per seed, respectively. We report the run-level mean and population
standard deviation

where r; is the success rate of run . “Std” therefore describes variation across the three reported runs rather than
an episode-level binomial error bar. The three seeds share a fixed evaluation set: standard LIBERO uses the official
initial-state files, and LIBERO-Plus and LIBERO-Para evaluate one episode per official task configuration. The seeds
therefore vary simulator and policy-sampling nondeterminism over a fixed configuration set, not the configuration
sample itself. The reported deviations describe replay variation under that fixed set. They are not sampling error bars
over task configurations and must not be read as confidence intervals. Quantifying configuration-level uncertainty
would require bootstrap resampling over task configurations, which we leave to the next release.

Reported metrics. For clean LIBERO evaluation, we report the success rate for each suite and the unweighted
average over the four suites. For LIBERO-Plus, we report success under each perturbation dimension and an unweighted
robustness average over the six non-linguistic dimensions. For LIBERO-Para, we report success under instruction
variations separately rather than mixing language sensitivity with visual robustness.

Runtime measurements. Peak VRAM is measured during inference after model loading and warm-up. Latency is the
mean wall-clock time per policy invocation and excludes environment reset. One invocation may emit a model-specific
chunk of £ actions, so the reported value is not amortized per executed action. Model-specific hardware, precision,
batching, preprocessing, communication, and chunking prevent a controlled cross-model latency rank. A future
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normalized release should report the same device and precision, k, per-call and amortized latency, effective control
frequency, and median/P90/P95 statistics.

Evidence status. Protocol-faithful (PF) indicates a reproduced path that preserves benchmark semantics and aggrega-
tion rules. Near-reproduction (NR) indicates disclosed wrapper- or setup-dependent deviations. Pending verification
(PV) indicates that the path has not yet passed the promotion checklist. The current audit assigns PF to OpenPlI,
GROOT-N1.7, and FastWAM; NR to UnifoLM-VLA-0; and PV to Xiaomi-Robotics-0 and Cosmos Policy. Status is
orthogonal to the numerical score.
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