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ABSTRACT

Augmenting worker capabilities in the physical world through guidance has been
a decades-long goal for Al agents. One key supporting capability for agents is
to be able to understand what the worker is doing, seeing through the human’s
camera or smart glasses, and assist them in documentation. Despite impressive
advances in vision language models, their capabilities in these settings remain
uncertain and are challenging to benchmark because most physical work data is
proprietary, and involves too much variability to study in a principled manner.
Unlike structured settings such as kitchens and warehouses that have predictable
lighting, geometry, and objects, field-facing tasks such as rooftop solar installation
and vehicle repair are unconstrained and high variance. Here, we model real-world
physical work scenarios in Blender across eleven distinct environments, incorporat-
ing variants in both image acceptability and documentation. The acceptability task
asks whether a particular view would be suitable proof-of-work and documentation
asks whether an agent can understand the task-relevant state of the environment
from that view. Across 26 vision-language models, we find that top models largely
solve documentation when the answer is text in frame, but are weak at reading
measurements and at judging small parts and spatial relations, such as whether
a tape measure leans. Acceptability is harder to pin down because human raters
disagree with each other. Measured against a scorer that agrees with the raters’
majority about as often as a single rater does, the best models cannot be distin-
guished from a single non-author rater, at a cost within the range of a human pass.
In the three environments where we can trace acceptability errors, most wrong
rejections come from misreading the scene rather than the requirement. On the
three documentation questions for which we have real images, model rankings
on rendered frames transfer to the real images. The benchmark is available at
https://huggingface.co/datasets/relantic/realitybench.

1 INTRODUCTION

It has been a long-term goal to create Al agents that augment human capabilities in the physical
world, from early augmented-reality systems for manufacturing and maintenance (Caudell & Mizell,
1992; Feiner et al., 1993; Henderson & Feiner, 2011) to recent egocentric assistants (Wang et al.,
2023b; Grauman et al., 2024; Huang et al., 2025). These agents can help novice human workers
perform tasks that require knowledge, e.g., showing them where to find a particular part of a machine,
or reduce documentation time for expert workers by converting a recording of their task performance
into a structured report. We expect these capabilities to be of increasing interest.

Towards this goal, we evaluate performance of current vision language models (VLMs) on two
kinds of tasks (Figure 1): acceptability and documentation. Acceptability tasks ask, given a natural
language specification, whether an image satisfies it, for the purposes of documenting the state of the
environment (e.g., to show that work was performed). For example, in solar installation, an installer
may request a sharp, close-up picture that shows the flashing and lag bolt for every L-foot on a solar
module mounting rail (glossary: Appendix B). A verdict must intersect several conditions at once,
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Rooftop solar installation

rail_attachment wire_adequacy tape_ga slope_gauge equipment_label horizon_peak breaker_label

lag bolt? flashing? wire touching roof? tape reading? lean? angle? on module? brand, model, serial?  horizon visible, level?  main and circuits?
lag bolt: yes touching: yes 4.9 in, gap 4.7 in 12.2°, on module ENPHASE IQ.. visible, roll 1° main 200 A,
flashing: yes flush S/N 3045666811... 13 circuits
Vehicle repair Randomized within an environment: car_plate

-

car_view

damage_view

car_plate ro_board MSA 7049, New Jersey JGW 8754, Arizona TNV 0736, New York
which side? body style?  damage kind, severity?  plate and state? RO number, VIN?

driver, sedan rust, moderate UVF 1840, Ohio RO 54101

VIN 78VYDVJI3..

Figure 1: The eleven environments of RealityBench with one scorer-acceptable frame from each.
Because each scene is rendered in Blender, each frame can be scored programmatically. Under each
frame: a short form of the environment’s documentation question and the ground truth.

some of them geometric (is the tape seated flush? is the gauge on the module?). Documentation tasks
ask, given a natural language specification, to extract certain information from the environment that
is needed to document the environment—for example, reading the height of a solar module above the
roof off of a tape measure.

Evaluating the capability of agents on these tasks is challenging and expensive. In-field trials give
the best ecological validity, but they are resource intensive. Archived in-field data exists in high
volume, but suffers from two issues. First, it is restricted in access, limiting reproducibility and
transparency. Second, it is imprecisely overseen: a single task may generate a huge volume of data
(e.g., thousands of photos) with a human providing only a single label for an entire unit (packet),
under business pressure, and often assisted by VLMs. The weakness of VLMs at certain visual
tasks makes VLM-based processing of archived field data problematic. This creates mechanistic
uncertainty—it is unclear what a VLM should be able to conclude from each image.

We therefore take a simulation approach. RealityBench renders eleven environments in Blender
(Figure 1), each with an associated acceptability and documentation task, from rooftop solar in-
stallation (seven) and vehicle repair (four). This overcomes both issues—we release the rendered
benchmark publicly under a permissive license and task success is programmatically evaluable using
the environment state. This programmatic evaluation is challenging in the same way alignment to
human preferences is—humans may have different views on how the natural language specification
should be translated into requirements. Nonetheless, on held-out frames the scorer agrees with the
majority of our human raters on 82% of frames, close to the 76-92% at which an individual rater
agrees with the others (Section 4). We evaluate 26 models on a benchmark of 1,378 frames from our
simulator.

While simulation-based benchmarking has impressive flexibility, it is often difficult to know whether
the results translate to the real world. We are able to estimate this gap through evaluations on
in-field images procured from real-world physical work tasks, and real world reenactments (for
one measuring task, which we release publicly). Model rankings transfer on all three matched
documentation questions: across 22 models, Spearman p > 0.63 per question at p < 0.002. This is
evidence that the simulated tasks predict which models do well on real photographs.

Our results provide insights into both what VLMs can perceive and how they judge. Documentation
scores are high when the answer is text in frame (labels, plates, directory cards), except for long or
unusual strings, and low on measurement (reading a tape at the crossing) and on judgments about
small parts or relations (whether a tape leans, whether a lag bolt is present). On acceptability, the best
models score about as well as a single non-author rater (F1 0.61 against 0.59). We trace acceptability
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errors in three environments where the acceptability and documentation tasks share a field. There,
models apply the requirement consistently to what they report seeing, but they misread the scene
often. For example, they judge 75% of upright tape measures as tilted, and these misreadings account
for most of their wrong rejections. For seven of the nine models we re-asked, the misreadings do not
change when the verdict is asked last or not at all.

Contributions.

1. A set of eleven environments from two kinds of real-world physical work, each with a human-
validated programmatic acceptability scorer for a particular natural language task and a program-
matic documentation scorer. Since the environments are simulators, not image sets, others can
extend them to new tasks and to closed-loop guidance.

2. An evaluation of 26 vision-language models on 1,378 frames from those environments, reporting
acceptability against the scorer, documentation accuracy against the scene’s ground truth, the cost
of the whole set at list prices, and a comparison with a single human rater.

3. A sim-to-real comparison on three matched documentation questions using real photographs (a
public tape-measure set that we release, and two proprietary sets of vehicle photographs), showing
that rankings on rendered frames transfer to real photos.

4. An analysis of what makes the tasks hard for models, showing that in the three environments
where we can trace them, most wrong rejections come from misreading the scene, not the natural
language requirement.

2 RELATED WORK

Assistants and datasets for physical work. Large egocentric corpora have the model observe
the worker. Ego4D and Ego-Ex04D (Grauman et al., 2022; 2024) and procedural datasets such as
Assembly101, IndustReal and CaptainCook4D (Sener et al., 2022; Schoonbeek et al., 2024; Peddi
et al., 2024) label steps, mistakes (Lee et al., 2024) and proficiency. HoloAssist (Wang et al., 2023b)
records a remote instructor guiding a worker in real time, and portable egocentric VLM assistants are
beginning to appear (Huang et al., 2025). For inspections, VLMs have been evaluated as construction-
safety inspectors (Chen & Zou, 2025) and as unified industrial-inspection models, where they proved
brittle against task-specific baselines (Wallace et al., 2025). These datasets are video-centric and label
the work—they don’t ask whether a captured view is adequate proof that the work was done. We
found no public dataset of worker-submitted proof-of-work photos judged for acceptability.

Synthetic environments and sim-to-real. Rendered data with exact ground truth has a long
history as training data (Richter et al., 2016; Roberts et al., 2021) and as a diagnostic test bed,
e.g., CLEVR (Johnson et al., 2017) and Super-CLEVR (Li et al., 2023), which varies scene factors
independently. Generators include Kubric, BlenderProc and Infinigen (Greff et al., 2022; Denninger
et al., 2023; Raistrick et al., 2023), and embodied simulators include ProcTHOR and Habitat (Deitke
et al., 2022; Savva et al., 2019). Domain randomization (Tobin et al., 2017) and synthetic spatial
training that improves real-image benchmarks (Ray et al., 2025) show that variation can improve
sim-to-real transfer. We know of no prior work that measures whether VLM rankings on a rendered
benchmark match rankings on real photos of the same task.

Judging image quality. No-reference image quality assessment scores perceptual quality from
statistics (Mittal et al., 2012; 2013) or learned models (Ke et al., 2021), and recent work puts the
question to VLMs directly: CLIP-IQA (Wang et al., 2023a) with antonym prompts, Q-Bench (Wu
et al., 2024a) as a low-level-vision benchmark, and Q-Align and DepictQA (Wu et al., 2024b; You
et al., 2024) for calibrated scores and language explanations. These judge quality independent of
content. Task-defined acceptability appears in mobile document capture, where a frame is good
if downstream OCR succeeds (Burie et al., 2015; Li et al., 2018; Bulatov et al., 2020), and in
insurance imaging, where customer photos feed damage estimation (Mallios et al., 2023) and VLMs
are benchmarked on claims imagery (Lin et al., 2025), but there the photos are assumed adequate.

Scoring an image against a specification. TIFA and Davidsonian Scene Graph (Hu et al., 2023;
Cho et al., 2024) decompose a prompt into questions answered by a VQA model, VQAScore (Lin
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et al., 2024) asks a single yes/no, and GenEval (Ghosh et al., 2023) runs a hand-written detector
pipeline over object state, reporting agreement with annotators close to inter-annotator agreement.
Visual programming (Gupta & Kembhavi, 2023; Suris et al., 2023; Cho et al., 2023) and LLM-
written reward code over simulator state (Ma et al., 2024) generate the verifier itself. Our scorers are
hand-written programs over privileged scene state, closest in spirit to GenEval, and we validate them
against human ratings as that literature does. We do not use a VLM as the reference scorer, partly
because studies of multimodal LLMs as judges find absolute scoring inconsistent even for frontier
models (Chen et al., 2024b).

Fine-grained perception in VLMs. BLINK (Fu et al., 2024b) finds frontier models near chance on
tasks humans solve at a glance, MM VP (Tong et al., 2024) traces failures on orientation, counting and
small details to the CLIP encoder, and HallusionBench (Guan et al., 2024) separates answering from
priors from misreading the image. Spatial benchmarks report that metric questions are among the
hardest (Yang et al., 2025; Chen et al., 2024a), and PhysBench (Chow et al., 2025) covers physical
properties and relations broadly. Reading text is well studied, e.g., through scene-text and document
VQA (Singh et al., 2019; Mathew et al., 2021) and OCRBench (Liu et al., 2024; Fu et al., 2024a),
which singles out non-semantic strings such as serial numbers as a weakness. Closest to our tape
and gauge tasks, MeasureBench (Lin et al., 2026) benchmarks reading values off instruments in real
and synthesized images and finds that frontier VLMs struggle, while specialist readers trained on
synthetic gauges remain competitive (Leon-Alcazar et al., 2024; Mueez et al., 2026).

3 ENVIRONMENTS

We construct 11 environments in Blender 4.5.12 in two settings: rooftop solar installation (seven)
and vehicle repair (four). Each environment uses a shared model of the phone camera: a phone is
drawn per scene (main lens 24-28 mm full-frame equivalent, sensor width 5.6-9.8 mm, {/1.6-2.4,
and on some phones ultra-wide and telephoto lenses and digital zoom), each frame is rendered in
landscape or portrait at that phone’s effective focal length, and the aperture is set from the physical
lens so that Cycles renders a phone’s depth of field. 70% of frames are focused on the target with a
steady hand, 15% have the autofocus locked elsewhere and 15% have hand shake over a shutter time
drawn log-uniformly from 1/500 to 1/25s. Sensor noise, white balance, tone mapping, chromatic
aberration, vignetting and a JPEG re-encode are applied after the render.

Each environment has an acceptability and documentation task. The acceptability tasks ask whether
a photo satisfies a natural language condition. The documentation tasks ask the model to write some
property of the environment to a structured JSON format. Example prompts are in Appendix C.

Why these tasks? First, they are derived from tasks where VLMs fell short on real field images.
Second, they test models along many axes. For example, rail_attachment asks whether a
close-up shows the flashing and lag bolt of a single roof attachment, testing recognition of small
hardware in clutter. Other tasks ask the model to read text and capture an image that shows that
text clearly to a human. Finally, while there is a body of VLM work in structured settings such as
kitchens and warehouses that have predictable lighting, geometry, and objects, field-facing tasks such
as rooftop solar installation and vehicle repair are unconstrained and high variance, and not rigorously
studied. Together, these tasks allow us to assess perception and understanding in a nuanced way.

3.1 ROOFTOP SOLAR INSTALLATION

Six of the seven solar environments are on the tilted roof of a house where a solar array is being or
has been installed. Five share one procedural roof scene: the roof rectangle and pitch, the shingle
courses, the house body under the roof (lap siding or brick), a gable or shed roof, a chimney (about
half of the scenes), a ladder leaning on the eave, the array layout and the sun are all drawn per scene
from the generator’s distributions. The background is a sky-only HDRI panorama with the sun lamp
aligned to the panorama’s own sun. horizon_peak uses one of 21 CCO house meshes instead,
re-covered with the same procedural shingle courses and trims, placed inside a full 360° panorama.
The seventh, breaker_label, is set at the house’s load center on a wall.

We follow an installation in order. The array’s rails are held to the roof by L-feet, each lag-bolted
into a rafter through a sheet of flashing slipped under the shingles which, together, anchor the rail
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and prevent leakage. rail_attachment asks for a close-up of one attachment that shows the
L-foot, its flashing and the lag bolt, and asks whether the bolt and the flashing are present. Under
the modules, the wire should not touch the shingles: wire_adequacy asks for a photograph of
the wire’s lowest point, and asks whether any wire touches the roof (the requirement also mentions
hard bends, which the scorer does not check separately). The module must stand clear of the roof:
tape_gap asks for a tape measure standing up to the module frame, and asks for the number at the
crossing, the true perpendicular gap and whether the tape leans. The module’s slope is recorded with a
digital angle gauge: s1lope_gauge asks for the gauge sitting on the module, aligned with the slope,
with the module visible (the scorer also requires some of the module’s edge in view, since alignment
cannot be judged without it), and asks for the reading. Each piece of equipment is photographed by
its nameplate: equipment_label asks for a legible nameplate and for its brand, model and serial
number and what it is on. From the ridge, the installer photographs the skyline in every direction,
which records the obstructions that shade the array. horizon_peak asks for a photo, taken from
the peak, of the skyline in one direction with a little of the house’s own roof along the bottom, and
asks whether the horizon is visible and level. Finally, the array ties into the house’s electrical panel:
breaker_label asks for a square-on, legible close-up of the circuit directory card and for its full
contents, the main breaker amperage and every circuit’s name and amperage.

3.2 VEHICLE REPAIR

The photographer is in a parking lot with multiple vehicles from a set of nine meshes, with the subject
car identified by color and body style (“the silver sedan). A damaged vehicle arriving at a repair shop
is first documented as a whole. car_view asks for a particular face of the car (front, rear, driver or
passenger side) straight on, with the whole car in frame from about two car lengths, and asks which
face is shown and the body style. The damage is then photographed up close: in damage_view, a
procedurally generated dent, scratch or rust mark on a panel must be photographed square-on from
about an arm’s length, with part of the adjacent panel in frame for context, and the model is asked the
kind of damage and its severity (minor, moderate or severe, by surface area). The vehicle’s identity is
recorded: car_plate asks for the mounted license plate close up and legible, and for its characters
and the state named on it. Finally the shop issues a repair order, written with the vehicle’s VIN on a
hand-held board and photographed with the car so the two are tied together: ro_board asks for the
board, legible, with the car in the same frame, and for the RO number and the VIN.

4 BUILDING THE BENCHMARK SET AND ACCEPTABILITY SCORER

For each of the 11 scenes, we render 100 frames with the camera drawn from that environment’s
pose distribution. We perform additional positive sampling for the seven environments where random
frames are rarely acceptable, for a total of 1,450 initial frames. In ro_board, 29 frames were
withdrawn because of a defect in the board texture, leaving 1,421 frames.

We define an acceptability scorer for each environment, which is an intersection of acceptability
terms. Some acceptability terms are computed directly from the scene after the camera is placed,
including in-frame and occlusion by ray casting, distances, view angles, and pixels per unit length.
Another set of terms is read off the rendered frame itself, including sharpness at the target, the text’s
contrast against its paper and its blown-out fraction, the wire’s pixel count and edge contrast, and
the label’s paper luminance. Acceptability is orthogonal to work completeness—unacceptable work
can be acceptably documented. Documentation answers are scored against the scene’s ground truth.
Details are in Tables 1 and 2. We call frames that pass the acceptability scorer scorer-acceptable.

We tune the scorer to simulate human judgment. Six raters (four authors and two colleagues) judged
30 random frames per environment for acceptability, against the requirement text the models see and
without seeing the scorer’s verdict: two raters judged all of them, three judged 20-25 per environment,
and one author judged only t ape_gap and damage_view (4.0-5.1 ratings per frame, Table 13).!
We split this set once, by frame, into 60% used to adjust the scorer and set the gray zones (described
below) and 40% looked at once, after the scorer was frozen. On each held-out frame with at least
three ratings we take the raters’ majority as the reference (95 frames after excluding ties). The tuned

ITen of the rated ro_board frames were among those later withdrawn; their ratings are kept in the scorer
tuning and in the agreement figures below.
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scorer agrees with that majority on 82% of frames (95% CI 75-90%). It errs on the strict side: it
accepts 4 of the 62 frames the majority rejects and rejects 13 of the 33 that the majority accepts. An
individual rater agrees with the majority of the other raters on 76-92% (67% for the author who rated
two environments, on 18 frames, Table 13). We opted to drop the acceptability task for car_plate,
where human raters disagreed on small but legible plates, and the acceptability task for frames of
rail_attachment that clearly show an attachment with its lag bolt or flashing missing, due to
task ambiguity. We removed the scorer requirement that the horizon_peak horizon be level,
which the requirement text did not ask for. After these reductions and the gray zones below, 1,378
frames remained. Of these, 1,265 are scored for acceptability, and the 547 scorer-acceptable frames
(including those of car_plate) are scored for documentation.?

Acceptability gray zones. Natural language descriptions that are used in the field are ambiguous
(what does “arm’s length” mean?). We want to avoid marking down models that reasonably interpret
natural language. Where the wording leaves a range open, or our human raters disagree with each
other over it, we mark that range of the term as gray (four zones in Table 1). For example, in
damage_view, which asks for a photo from about arm’s length, camera distances between 1.5 and
3 m are gray. A frame whose verdict depends only on a gray term is not scored for any model. We
drop 43 frames from the acceptability set this way.

Other metrics. We report the cost of the whole set at the developer’s own list API price (Table 7),
with thinking tokens priced at the output rate.’> We served three models ourselves (Gemma 4 E4B,
LFM2.5-VL-3B, Qwen3.5-4B), which we do not attempt to price due to differences between self-
hosting and API costs. We report the mean number of thinking tokens per item (where a provider
reports only an output count, the count minus the tokens of the reply we received) and the fraction of
answers that match the stated grammar.

5 REAL-WORLD DATA

For three of the tasks we have approximate real-world equivalents, which let us estimate the sim-to-
real gap.

Reading tape measures. We find that reading the measured distance off a tape measure precisely is
one of the most challenging synthetic tasks. To test whether this result transfers, we photographed a
tape measure held against everyday objects (monitors, a laptop, benches, tables, a fence, a whiteboard,
a car battery) and recorded the ground truth for each measurand with a caliper or a careful human
tape read: 133 readings on 84 photos of 35 items across 12 scenes, which we release. Each reading is
asked with a prompt of the same form as tape_gap’s, naming the object and the measurement in
place of the module and the gap, and scored as read within 1/8 in of the ground truth.

Assessing car damage. We use photographs of damaged vehicles from the real world. For
car_view’s face question, one author labeled 117 real frames with every side and third of the
car they show—the model’s answer was marked correct if it names one of them. This is similar to
car_view’s documentation task. For damage_view’s severity question, one author rated the 63
photos of damaged panels on the documentation task’s severity scale.

6 EXPERIMENTS

We evaluate the models shown in Table 5, including: 23 through their providers’ APIs under provider
default settings, and three small open-weight models (Gemma 4 E4B (Gemma Team, 2026), LFM2.5-
VL-3B, Qwen3.5-4B) that we served ourselves in bf16 at the model-card recommended settings. We
evaluate Gemma 4 E4B with thinking on and Qwen3.5-4B in its non-thinking mode: in thinking
mode Qwen3.5-4B used a mean of 3,064 thinking tokens per item on a 180-item sample, about

Tape leaning is scored on all 143 tape_gap frames as lean can be judged from all frames, and all
scorer-acceptable frames have no lean.

3Cache benefits would be small due to the input tokens being dominated by the image. We report numbers
without cache benefits.



Preprint

Gemini 3.8 Flash
Gemini 3.5 Flash
0.90 Gemini 3.1 Flash Lite
Gemma 4 31B
Gemma 4 26B-A4B

0.7
GPT-6 Astra
GPT-6 Sol
] GPT-6 Luna

w 8 GPT-5.6 Sol
0.80 . GPT-5.6 Terra
A GPT-5.6 Luna
Claude Fable 5.1
Claude Opus 5.5
0.75 a Claude Opus 5
Claude Sonnet 5
Qwen 3.8 Max
Qwen 3.8 27B
Qwen 3.5 397B-A17B
Grok 4.6
Kimi K3
0.65 — Muse Spark 1.3
DeepSeek V4.1 Flash
A GLM-5.3 Flash

0.60 ---+- always accept (0.33)
T T . T Gemma 4 E4B (no list price)
Qwen3.5-4B (no list price)

< LFM2.5-VL-3B (no list price)
ﬁ person (non-author raters)
gp per-environment routing
$3 consensus of all models

0.85

Lt
>EX> D>

0.6 ._4-_,5_.* &8

a
*
»
[ B 3

0.5

acceptability F1
(vs. scorer-acceptability)

0.70

documentation score
(scorer-acceptable frames)

0.4 A

©
a
* % 0> %

0.3

10° 10t 102 10° 10t 102
cost (USD, log) cost (USD, log)

tape: reading within 1/8 in car face named damage severity
1 - - -

2 %
4

o [

0.5 * T T 9. o
A

score on real photos
.
*

T T T T T T
0.5 1 0 0.5 1 0 0.5 1
score on synthetic frames

Figure 2: Top: acceptability F1 against scorer-acceptability (left) and documentation score on scorer-
acceptable frames (right) against the cost of the whole set. Color marks the developer and shade
the generation (darker is newer; Gemma 4 26B-A4B is a lighter shade only to tell it from Gemma
4 31B) and shape is a rough size tier (3 flagship, B large, e mid, A small, ¢ 3-4B). The dotted
line is the “always accept” baseline; the hollow markers at the left edge are the small open-weight
models we served ourselves. « routes each environment to the model that scored best on it (chosen
on the other half of the frames) and # takes the majority verdict and answer of all models. a marks a
single non-author rater’s F1 (95% CI 0.50-0.67) at the cost of one human pass over the set ($11-165).
Bottom: documentation score on synthetic frames (scorer-acceptable; for severity, frames where the
damage is readable) against real photographs on the three matched questions.

four times Gemma 4 E4B (740). We report the acceptability F1 and documentation score vs. cost
to complete the entire set in Fig. 2. More experimental details, model performance statistics, and
confidence intervals are in Appendix D. Four models were not run on the real photographs due to
logistical issues: Qwen 3.8 Max, Muse Spark 1.3, Kimi K3 (Kimi Team, 2026), and DeepSeek V4.1
Flash (DeepSeek-Al, 2026).

6.1 RESULTS

On synthetic data, models spread widely on both tracks (acceptability F1 0.39-0.61, documentation
0.62—0.84), with the two rankings in approximate agreement (Spearman p = 0.69, p < 0.001). On
each track, we call the leader and the models whose paired 95% interval against it includes zero
the top group (Table 6). On acceptability, GPT-6 Astra leads (0.61, $30.05), with Claude Opus 5.5
(0.58, $16.36), GLM-5.3 Flash (0.57, $1.30) and Gemini 3.5 Flash (0.56, $7.36) in the top group.
On documentation, Gemini 3.8 Flash leads (0.84, $7.16), with Claude Opus 5.5 (0.83, $16.36),
GPT-6 Astra (0.83, $30.05), Claude Fable 5.1 (0.83, $41.35) and Qwen 3.8 Max (0.82, $38.19) in
the top group. GPT-6 Astra and Claude Opus 5.5 are the only models in both top groups. The best
open-weight model on acceptability is GLM-5.3 Flash, and on documentation the much smaller
Gemma 4 31B (0.79, $0.70). Routing across models helps documentation but not acceptability:
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routing each environment to the model that scored best on it (chosen on the other half of the frames)
reaches a documentation score of 0.86 ($17.90), above every single model, but an F1 of only 0.60
($20.60). The majority of all models reaches F1 0.60 and documentation 0.83 at $322—on par with
or worse than the best single model.

On the cost axis, the models fall into three separated groups: those costing over $4 for the set ($4.80—
41.35), six costing under $2 ($0.69-1.30, which we call moderately priced), and the unpriced models
we served ourselves. The moderately priced group contains three open-weight models (Gemma 4
31B, Gemma 4 26B-A4B and GLM-5.3 Flash) and three closed-weight models (GPT-6 Luna, Gemini
3.1 Flash Lite and GPT-5.6 Luna). The top group on acceptability within the moderately priced band
is GLM-5.3 Flash (0.57, $1.30) and GPT-5.6 Luna (0.53, $1.18), and on documentation, Gemma
4 31B (0.79, $0.70) alone. Two of these three top group models are open-weight and thus make
especially attractive targets for fine-tuning.

The unpriced band is on par with the lowest scoring priced models on both tracks, with LFM2.5-
VL-3B and Gemma 4 E4B at the top of it (F1 0.43 and 0.42, documentation 0.68 and 0.69). These
models are exciting because they can run on-device, with low latency and no network dependence.

Real-world images. Figure 2 (bottom) and Table 14 give, per model, the synthetic and real scores
on the three matched questions. We see the tasks have broadly consistent difficulties between real and
synthetic environments, with tape reading hardest on both, followed by damage severity, followed
by naming the seen face of the car (which is saturated for top models). The rankings transfer, with
Spearman p of 0.63-0.79 (p < 0.002) with the worst transfer on damage severity.*

Human raters. Using only the raters who were not involved in designing the scorer, a single
rater scores an F1 of 0.59 (95% CI 0.50-0.67) against the scorer. Individual raters are noisy—the
scorer tracks their majority. We cannot distinguish the strongest models from a single human rater
on acceptability. We perform an approximate cost comparison. Our raters took 8—12 s per frame
(including the documentation fields) while doing other work; they are not expert raters and did not
know they were being timed, so we allow for faster work. At 3—12s per item and $10/h (a somewhat
arbitrary lower bound) to $35.91/h (U.S. Bureau of Labor Statistics, 2026), one human pass over the
1,378 items costs roughly $11-1635, against $16.36 for Claude Opus 5.5 and $30.05 for GPT-6 Astra.
Across generations, models improve on score and cost at once, so if the trend holds they will overtake
a single rater on these tasks. Their remaining weaknesses are specific, and we turn to them next.

7 ANALYSIS

What is easy and hard for models? Figure 3 divides the 24 documentation fields into three groups:
reading (transcribe text or digits), judgment (a categorical scene state) and measurement (for reading
tape measures) (details: Table 10). Models are very strong at reading: eight of the ten reading
fields score 0.90-1.00 averaged over models. Long or unusual strings are still hard on average: the
17-character VIN (mean 0.59) and the gauge’s seven-segment display (0.66), though Gemini 3.8
Flash scores 0.89 and 0.95. On judgment fields, those whose answer fills the frame are easy: what
the label is on (mean 0.95), whether the horizon is visible (0.98) or level (0.91), the kind of damage
(0.89), the car’s face (0.83) and body style (0.81). The hard ones concern a small part or a relation:
whether the lag bolt is present (0.67, best 0.82), how severe the damage is (0.61, best 0.75), whether
the wire touches the roof (0.57, best 0.74) and whether the tape is leaning (0.55, best 0.82). Reading
a tape measure is the hardest tested task: the number at the crossing is within !/sin 11% of the
time on average (best 36%, Opus 5.5 and GPT-6 Sol), and the true gap within 1/4in 23% (best 48%,
Opus 5.5); as we saw, this difficulty carries over to real photographs. Across models, reading score
is not detectably correlated with judgment (Spearman p = 0.23, p = 0.27), while judgment and
measurement are strongly correlated (p = 0.61). Acceptability F1 follows judgment (p = 0.77) and
measurement (p = 0.77), not reading (p = 0.26, p = 0.19).

Drivers of difficulty within an environment. In tape_gap the models read the tape’s angle in
the image rather than against the module. The tape is within 5° of upright on every scorer-acceptable

*On damage_view, the real frames are not solely scorer-acceptable—thus, we use a sharpness-and-
visibility-only condition to create the synthetic comparison set.



Preprint

reading judgment measurement 1.0

mean (26 models) [N I NI I Y A
Gemini 3.8 Flash
Claude Opus 5.5

GPT-6 Astra
Claude Fable 5.1
Qwen 3.8 Max
Gemma 4 31B
GLM-5.3 Flash
GPT-5.6 Luna
Gemma 4 E4B
LFM2.5-VL-3B
Qwen3.5-4B

- 0.5

Figure 3: Documentation score by field (columns) and model (rows) on scorer-acceptable frames
(tape leaning: all tape_gap frames). Columns are grouped by skill and sorted by the mean over
all 26 models (top row). Rows are the models on a cost frontier of Figure 2, the other models in the
documentation top group and the three models we served, sorted by documentation score.

frame, yet the models call it tilted 75% of the time, and the rate rises with the roll of the camera. The
rise appears in 23 of the 26 models and in 5 of the 7 on the cost frontiers. Close shots with little roof
for reference are the worst (Spearman —0.59 with roll, —0.51 with the apparent blade size). Reading
fields are governed by resolution and viewing angle, as expected: the VIN on the RO board tracks
pixels per text row (4-0.71), the RO number the yaw of the board (—0.51), the breaker directory the
viewing angle (—0.44). Two judgment fields are governed by visibility and vantage: whether the lag
bolt is present tracks how much of the mount is unoccluded (+0.56), and whether the gauge sits on
the module tracks camera pitch (40.51).

Do models misread the requirement or the scene? Acceptability F1 follows the geometric
judgment fields, not reading. We analyze this through three environments where the acceptability
and documentation tasks overlap: whether the tape is tilted, whether the gauge is on the module,
whether the lag bolt and flashing are present. On scorer-acceptable frames the property always holds,
so a model that reports the defect has misread the scene. Models apply the requirement to what
they read—they reject 89-99.6% of the frames on which they report the defect—but they misread
often, and the misreadings come with most of their wrong rejections: 97% in tape_gap, 74% in
slope_gauge and 63% in rail_attachment (Table 12).

Is the misreading real, or a justification of the verdict? The reply gives the verdict first, so a
model could reject a frame for another reason and then report a defect to justify it. We re-asked
150 frames from these environments to nine models with the verdict last and with no verdict at all
(Appendix D). For seven, the defect reports do not change beyond run-to-run noise. The two cheapest,
Gemini 3.1 Flash Lite and Gemma 4 31B, report fewer defects without the verdict (Flash Lite about
half as many). For them, asking for the verdict first worsens their documentation answers.

Documentation on scorer-rejected frames. On the random frames, the documentation score is 0.71
on scorer-acceptable frames and 0.50 on the rest, and every model scores higher on scorer-acceptable
frames (by 0.14-0.26). The gap is largest on the reading tasks (+0.58 to +0.70) and smallest
in horizon_peak (+0.09), car_view (+0.07), wire_adequacy (+0.01) and tape_gap
(—0.17). In tape_gap the tape leans on 88% of scorer-rejected frames, where the models’ tendency
to call the tape tilted is usually right.

8 CONCLUSION

We introduced RealityBench, eleven rendered environments from rooftop solar installation and vehicle
repair. The environments are simulators, not image sets, so they extend to new tasks and to closed-
loop guidance. Each environment poses two tasks a field agent needs, both scored programmatically
from the scene: judging whether a photograph is adequate proof of work and reading the task-relevant
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state from it. Our observations show that reading text in frame is largely solved. The weaknesses are
in reading measurements and in judging small parts and spatial relations. Acceptability, however, is
harder to pin down, since raters disagree with each other, and the best models are level with a single
non-author rater. In the three environments where we can trace acceptability errors, most wrong
rejections come from misreading the scene. Rankings on rendered frames transfer to real photographs
on all three matched documentation questions.

Al USE STATEMENT

In this work, we used generative Al tools for the following tasks with required disclosure: proposing
or refining hypotheses; designing or providing feedback on research methodology or experiments;
implementing methods; cleaning and reformatting data; and interpreting results. We have not used
generative Al tools to generate synthetic data; assist with translation; or support qualitative and
thematic data analysis. Helping develop theoretical models or conceptual frameworks, formulating
mathematical claims, providing critical ingredients for proving mathematical claims, assisting in the
writing of proofs are not applicable to this work. Additionally, we used generative Al tools for tasks
with recommended disclosure: creating and editing software code, creating or modifying scientific
figures or images, drafting parts of a research paper, identifying and summarizing related literature,
and editing a research paper to improve readability. We have reviewed all Al-assisted work. Every
scorer threshold was set against human ratings collected without Al involvement, the model runs
and their analysis scripts were checked by the authors, and Al-proposed interpretations were kept
only where the authors could verify them. We take responsibility for the final content of this work,
including text, claims or artifacts produced with the aid of generative Al.

ETHICS STATEMENT

Human ratings. The acceptability ratings used to validate the scorers and to compare models
against people were produced by four of the authors and two colleagues, rating rendered frames of
inanimate scenes; one author also labeled the vehicle photographs of Section 5 with the face shown
and the damage severity. No personal data was collected from the raters, so no ethics review was
sought.

Real photographs. The tape-measure photographs were taken by an author of their own objects;
we release them. The vehicle damage photographs are used with permission. We use them only to
score model answers, do not release them, do not reproduce them in the paper, and sent them only to
providers whose data-retention terms met ours.

Conflicts of interest. The benchmark measures the general capability of third-party models rather
than any product produced by the authors, and the API models were run through their public APIs at
list prices and the three open-weight models on rented GPUs.

Assets and licenses. Every third-party 3D asset in the environments is CCO or CC-BY and is listed
with its license and attribution in the released dataset’s attribution file.

Potential harms. A system that judges photographs of completed work could be used to pressure
workers or to automate rejection of legitimate work. We argue that better evaluation of model
capabilities is important for making societal decisions about the use of Al in human work.
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A LIMITATIONS

We evaluate single frames, whereas workers would naturally produce a video. The scorer is one
reading of each requirement, validated against six raters on 30 frames per environment, and it errs on
the strict side. The human comparison uses non-expert raters, and its cost is a rough range. The error
tracing covers wrong rejections in the three environments where acceptability and documentation
share a field. The real-world comparison covers three documentation questions and no acceptability
task. The eleven environments come from two kinds of work. We test general-purpose models
zero-shot at provider defaults, not specialist readers or detectors, and model versions and prices
change quickly.

B GLOSSARY

module a solar panel. It is clamped to a pair of rails, and each rail is held to the roof by L-feet
lag-bolted through flashing into the rafters.

flashing the metal sheet slipped under the shingles at each roof attachment so the lag-bolt hole does
not leak; only its lower part is exposed.

L-foot / lag the bracket that holds the rail to the roof, and the lag bolt through it into the rafter.
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Table 1: Environment, task and scorer summaries. Every capture task additionally requires sharp at
target (defocus and motion blur at the target < 5 px; 6 px for car_plate, car_view, ro_board,
damage_view). Acceptable is the fraction of the random field-pose frames of each environment
that the scorer accepts. Documentation question is a summary of the task—not the prompt given to

the model.
Environment Scene  Documentation question Acceptability terms Acceptable
rail_attachment roof At this roof attachment, is a lag attachment in frame (> 90% of it); attachment unoc- 0.12
bolt present on the L-foot, andis  cluded; bolt location unoccluded (> 50% of the spot
flashing installed under it? where the lag bolt sits, or would sit, visible); fills the
frame (bbox > 2%); not a wide shot (< 1.8 m); not
scored when the lag bolt or flashing is missing
wire_adequacy roof Is any wire or cable touching the a lead wire in frame (> 50% of it); that wire’s lowest 0.39
roof surface? point visible; that wire unoccluded (> 30% of it); wire
visible to the eye: wire pixels > 0.05% of the frame;
wire stands out: edge contrast > 0.03; close enough
to judge contact (cam within 2.5 m of that wire’s low
point)
tape_gap roof What number is on the tape  crossing in frame; crossing unoccluded; close enough 0.17
where the module frame crosses to read 1/16in ticks (<0.65 m); tape seated flush (tilt
it, what is your estimate of the < 5°); photographed from the front of the blade; gray:
true perpendicular module-to-  a lean over 5° that shows as at most 5° in the image
roof gap in inches, and is the
tape leaning rather than standing
flush?
slope_gauge roof What does the angle gauge read,  display in frame; display unoccluded; digits legible: > 0.25
in degrees, and is it sitting on 14 px digit height; display readable angle (view angle
the module (glass or frame) or < 65°); gauge on the module, not bare roof; display
on bare roof? not blown out (< 30% saturated); gauge aligned with
the slope (lyawl < 15°, else it under-reads); array
context: module glass visible in frame; module edge
in view to judge alignment (> 300 px of frame edge
visible); text stands out in the render (Weber contrast
> 0.2); gray: lyawl 15-45°
equipment_label  roof What does it say on the equip-  label fully in frame; label unoccluded (> 95% of it); 0.06
ment label (brand, model num-  legible: > 10 px per text row; barcode resolvable:
ber and serial number) and what > 1 px per module; square-on enough to OCR (view
kind of equipment is it on? angle < 60°); label not blown out (< 30% saturated);
site context: some of the equipment/mounting in view;
label lit: paper luminance > 0.05; text stands out in
the render (Weber contrast > 0.3)
horizon_peak roof Is the horizon visible in this  horizon in frame, in the middle 80% of the image; 0.19
frame, and is it roughly level? taken from the peak: the house’s own roof hides <
10% of the horizon arc; skyline inside the frame: sky
above it and the surroundings below it across > 65%
of the width; level (roll < 10°); own roof visible along
the bottom of the frame (> 4% of the bottom quarter):
proof it was taken from the peak; phone at or above
the ridge line (camera height above the ridge > 0 m)
breaker_label wall What is the main breaker amper-  card in frame; card unoccluded; legible: > 11 px per 0.05
age and every circuit’s name and  text row; square-on (view angle < 45°); tight: card
amperage? bbox > 4% of frame; text stands out in the render
(Weber contrast > (0.225); card not blown out (< 30%
saturated)
car_view car Which side of the vehicle is this ~ whole car in frame; not three-quarter: langle off the 0.23
(front, rear, driver side, passen-  nearest facel < 30°; about two car lengths (1.5-3
ger side)? What is the vehicle’s  lengths); car fills > 3% of frame; gray: 3—4 car
body style (sedan, SUV, etc.)? lengths
damage_view car What kind of damage (dent, damage in frame; damage unoccluded; square onto the 0.38
scratch, rust) is this, and how se-  panel (view angle < 45°); an arm away (0.3-3.0 m);
vere is it? adjacent panel context (> 10% of a neighboring panel
in frame); resolved: > 3 px per cm at the damage;
damage visible (> 60 contrasting px in frame); gray:
distance 1.5-3 m
car_plate car What is the license plate number  plate in frame; plate unoccluded; legible: > 12 px -
and the state named on it? per character; straight-on (view angle < 45°); fills
most of the frame (bbox > 2%); text stands out in the
render (Weber contrast > 0.1); plate not blown out (<
30% saturated); acceptability not scored
ro_board car What is written on the repair or-  board fully in frame; board unoccluded; legible: > 0.18

der board? What is the body
style of the vehicle (sedan, SUV,
etc.)?

9 px per text row; square-on (view angle < 40°);
vehicle in the same frame (> 50% of the car in frame);
board not blown out (< 30% saturated); text stands
out in the render (Weber contrast > 0.3)

16



Preprint

Table 2: Scoring primitives. The first group is computed in the scene after the camera is placed; the
second reads the rendered frame (the target’s pixels are located by an object-index mask rendered
from the same camera).

Primitive Definition

in-frame / unoccluded fraction =~ Sample points on the target’s surface (vertices and face interiors—corner-
only sampling under-reports thin objects); project each; cast a ray from the
camera; the point is visible if the first hit is the target.

bbox fraction Area of the target’s projected bounding box within the frame.

view angle Angle between the viewing ray to the target and the target’s surface normal
(0° = square-on).

PX per unit Pixels spanned by a unit length at the target (text row height, character cell,
inch, centimeter): the legibility proxy.

clearance Signed distance from a wire’s surface (beveled mesh) to the roof plane; < 0
is contact.

apparent reading For a tape, the blade point that projects onto the module’s front-bottom edge
from the camera (§3).

skyline / own-roof occlusion Forhorizon_peak frames: per-column test of the true skyline (panorama

tree line or the house’s own silhouette) against the frame; ray-cast occlusion
by the house’s own roof.

scene state A property the scene was built with, read directly: whether the lag bolt and
the flashing exist at the attachment.

blur at target Circle of confusion from focus error, aperture and focal length, plus motion-
blur displacement of the target between shutter poses (px); cross-checked
by a Laplacian on the target crop.

text contrast / blown fraction Inside the label mask: Weber contrast of the ink level against the paper level,
(paper — ink) /paper, and the fraction of saturated pixels.

paper luminance The paper level of the label in linear luminance: a dark label is unreadable
whatever its contrast.

target pixels / edge contrast Pixels covered by the target (a wire, a module edge) and the mean luminance

step across its boundary to the surrounding pixels.

horizon from the peak photos taken from the ridge in every compass direction so shading obstruc-
tions can be read from the skyline.

apparent reading the number on the tape where the camera sees the module edge cross it; differs
from the geometric crossing by parallax.

repair order board a board on which the shop writes the repair order (RO) number and the vehicle’s
VIN, photographed together with the vehicle so the two are tied to each other.

C PRrROMPT EXAMPLES

Each item is one query with the frame as the image. Every per-frame prompt has the same frame,
with the technician (a solar installer, an electrician or a vehicle-intake technician), the requirement,
the question and the keys filled in per environment (Table 3):

You are reviewing a photo taken by <technician> to document
their work; the photo criteria will be used to prove the
work was carried out correctly. The photo we need:
<requirement> First: 1is this photo adequate - does it
satisfy the requirement as a reviewer would judge it? Then
answer the documentation question. <question> Answer with
exactly one JSON object and nothing else - no prose, no code
fence - with exactly these keys: "adequate": true or false
(a JSON boolean): whether the photo is adequate; <keys,
each with its grammar in words>. Use these values exactly
as written; a value in any other form is scored as wrong.
Answer every key even if you judge the photo inadequate:
give your best reading of what is visible.
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For horizon_peak, whose requirement is set-level, the frame instead asks whether this one photo
belongs in such a set. The full prompt for tape_gap:

You are reviewing a photo taken by a solar installer to
document their work; the photo criteria will be used to
prove the work was carried out correctly. The photo we
need: Tape measure hooked at the roof surface and standing
up to the module frame; the number where the frame crosses
the tape must be legible, and the tape should be seated
flush (perpendicular to the roof). First: is this photo
adequate - does it satisfy the requirement as a reviewer
would judge it? Then answer the documentation question.
What number (inches) is on the tape where the module frame
crosses 1it, what is your estimate of the true perpendicular
module-to-roof gap in inches, and is the tape leaning rather
than standing flush? Answer with exactly one JSON object
and nothing else - no prose, no code fence - with exactly

these keys: "adequate": true or false (a JSON boolean) :
whether the photo is adequate; "reading_in": a number (JSON
number, no units, no quotes); "gap_in": a number (JSON
number, no units, no quotes); "tilted": true or false (a
JSON boolean). Use these values exactly as written; a value
in any other form is scored as wrong. Answer every key even

if you judge the photo inadequate: give your best reading
of what is visible.
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Table 3: The per-environment parts of the prompt.

Environment

Requirement

Question

Keys

rail_attachment

tape_gap

wire_adequacy

slope_gauge

equipment_label

horizon_peak

damage_view

car_view

car_plate

ro_board

breaker_label

The L-foot, its flashing and the lag bolt, close enough
to judge the attachment. Reject wide array shots
where the foot is a speck.

Tape measure hooked at the roof surface and standing
up to the module frame; the number where the frame
crosses the tape must be legible, and the tape should
be seated flush (perpendicular to the roof).

Photograph the underside of each array close enough
to judge the wiring: lead wires and trunk cable
visible, so a reviewer can tell whether any wire
touches the roof plane or has a hard bend. Reject
photos that do not clearly show the wiring under the
modules.

A digital angle gauge placed directly on the module
glass or frame, aligned with the slope, showing its
degree reading; the display must be legible with the
module it sits on visible in the photo. Reject a gauge
placed on bare roof instead of the module, and a shot
where the display is unreadable or washed out.
Close-up of the equipment data label — on the back
of an installed module, on a microinverter under the
array, or on the inverter — with the model number,
the serial number and its barcode all legible,
square-on enough to read. Some of the equipment or
mounting should be in view so it is clearly a label on
site, not a stock image. Reject a shot where the small
text is a blur, the barcode is cut off or washed out by
glare.

A set of photos taken from the roof peak for the
shading analysis: turning in place, each photo shows
the skyline in that direction, with sky above it and the
surroundings below it, and a little of this house’s own
roof along the bottom as proof of where it was taken.
Together the photos should go most of the way
around: four or more directions with no large gap.
Reject photos taken from below the peak where the
roof blocks the view, photos with no roof in them at
all, and sets that leave a large gap.

Square onto the damaged area from about an arm’s
length, with the whole damaged region and part of
the adjacent undamaged panel in frame, so a reviewer
can judge which panel, how far the damage extends
and how severe it is. Reject an oblique or distant shot
where the damage is a smudge, and a tight crop with
no panel context.

Straight-on to the requested face of the vehicle (or
perpendicular to its flank) from about two car lengths,
full width or length of the car visible, both corners in
frame. Reject three-quarter angles, frames cropping a
corner, and any other car in the lot standing in for it.
Straight-on close-up of the mounted plate on the
vehicle, filling most of the frame, characters legible
end to end. Reject a wide shot of the whole car where
the plate is a smudge, and the plate of any other car in
the lot.

The repair-order board (RO number, VIN, date)
readable in the same frame as the vehicle: close and
square enough that the writing reads, with the car
clearly visible behind or beside it. Reject a wide shot
where the board text is a smudge, and a board
close-up with no vehicle in it.

Tight on the label card or handwritten directory
beside the breaker rows so every circuit name and its
amperage read cleanly. Reject a full-panel shot where
the label text is illegible, and a bare breaker column
with no labels in frame.

At this roof attachment, is a lag bolt
present on the L-foot, and is
flashing installed under it?

‘What number (inches) is on the tape
where the module frame crosses it,
what is your estimate of the true
perpendicular module-to-roof gap in
inches, and is the tape leaning rather
than standing flush?

Is any wire or cable touching the
roof surface (the shingles)?

What does the angle gauge read, in
degrees, and is it sitting on the
module (glass or frame) or on bare
roof?

Read the equipment data label:
brand, model number and serial
number, and say what the label is
on.

Is the horizon visible in this frame
and roughly level, and does this
house’s own roof hide part of the far
view?

What kind of damage is this, and
how severe is it? Severity by the
size of the damaged area: minor =
under about 10 x 10 cm (100 cm?2),
moderate = 100 to 500 cm2 (up to
about 22 x 22 cm), severe = larger
than that.

Which side of the vehicle is this
(front, rear, driver side, passenger
side)? Also give the vehicle’s body
style.

Read the license plate: its characters
and the state named on it.

Read the repair-order board: the RO
number and the VIN. Also give the
body style of the vehicle in the
frame.

Read the whole circuit directory
card: the main breaker amperage
and every circuit’s name and
amperage.

lag_present: bool;
flashing_present:
bool

reading_in: number;
gap_in: number;
tilted: bool

touching: bool

reading_deg:
number; on_module:
bool

brand: string; model:
string; serial: string;
on: mod-
ule/microinverter/inverter

horizon_visible:
bool; 1level: bool;
own_roof_blocks:
bool

damage_types: list
of dent/scratch/rust;
severity:
minor/moderate/severe

side:
front/rear/driver/passenger;
body_style: one of

10 body styles

plate: string; state:
string

ro: string; vin: string;
body_style: one of
10 body styles

main_amps: number;
entries: list of
{name, amps}

D EVALUATION DETAILS

Generation.

Frames that fail the render sanity check (camera inside a mesh, black or blown frame,

a car mesh intersecting scenery) are excluded before sampling. Because the scorer accepts only
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Table 4:  Verdict-order ablation: 150 items from tape_gap, slope_gauge and
rail_attachment (25 per environment from the random frames and 25 from the positive stra-
tum), re-asked under four prompts: the benchmark’s (first: the verdict is the first key), verdict last,
documentation alone (no verdict asked) and the verdict alone. A defect claim is the documentation
boolean in the direction the requirement rejects (tape tilted; gauge not on the module; lag bolt or
flashing absent). Paired columns count items whose claim is present under first only / under the other
prompt only, with the exact McNemar p; rerun compares first with the same prompt’s record in the
main run (the noise floor). Rejects: frames rejected under first and when the verdict is asked alone. ¥
on a cost frontier of Fig. 2. One sample per prompt; provider-default thinking.

defect claims (of 150) paired change in claims vs. first rejects
Model first  last alone last alone (p) rerun first alone (p)
Gemini 3.8 Flash* 82 85 83 417 7/8 (1.00) 8/5 96 92 (.60)
Gemini 3.5 Flash 9 97 88 7/10 12/6 (.24) 7/6 104 108 (.50)
Gemini 3.1 Flash Lite 125 103 66  27/5 60/1(<.001) 10/6 125 133 (.13)
Gemma 4 31B¥ 92 96 78 5/9 18/4 (.004) 8/7 101 107 (.36)
GPT-6 Astra* 58 53 56 8/3 9/7 (.80) 9/6 76 73 (.65)
GPT-5.6 Sol 63 70 61 7/14 12/10 (.83) 14/11 81 97 (.002)
Claude Opus 5 100 98 95 8/6 15/10 (.42) 6/14 113 141 (<.001)
Claude Sonnet 5 119 118 110 8/1 18/9 (.12) 4/4 122 120 (.84)
GLM-5.3 Flash* 82 74 76 19/11 17/11 (.34) 12/12 91 105 (.03)

5-39% of random field poses (Table 1), the miss rate of a model cannot be estimated per environment
from 100 random frames alone. Thus, for the seven environments where random frames are rarely
acceptable we add a positive stratum of 50 scorer-acceptable frames obtained by rejection sampling
from the same pose distribution. In ro_board, 21 random and 8 positive-stratum frames were
withdrawn after generation because of a defect in the board texture. The false-accept rate is measured
on the random frames only.

Test conditions. Each frame is one query: the reviewer framing and the checklist requirement,
then one JSON object whose first key is the acceptability verdict and whose remaining keys are the
documentation answer in a stated grammar, answered whatever the verdict (the effect of this order is
tested below). Acceptability is scored against the scorer’s verdict; documentation against the ground
truth per field (exact match after normalization, which for text upper-cases and keeps only letters and
digits; for the breaker directory, the fraction of the card’s rows matched by a reply row with the same
name and amperage, in any order, each reply row used once, extra rows not penalized; tolerances of
1/81in, 1/4in and 0.2° for the tape reading, the gap and the gauge reading).

Does the order of the answer matter? We re-ask 150 items from tape_gap, slope_gauge
and rail_attachment under three more prompts that differ from the benchmark’s only as stated:
the verdict as the last key, with the two instructions swapped to match; the documentation question
alone, with the same framing and requirement; and the verdict alone. The benchmark’s own prompt
is re-run to give the run-to-run noise. We ran 4 of the 7 models on the cost frontiers of Fig. 2 and 5
others (Table 4). Gemini 3.1 Flash Lite reports fewer defects when the verdict is moved last, and
about half as many, in all three environments, when no verdict is asked; Gemma 4 31B reports fewer
missing lag bolts and flashings in rail_ attachment when no verdict is asked. No other model
changes beyond the re-run noise, and no model’s documentation score on these items is lower without
the verdict.

Detailed results. Table 5 gives, per model on the same 1,378 frames, the false-accept and miss
rates, acceptability precision, recall and F1 with a 95% interval, the documentation score with its
interval, the fraction of answers in grammar, the cost of the set and the mean thinking tokens per item.
Table 6 gives the paired difference in F1 and in documentation score for every pair of models, and
whether its interval excludes zero (every model saw the same items, so the bootstrap resamples the
items once and scores both models on that resample). Table 7 lists the token prices with their sources
and dates. Table 8 breaks acceptability F1 down by environment and Table 9 the false-accept rate;
Table 10 gives the documentation score per field. False-accept and miss rates are against the scorer’s
verdict; the documentation score is the mean, over the frames the scorer accepts, of each frame’s
mean field score (fields as above; the breaker main amperage and rows count half each). Costs use the
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Table 5: Detailed statistics. False-accept rate (random frames the scorer rejects that the model
accepts) and miss rate (scorer-acceptable frames, random and positive strata, that the model rejects);
acceptability precision, recall and F1 against the scorer (precision on the 934 random frames, recall
including the positive strata), with a 95% interval on F1; the documentation score on scorer-acceptable
frames (mean per-field score) with its 95% interval; the fraction of answers in grammar; the cost of
the set at the price in Table 7 (thinking at the output rate); mean thinking tokens per item. Below the
rule: Gemma 4 E4B, Qwen3.5-4B and LFM2.5-VL-3B, which we served ourselves; their developers
list no per-token price, so they have no cost. They sit below the same rule in the per-environment
tables and are in every comparison except the cost frontier, which needs a price. Intervals: stratified
bootstrap over items, 1,000 resamples, the random frames and each positive stratum resampled
separately. Replies cut by the output cap: Qwen 3.8 27B 6, Qwen 3.5 397B-A17B 10, Kimi K3 6,
DeepSeek V4.1 Flash 71, GLM-5.3 Flash 14.

Model FA (%) miss (%) P R F1[95% CI] doc. [95% CI] gram. (%) cost($) think
Gemini 3.8 Flash 11 38 0.48 0.62 0.54[0.48,0.59] 0.84[0.82,0.86] 100 7.16 1083
Gemini 3.5 Flash 13 34 049 0.66 0.56[0.51,0.62] 0.801[0.78,0.83] 97 736 1114
Gemini 3.1 Flash Lite 16 42 039 0.58 0.471[0.41,0.52] 0.73[0.70, 0.75] 98 0.73 0
Gemma 4 31B 15 37 0.44 0.63 0.52[0.46,0.57] 0.79[0.77,0.81] 100 0.70 677
Gemma 4 26B-A4B 17 36 0.39 0.64 0.48[0.42,0.53] 0.77[0.75,0.79] 99 124 1325
GPT-6 Astra 12 32 0.55 0.68 0.61[0.56,0.66] 0.83[0.81,0.85] 100 30.05 165
GPT-6 Sol 13 39 0.50 0.61 0.55[0.50,0.60] 0.781[0.75,0.80] 100 8.13 320
GPT-6 Luna 9 59 046 0.41 0.43[0.38,0.48] 0.62[0.60,0.65] 100 0.69 751
GPT-5.6 Sol 16 31 049 0.69 0.57[0.52,0.62] 0.77[0.75,0.80] 100 17.65 368
GPT-5.6 Terra 17 30 045 0.70 0.55[0.49,0.60] 0.76[0.74,0.78] 100 8.49 282
GPT-5.6 Luna 16 38 0.46 0.62 0.53[0.47,0.58] 0.71[0.69,0.74] 100 1.18 482
Claude Fable 5.1 12 37 0.51 0.63 0.56[0.51,0.61] 0.831[0.81,0.85] 100 4135 267
Claude Opus 5.5 14 33 0.51 0.67 0.58[0.52,0.62] 0.83[0.80,0.85] 100 1636 263
Claude Opus 5 11 43 0.54 0.57 0.561[0.50,0.60] 0.75[0.73,0.78] 100 2332 345
Claude Sonnet 5 12 49 0.45 0.51 0.48[0.42,0.53] 0.7310.70,0.75] 100 4.80 19
Qwen 3.8 Max 23 22 043 0.78 0.55[0.50,0.60] 0.821[0.80,0.84] 100 38.19 4231
Qwen 3.8 27B 15 32 045 0.68 0.54[0.48,0.60] 0.7410.72,0.76] 99 1236 2763
Qwen 3.5 397B-A17B 11 39 049 0.61 0.55[0.49,0.60] 0.76[0.74,0.79] 99  15.03 2799
Grok 4.6 19 28 0.43 0.72 0.54[0.49,0.59] 0.78[0.75,0.80] 100 24.88 2634
Kimi K3 20 30 0.42 0.70 0.531[0.48,0.58] 0.77[0.75,0.80] 99 3931 1582
Muse Spark 1.3 11 38 0.49 0.62 0.55[0.49,0.60] 0.79[0.76,0.81] 100 13.22 1825
DeepSeek V4.1 Flash 18 32 0.39 0.68 0.50[0.44,0.55] 0.68[0.65,0.71] 95 8.67 4903
GLM-5.3 Flash 14 32 049 0.68 0.57[0.51,0.62] 0.751[0.72,0.77] 99 1.30 1460
Gemma 4 E4B 33 30 0.30 0.70 0.42[0.37,047] 0.69 [0.66,0.71] 98 - 740
Qwen3.5-4B 18 50 0.31 0.50 0.39[0.33,0.44] 0.66 [0.64, 0.69] 95 - 0
LFM2.5-VL-3B 40 21 0.30 0.79 0.43[0.39,0.48] 0.68[0.66,0.71] 99 - 0

prices of Table 7 (the list API price of the model’s developer, read from the developer’s own pricing
page on the date shown, whichever host served our calls), times the tokens the API reported: every
prompt token at the full input rate, thinking tokens at the output rate. Google lists a per-token price
for Gemma 4 26B only, so Gemma 4 26B-A4B and Gemma 4 31B are both priced at that rate.
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Table 6: Paired differences between models on the same 1,378 frames, acceptability F1 (top) and
documentation score (bottom). Models are sorted by the metric (its value beside the name); a cell is
the column model’s value minus the row model’s, both as printed, in hundredths. Bold: the paired
95% interval of the unrounded difference excludes zero; gray: it does not (160 of 325 pairs for F1,

76 for documentation). ¥ no developer list price (served by us). Intervals: a stratified bootstrap that
resamples the items once and scores both models on the same resample (2000 resamples).
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Claude Fable 5.1 056 5 2 1 1 0
Claude Opus 5 056 5 2 1 1 0 0
Qwen 3.8 Max 055 6 3 2 2 1 1 1
GPT-6 Sol 055 6 3 2 2 1 1 1 0
Muse Spark 1.3 055 6 3 2 2 1 1 1 0 0
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Gemini 3.1 FlashLite 047 14 11 10 10 9 9 9 8 8 8 8 8 7 7 7 6 6 5 3 1 |
LFM2.5-VL-3B$ 043 18 15 14 14 13 13 13 12 12 12 12 12 11 11 11 10 10 9 7 5 5 4
GPT-6 Luna 043 18 15 14 14 13 13 13 12 12 12 12 12 11 11 11 10 10 9 7 5 5 4 0
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Qwen3.5-4B8 039 22 19 18 18 17 17 17 16 16 16 16 16 15 15 15 14 14 13 11 9 9 8 4 4 3
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Gemini 3.8 Flash 0.84
Claude Opus 5.5 0.83 |
GPT-6 Astra 083 1 0
Claude Fable 5.1 083 1 0 0
Qwen 3.8 Max 082 2 1 1 |1
Gemini 3.5 Flash 08 4 3 3 3 2
Gemma 4 31B 079 5 4 4 4 3 |
Muse Spark 1.3 079 5 4 4 4 3 1 0
GPT-6 Sol 078 6 5 5 5 4 2 1 |
Grok 4.6 078 6 5 5 5 4 2 1 1 0
Kimi K3 077 7 6 6 6 5 3 2 2 1 |1
GPT-5.6 Sol 077 7 6 6 6 5 3 2 2 1 1 0
Gemma 4 26B-A4B 077 7 6 6 6 5 3 2 2 1 1 0 0
Qwen3.5397B-A17B 076 8 7 7 7 6 4 3 3 2 2 1 1 |
GPT-5.6 Terra 076 8 7 7 7 6 4 3 3 2 2 1 1 1 0
Claude Opus 5 075 9 8 8 8 7 5 4 4 3 3 2 2 2 1 |1
GLM-5.3 Flash 075 9 8 8 8 7 5 4 4 3 3 2 2 2 1 1 0
Qwen 3.8 27B 07410 9 9 9 8 6 5 5 4 4 3 3 3 2 2 1 1
Gemini 3.1 Flash Lite 0.73 11 10 10 10 9 7 6 6 5 5 4 4 4 3 3 2 2 |
Claude Sonnet 5 073 11 10 10 10 9 7 6 6 5 5 4 4 4 3 3 2 2 1 0
GPT-5.6 Luna 071 13 12 12 1211 9 8 8 7 7 6 6 6 5 5 4 4 3 2 2
Gemma 4 E4B® 069 15 14 14 14 13 11 10 10 9 9 8 8 8 7 7 6 6 5 4 4 2
LFM2.5-VL-3B% 0.68 16 15 15 15 14 12 11 11 10 10 9 9 9 8 8 7 7 6 5 5 3 |
DeepSeek V4.1 Flash 0.68 16 15 15 15 14 12 11 11 10 10 9 9 9 8 8 7 7 6 5 53 1 0
Qwen3.5-4B% 0.66 18 17 17 17 16 14 13 13 12 12 11 11 11 10 10 9 9 8 7 7 5 3 2 2
GPT-6 Luna 0.62 22 21 21 21 20 18 17 17 16 16 15 15 15 14 14 13 13 12 11 11 9 7 6 6 4
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Table 7: Prices behind the costs (USD per 1M tokens; thinking priced at the output rate), where the
price was read and on which day. Every price is the list price of the model’s developer on its own
API, whichever host served our calls (Alibaba Cloud prices differ by deployment region; we use
International, the only one outside China offered for all three Qwen models). DeepSeek is the only
developer that prices by time of day, off-peak at half of peak; we quote the peak rate. T Google lists a

per-token price for Gemma 4 26B only; we use it for Gemma 4 31B as well.

‘https://api-docs.deepseek.com/quick_start/pricing

Model input output source read

Gemini 3.8 Flash 0.75 375  Google® 2026-09-13
Gemini 3.5 Flash 0.75 3.75 Google® 2026-09-13
Gemini 3.1 Flash Lite 0.30 2.50  Google® 2026-09-13
Gemma 4 31Bf 0.15 0.60  Google Cloud (Vertex AD® 2026-09-20
Gemma 4 26B-A4B 0.15 0.60 Google Cloud (Vertex AD® 2026-09-20
GPT-6 Astra 10.00  50.00 OpenAI° 2026-09-15
GPT-6 Sol 2.00 10.00 OpenAl® 2026-09-23
GPT-6 Luna 0.10 0.50 OpenAI° 2026-09-23
GPT-5.6 Sol 4.00 20.00 OpenAl° 2026-09-15
GPT-5.6 Terra 2.00 12.00 OpenAlI° 2026-09-15
GPT-5.6 Luna 0.20 1.20  OpenAlI° 2026-09-15
Claude Fable 5.1 10.00  50.00 Anthropic? 2026-09-15
Claude Opus 5.5 4.00  20.00 Anthropic® 2026-09-23
Claude Opus 5 500 25.00 Anthropic® 2026-09-15
Claude Sonnet 5 200 10.00 Anthropic? 2026-09-15
Qwen 3.8 Max 2.00 6.00  Alibaba Cloud (International)®  2026-09-20
Qwen 3.8 27B 0.50 3.00 Alibaba Cloud (International)®  2026-09-20
Qwen 3.5 397B-A17B 0.60 3.60 Alibaba Cloud (International)®  2026-09-20
Grok 4.6 2.00 6.00 xAI’ 2026-09-15
Kimi K3 3.00 15.00 Moonshot AIY 2026-09-20
Muse Spark 1.3 1.25 425 Meta" 2026-09-20
DeepSeek V4.1 Flash 0.30 120 DeepSeek’ 2026-09-20
GLM-5.3 Flash 0.15 0.50 Z.AV 2026-09-20

Gemma 4 E4B
Qwen3.5-4B
LFM2.5-VL-3B

no list price (served by us)
no list price (served by us)
no list price (served by us)

®https://ai.google.dev/gemini-api/docs/pricing

bhttps://cloud.google.com/vertexfai/generativefai/pricing

“https://developers.openai.com/api/docs/pricing

dhttps://platform.claude.com/docs/en/about—claude/pricing

¢ https://www.alibabacloud.com/help/en/model-studio/model-pricing

fhttps://docs.x.ai/docs/models

P https://dev.meta.ai/docs/pricing-rate-limits
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Table 8: Acceptability F1 per environment: positives are the frames the scorer accepts; precision on
the random frames, recall on the random frames plus the positive stratum.

Model breaker  plate  carview  damage  equip. horizon rail  ROboard  slope tape  wire
Gemini 3.8 Flash 0.45 - 0.38 0.14 0.41 0.54 045 0.73 062 040 024
Gemini 3.5 Flash 0.41 - 0.53 0.13 0.39 0.65  0.60 0.59 0.71 0.21 0.47
Gemini 3.1 Flash Lite 0.34 - 0.49 0.14 0.28 0.55 031 0.62 037 037 043
Gemma 4 31B 0.46 - 0.39 0.08 0.37 0.60  0.36 0.66 057 0.16 048
Gemma 4 26B-A4B 0.38 - 0.25 0.25 0.35 0.54 055 0.59 050 020 034
GPT-6 Astra 0.66 - 0.61 0.26 0.62 0.63 0438 0.73 063 072 055
GPT-6 Sol 0.59 - 0.60 0.34 0.56 0.63  0.44 0.66 0.64 037 045
GPT-6 Luna 0.40 - 0.47 0.32 0.60 030 035 0.65 026 040 030
GPT-5.6 Sol 0.78 - 0.58 0.41 0.45 0.61 048 0.71 059 045 054
GPT-5.6 Terra 0.58 - 0.55 0.24 0.46 0.62 047 0.68 053 038 048
GPT-5.6 Luna 0.59 - 0.53 0.30 0.45 0.55  0.39 0.71 068 0.17 049
Claude Fable 5.1 0.59 - 0.65 0.38 0.55 0.66  0.24 0.71 0.67 028 035
Claude Opus 5.5 0.55 - 0.65 0.27 0.47 0.70  0.44 0.64 071 034 056
Claude Opus 5 0.54 - 0.60 0.38 0.57 0.67 0.32 0.73 049 037 048
Claude Sonnet 5 0.58 - 0.48 0.27 0.55 052 031 0.76 0.23 - 037
Qwen 3.8 Max 0.38 - 0.63 0.29 0.34 0.62 046 0.67 0.64 0.19 0.63
Qwen 3.8 27B 0.47 - 0.46 0.47 0.38 0.61 049 0.71 0.60 0.12 034
Qwen 3.5 397B-A17B 0.45 - 0.14 0.27 0.41 0.65 049 0.72 0.70 - 029
Grok 4.6 0.41 - 0.21 0.34 0.48 0.64 048 0.64 052 037 0.60
Kimi K3 0.52 - 0.50 0.28 0.42 0.63 041 0.71 0.60 0.00 0.57
Muse Spark 1.3 0.54 - 0.51 0.26 0.47 0.56  0.33 0.66 0.65 026 0.18
DeepSeek V4.1 Flash 0.30 - 0.41 0.40 0.34 0.60  0.46 0.67 0.51 0.18  0.09
GLM-5.3 Flash 0.64 - 0.51 0.46 0.38 0.62 032 0.73 0.63 037 049
Gemma 4 E4B 0.26 - 0.46 0.40 0.35 047 029 0.61 045 024 036
Qwen3.5-4B 0.40 - 0.23 0.30 0.38 043  0.18 0.65 0.33 - 034
LFM2.5-VL-3B 0.23 - 0.57 0.53 0.26 - 024 0.45 056 047 044

Table 9: False-accept rate (%): frames the scorer rejects that the model accepts, on the 100 random
field-pose frames per environment.

Model breaker  plate  carview damage equip.  horizon rail ROboard slope tape  wire
scorer-acceptable (%) 5 21 26 28 6 19 12 18 27 18 39
Gemini 3.8 Flash 9 - 5 5 18 11 5 15 33 3 7
Gemini 3.5 Flash 15 - 8 6 20 12 3 29 20 1 11
Gemini 3.1 Flash Lite 20 - 12 3 32 21 11 26 8 4 20
Gemma 4 31B 9 - 16 2 21 22 3 22 33 3 20
Gemma 4 26B-A4B 17 - 8 18 23 26 8 29 33 1 8
GPT-6 Astra 0 - 17 15 5 15 7 8 41 5 23
GPT-6 Sol 0 - 16 39 10 19 0 11 36 4 10
GPT-6 Luna 1 - 9 11 6 20 5 6 12 8 10
GPT-5.6 Sol 0 - 17 24 13 16 3 12 50 12 21
GPT-5.6 Terra 6 - 14 21 15 21 8 14 55 5 18
GPT-5.6 Luna 2 - 30 24 13 19 14 11 20 3 33
Claude Fable 5.1 2 - 16 24 7 11 9 15 30 3 13
Claude Opus 5.5 7 - 19 23 11 12 19 12 9 4 25
Claude Opus 5 5 - 11 16 9 14 15 14 5 5 15
Claude Sonnet 5 6 - 14 13 10 22 25 12 5 0 8
Qwen 3.8 Max 17 - 22 27 24 21 18 20 42 0 48
Qwen 3.8 27B 12 - 11 19 20 22 8 15 28 0 15
Qwen 3.5 397B-A17B 13 - 5 3 18 16 2 15 18 0 15
Grok 4.6 15 - 3 24 14 22 7 23 50 4 34
Kimi K3 3 - 25 40 17 21 18 15 47 1 23
Muse Spark 1.3 6 - 9 5 12 17 3 14 38 1 2
DeepSeek V4.1 Flash 19 - 12 6 21 20 17 20 45 0 7
GLM-5.3 Flash 5 - 9 32 17 19 2 14 29 4 16
Gemma 4 E4B 29 - 53 52 22 35 27 28 61 17 18
Qwen3.5-4B 16 - 0 16 21 1 70 20 15 0 8
LFM2.5-VL-3B 36 - 39 50 37 0 69 52 59 49 5
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Table 11: Token price against set cost, models with a list price, sorted by output price. Prompt, visible
output and thinking tokens are per item (means over the 1,378 items; Anthropic reports one output
count, so thinking is that count minus the tokens of the reply we received, counted with the provider’s
tokenizer). Prompt share is the fraction of the set’s cost that is prompt tokens; the rest is output and
thinking at the output rate. The last two columns rank the models by output price and by the cost of

the set.
Model in$M out$/M prompt output thinking promptshare set($) rank by price rank by set
GLM-5.3 Flash 0.15 0.50 1,289 37 1,460 21% 1.30 1 6
GPT-6 Luna 0.10 0.50 1,020 41 751 20% 0.69 2 1
Gemma 4 26B-A4B 0.15 0.60 527 43 1,325 9% 1.24 3 5
Gemma 4 31B 0.15 0.60 527 43 677 15% 0.70 4 2
DeepSeek V4.1 Flash 0.30 1.20 786 143 4,903 4% 8.67 5 12
GPT-5.6 Luna 0.20 1.20 1,170 39 482 27% 1.18 6 4
Gemini 3.1 Flash Lite 0.30 250 1,333 52 0 75% 0.73 7 3
Qwen 3.8 27B 0.50 3.00 1,122 39 2,763 6% 1236 8 13
Qwen 3.5 397B-A17B 0.60 3.60 1,027 60 2,799 6% 15.03 9 15
Gemini 3.5 Flash 0.75 375 1,333 43 1,114 19% 7.36 10 9
Gemini 3.8 Flash 0.75 375 1,333 36 1,083 19% 7.16 11 8
Muse Spark 1.3 1.25 425 1,221 74 1,825 16% 13.22 12 14
Grok 4.6 2.00 6.00 1,023 35 2,634 11% 24.88 13 19
Qwen 3.8 Max 2.00 6.00 1,040 41 4,231 8%  38.19 14 21
Claude Sonnet 5 2.00 10.00 1,406 48 19 81% 4.80 15 7
GPT-6 Sol 2.00 10.00 1,170 36 320 40% 8.13 16 10
GPT-5.6 Terra 2.00 1200 1,170 37 282 38% 8.49 17 11
Kimi K3 3.00 15.00 1,370 46 1,582 14%  39.31 18 22
Claude Opus 5.5 4.00 20.00 1,408 50 263 47%  16.36 19 16
GPT-5.6 Sol 4.00 20.00 1,170 38 368 37%  17.65 20 17
Claude Opus 5 5.00 25.00 1,406 50 345 42% 2332 21 18
Claude Fable 5.1 10.00 50.00 1,408 52 267 47%  41.35 22 23
GPT-6 Astra 10.00 50.00 1,170 37 165 54%  30.05 23 20

Table 12: Misreading and rejection on scorer-acceptable frames, where the property the requirement
checks always holds, so the right verdict is accept and reporting the defect is a misreading. Pooled
over the 26 models: model answers, how often the defect is reported, how often a report comes
with a rejection in the same reply, how many frames are rejected, and what share of those rejections
come with the defect reported. rail attachment frames with a missing part are not scored for

acceptability.

Environment Defect reported answers  reports defect  rejects if reported  rejected  of those, defect reported
tape_gap tape is tilted 1,688 75% 99.6% 1,296 97%
slope_gauge gauge is not on the module 1,950 19% 96.0% 488 74%
rail_attachment lag bolt or flashing missing 1,273 35% 88.8% 626 63%
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E HUMAN RATINGS

Table 13 gives, per environment, the random frames the raters judged, their agreement with each
other, and the frozen scorer’s agreement with their majority on the held-out frames (Section 4).

Table 13: Human acceptability ratings. Frames: random frames with at least two ratings (the frames
used to adjust the scorer and the held-out frames); agree: raw agreement over all rater pairs on a
frame; o Krippendorff’s alpha (nominal), which corrects for chance and allows raters to skip frames.
Scorer: the frozen scorer’s agreement with the raters’ majority on the held-out frames with at least
three ratings, ties excluded (all environments: 82% of 95). T acceptability not scored (the raters split
on the requirement); frames the frozen scorer leaves unscored are not in the scorer column.

Set Frames  Raters  Ratings/frame  Agree « Scorer (held-out)
breaker_label 30 5 4.1 094  0.79 091 (11)
equipment_label 29 5 4.3 0.90 0.58 0.91 (11)
ro_board 30 5 4.1 098  0.86 1.00 (8)
rail_attachment 30 5 4.1 0.88 0.53 0.80 (5)
car_platef 28 5 42 0.80  0.54 -
wire_adequacy 30 5 4.3 0.78 0.56 0.91 (11)
tape_gap 30 6 5.1 072  0.44 0.73 (11)
slope_gauge 30 5 4.1 0.73 0.46 0.80 (10)
car_view 28 5 4.2 0.71 0.49 0.60 (10)
horizon_peak 30 5 4.0 0.65 0.25 0.89 (9)
damage_view 30 6 5.0 0.64 0.19 0.67 (9)

F REAL-PHOTO DETAILS

Table 14 gives the per-model numbers behind Figure 2 (bottom), with intervals.
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Table 14: Synthetic against real, per model, three matched questions. Synthetic: the share of scorer-
acceptable synthetic frames whose field is right (t ape_ gap reading within !/8in; car_view face;
damage_view severity on the frames where the scorer finds the damage readable: sharp, visible
and resolved, framing not required). Real: our tape photos read within 1/81in (133 readings on 84
photos of 35 items); the face named is one the labels list as visible (117 side-determinable frames);
severity on the 59 real damaged-panel photos an author rated on the prompt’s area scale after the
model runs, blind to the models’ answers (4 rated can’t tell are left out). Brackets: 95% bootstrap
intervals over frames, or over items for the tape photos. Across the 22 models, synthetic against real
(Spearman, Pearson): tape p = 0.68 (p = 0.001), » = 0.82 (p < 0.001); face p = 0.79 (p < 0.001),
r = 0.85 (p < 0.001); severity p = 0.63 (p = 0.002), » = 0.58 (p = 0.005). Not run on the real
photos: Qwen 3.8 Max, Muse Spark 1.3, Kimi K3, DeepSeek V4.1 Flash. Tape replies cut by the
output cap, left out: GLM-5.3 Flash 54, Qwen 3.8 27B 15, Qwen 3.5 397B-A17B 8.

Model tape: synthetic tape: real  face: synthetic face: real severity: synthetic severity: real
Claude Opus 5.5 0.36 [0.24, 0.48] 0.35[0.26,0.47] 1.00[1.00, 1.00] 0.96 [0.91,0.99] 0.63 [0.51,0.73] 0.56 [0.44, 0.68]
GPT-6 Sol 0.36 [0.24, 0.48] 0.33[0.25,0.41] 0.87[0.74, 1.00] 0.89[0.83,0.94] 0.51[0.39,0.63] 0.47[0.36, 0.61]
GPT-6 Astra 0.30[0.19, 0.40] 0.44[0.34,0.53] 0.96[0.87,1.00] 0.95[0.91,0.98] 0.42[0.30,0.54] 0.42[0.31, 0.54]
GPT-5.6 Sol 0.27[0.16,0.37] 0.33[0.25,0.41] 0.74[0.57,0.91] 0.79[0.72,0.86]  0.46 [0.34, 0.58] 0.42[0.31, 0.54]
Gemini 3.8 Flash 0.18 [0.09,0.27] 0.21[0.13,0.29] 0.96 [0.87,1.00] 0.91[0.85,0.96] 0.37 [0.27, 0.49] 0.56 [0.42, 0.68]
GPT-5.6 Terra 0.18 [0.09, 0.27] 0.10 [0.05,0.16] 0.87 [0.70, 1.00] 0.78 [0.70,0.85]  0.54 [0.42, 0.66] 0.54 [0.41, 0.68]
Claude Opus 5 0.15[0.07,0.24] 0.23[0.15,0.31] 0.78 [0.61,0.91] 0.85[0.79,0.91]  0.54 [0.42, 0.66] 0.54 [0.41, 0.66]
Claude Fable 5.1 0.13[0.06, 0.22] 0.29 [0.20,0.37] 0.78 [0.61,0.96] 0.83[0.76,0.90]  0.61 [0.49,0.73] 0.59 [0.46, 0.71]
Gemini 3.5 Flash 0.12[0.04,0.21] 0.17[0.10,0.24] 0.83[0.65,0.96] 0.88[0.82,0.94]  0.69 [0.58, 0.79] 0.69 [0.58, 0.81]
GPT-5.6 Luna 0.12[0.04,0.19] 0.19[0.13,0.26] 0.74[0.57,0.91] 0.81[0.74,0.88]  0.43[0.31,0.54] 0.39[0.27,0.51]
GPT-6 Luna 0.07 [0.01, 0.13] 0.11 [0.05,0.17] 0.70[0.52,0.87] 0.77[0.69,0.84]  0.64 [0.52,0.76] 0.36 [0.24, 0.47]
LFM2.5-VL-3B 0.07 [0.01, 0.15] 0.03 [0.01, 0.06] 0.70[0.52,0.87] 0.75[0.67,0.83] 0.42[0.30, 0.54] 0.47 [0.36, 0.59]
Gemma 4 31B 0.06 [0.01, 0.12] 0.11 [0.06, 0.16] 0.74 [0.57,0.91] 0.73[0.64,0.80]  0.70 [0.60, 0.81] 0.59[0.47,0.71]
Qwen 3.8 27B 0.06 [0.01, 0.12] 0.13[0.07,0.19] 0.83 [0.65,0.96] 0.85[0.79,0.91]  0.61[0.51,0.72] 0.53[0.39, 0.66]

Gemini 3.1 Flash Lite  0.04 [0.00, 0.10] 0.11[0.05, 0.17] 0.78 [0.61,0.91] 0.79[0.72,0.86]  0.67 [0.55,0.78] 0.64 [0.53, 0.76]
Gemma 4 26B-A4B 0.04 [0.00, 0.10] 0.11 [0.06,0.19] 0.78 [0.61,0.96] 0.81[0.74,0.88]  0.64 [0.52,0.76] 0.59[0.47,0.71]

GLM-5.3 Flash 0.04 [0.00, 0.10] 0.27 [0.19, 0.35] 1.00 [1.00, 1.00] 0.92 [0.87,0.97]  0.60 [0.48, 0.72] 0.58 [0.46,0.71]
Gemma 4 E4B 0.03 [0.00,0.07] 0.05[0.02,0.10] 0.57 [0.35,0.74] 0.68[0.59,0.77]  0.66 [0.54,0.76] 0.46 [0.32, 0.58]
Claude Sonnet 5 0.01 [0.00, 0.04] 0.08 [0.04, 0.14] 0.83 [0.65,0.96] 0.77 [0.69,0.84]  0.70[0.58, 0.81] 0.59 [0.47,0.71]
Grok 4.6 0.01 [0.00, 0.04] 0.13[0.08,0.19] 0.96 [0.87, 1.00] 0.84 [0.77,0.90]  0.69 [0.57,0.79] 0.56 [0.42, 0.68]
Qwen 3.5397B-A17B  0.01 [0.00, 0.04] 0.13[0.08, 0.18] 0.70 [0.52,0.87] 0.78 [0.70,0.85]  0.67 [0.55,0.78] 0.58 [0.44,0.71]
Qwen3.5-4B 0.01 [0.00, 0.04] 0.02 [0.00, 0.04] 0.83 [0.65,0.96] 0.79 [0.72,0.87]  0.45[0.33,0.57] 0.41[0.29,0.53]
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