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Abstract

Logical anomalies in industrial inspection are
rule violations: an object count is wrong, an
item is misplaced, a component type does not
match, or a required relation is broken. Ex-
isting anomaly understanding systems usually
stop at diagnosis, answering whether an im-
age is anomalous, where the anomaly is, or
why it violates a rule. Reworkable inspec-
tion workflows require the next question: What
should be fixed? We introduce an industry-
oriented benchmark and training pipeline for
rule-grounded corrective actions. The task
asks a model to produce an operator-facing ac-
tion that supports one of three downstream de-
cisions: no action, rework, or reject/manual
review. This setting exposes a Diagnosis-
Action Gap: identifying an abnormal object
does not imply knowing the valid, minimal
action that restores normality. We construct
LOCO-Correct from MVTec LOCO and VID-
AD-Correct from VID-AD, adding correction-
oriented annotations that connect normal rules,
visual evidence, repairability, corrective ac-
tions, and verification targets. The datasets
support multiple-choice correction selection,
structured JSON action prediction, and open-
ended correction generation. We further train
ReworkVLM, a Qwen3-VL-based model op-
timized with RACO-GRPO, which combines
semantic correctness, trace-answer alignment,
and minimal-edit rewards. Experiments on
both benchmarks show that correction-oriented
evaluation reveals failures hidden by diagnosis
alone, including wrong action direction, un-
necessary repair, and non-minimal edits, while
ReworkVLM improves structured corrective
success and open-ended correction quality over
general and anomaly-specific VLM baselines.

1 Introduction

Logical anomalies in industrial inspection are not
arbitrary visual defects. They are violations of op-
erating rules: a product contains the wrong number

of objects, an item appears in the wrong position,
a required type is missing, a length is inconsis-
tent, or a relation among parts is broken. This rule
structure makes logical anomaly inspection a lan-
guage and reasoning problem as much as a visual
recognition problem. In deployed inspection work-
flows, however, diagnosis is only an intermediate
step. Operators also need to know whether the sam-
ple can be reworked and what minimal correction
would restore the normal rule.

As shown in Figure 1, consider a breakfast box
whose normal rule requires a fixed fruit compo-
sition, while the observed state contains an extra
orange and is missing a peach. A detector may flag
the image as anomalous, and an explanation model
may say that the fruit composition rule is violated.
The useful correction is more specific: replace one
extra orange with one peach. Removing an orange
is incomplete; adding a peach may overfill the box;
replacing a peach with an orange has the right ac-
tion type but the wrong direction. The example
shows that recognizing the abnormal object is not
the same as knowing how to fix it.

We call this mismatch the Diagnosis-Action
Gap. In logical anomaly correction, a valid output
must connect visual evidence, a normal rule, and
an executable edit. The correction must restore the
violated rule while changing as little as possible.
This requirement separates four levels of under-
standing: anomaly detection, anomaly explanation,
correction recommendation, and rule-restoring ver-
ification. The central question is therefore not only
“what is wrong?” but “what should be fixed?”

The practical setting we target is a reworkable
inspection workflow rather than a fully deployed
autonomous repair system. A model output is use-
ful only if it supports one of three downstream de-
cisions: no action, rework, or reject/manual review.
We therefore evaluate not only anomaly diagnosis,
but whether the model produces an operator-facing
correction that is rule-grounded, minimal, and veri-
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fiable. Minimality is economically meaningful: it
can reduce false rework, avoid unnecessary prod-
uct rejection, and give operators a smaller action to
inspect.

We introduce Actionable Visual Anomaly Un-
derstanding, a multimodal task for rule-grounded
correction in industrial logical anomaly inspec-
tion. Given an image and an inspection question,
a model predicts whether the image is normal or
anomalous and, when anomalous, recommends a
minimal rule-restoring action. We build LOCO-
Correct from MVTec LOCO (Bergmann et al.,
2022) and VID-AD-Correct from VID-AD (Nakata
et al., 2026). Both datasets are used as correction-
oriented training and evaluation corpora, support-
ing multiple-choice correction selection, structured
JSON action prediction, and open-ended correction
generation.

We develop ReworkVLM with correction-aware
post-training through RACO-GRPO, short for Rule-
grounded Actionable Correction Optimization with
GRPO. Starting from a Qwen3-VL-4B backbone
(Qwen Team, 2025), supervised fine-tuning teaches
the correction format, action vocabulary, and
anomaly-to-correction mapping. RACO-GRPO
then optimizes the model with correction-aware
rewards that evaluate semantic correctness, trace-
answer consistency, and minimal rule-restoring ed-
its. This 4B setting is deliberate: in inspection
environments, latency, serving cost, and maintain-
ability make a smaller task-tuned model more at-
tractive than repeatedly querying much larger gen-
eral VLMs.

Our contributions are threefold:

* We formulate rule-grounded corrective action
generation for reworkable logical anomalies
and identify the Diagnosis-Action Gap be-
tween anomaly diagnosis and usable repair
actions.

* We construct LOCO-Correct and VID-AD-
Correct, two correction-oriented industrial
anomaly corpora with multiple-choice, struc-
tured JSON, and open-ended evaluation pro-
tocols.

¢ We train ReworkVLM with correction-aware
post-training and provide an industry-oriented
evaluation that connects correction errors to
rework cost, manual review, and operator
trust.
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Figure 1: From anomaly diagnosis to actionable cor-
rection. Given a logical anomaly in a breakfast box,
traditional anomaly detection methods provide anomaly
scores and localization masks, while VLM-based meth-
ods can further describe the violated composition rule.
However, neither directly specifies what should be fixed.
Our setting requires a minimal rule-grounded corrective
action, e.g., replacing one extra orange with one peach.

2 Related Work

2.1 Logical Anomaly Detection in Industrial
Inspection

Industrial anomaly detection often targets vi-
sual deviations with image- or pixel-level labels
(Bergmann et al., 2019), using patch distributions,
reconstruction residuals, or student—teacher dis-
crepancies (Defard et al., 2021; Zavrtanik et al.,
2021; Wang et al., 2021; Roth et al., 2022; Batzner
et al., 2024). Logical anomaly detection instead
concerns global rule violations: count, type, place-
ment, matching, length, or relation can be wrong
even when local appearance is plausible. MVTec
LOCO (Bergmann et al., 2022) and VID-AD
(Nakata et al., 2026) study such rule-based anoma-
lies. We change the target output from detecting a
violated rule to identifying the minimal action that
restores it.

2.2 Vision-Language Anomaly Understanding
and Benchmarks

Vision-language models support anomaly VQA,
explanation, and conversational inspection (Antol
et al., 2015; Jeong et al., 2023; Zhou et al., 2024;
Gu et al., 2024; Li et al., 2025; Jiang et al., 2024;
Zhao et al., 2025; Bai et al., 2025; Qwen Team,
2025), yet industrial MLLM benchmarks still re-
port failures on anomaly reasoning (Jiang et al.,
2024). More importantly, fluent descriptions do
not ensure actionability: a response may name the
abnormal component but omit the repair, or re-
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verse the correction direction. LOCO-Correct and
VID-AD-Correct therefore evaluate correction in
multiple-choice, structured JSON, and open-ended
settings with action-preserving metrics.

2.3 Verifiable Post-Training and Actionable
Evaluation

Post-training and evaluation methods such as
RLHF, DPO, RLAIF, GRPO, LLM-as-judge scor-
ing, and consistency-oriented reasoning objec-
tives optimize or assess behavior beyond imitation
(Ouyang et al., 2022; Rafailov et al., 2023; Bai
et al., 2022; Shao et al., 2024; Liu et al., 2023;
Zheng et al., 2023; Zhang et al., 2026). For logi-
cal anomaly correction, rewards must be verifiable:
paraphrases can be correct, traces can contradict
answers, and over-repair can satisfy a rule while
being unusable. RACO-GRPO aligns rewards with
action type, direction, quantity, trace consistency,
and rule restoration.

3 Task and Workflow Framing

Actionable Visual Anomaly Understanding takes
an inspection image I, an optional question ¢, and
category-level normal rules ‘R, and returns an in-
spection decision plus an operator-facing correc-
tion when rework is possible. The output distin-
guishes anomaly detection, anomaly explanation,
correction recommendation, and rule-restoring ver-
ification. In structured settings, the correction is
represented by an action label such as add, remove,
replace, move, reject, manual_review, or none,
together with source/target objects, quantity, and
location fields. In open-ended settings, the same
information is expressed as a natural-language in-
struction.

Let S be the current visual state, 7'(S,a) the
state after applying action a, R(-) a rule verifier,
and C'(a) the edit cost. The desired correction is
the lowest-cost action that restores the normal rule:

a* =argminC(a) s.t.
g min (a)

R(T(S,a)) = 1. (1)
Thus, discarding a whole product when one ob-
ject should be replaced is not a valid minimal cor-
rection; modifying a normal product is also an
action failure. We evaluate this task in three set-
tings: multiple-choice correction selection, struc-
tured JSON action prediction, and open-ended cor-
rection generation.

Field Meaning Example
Rule Normal condition  two oranges + one peach
Evidence Visual support extra orange; missing peach

Action Edit operation replace
Correction Operator instruction replace one extra orange with one peach
Verify Rule restored? yes

Table 1: Compact correction annotation schema.

Dataset Img. Norm. Anom. Train QA/Img. Eval QA/Img.

LOCO-Correct 3651 2658 993
VID-AD-Correct 10395 5000 5395

12196 /2539
29200 / 8300

5387/1112
7380 /2095

Table 2: Dataset statistics used in correction-oriented
training and evaluation.

4 Datasets

Our construction goal is to convert each logical
violation into an operator-facing correction record,
rather than adding generic captions. Each record
links a normal rule, visible evidence, repairability,
action type, minimal correction, and a verification
target. Figure 2 summarizes the pipeline: raw im-
ages, masks, normal references, and category rules
are converted into correction annotations, then in-
stantiated into multiple-choice, structured JSON,
open-ended, and rationale-style VQA examples.
LOCO-Correct is built from MVTec LOCO
(Bergmann et al., 2022). Each image receives a
*.loco_correct. json annotation with anomaly,
evidence, correction, QA seed, and quality fields.
Anomaly status is inherited from the original bench-
mark labels and masks; Gemini 3 Pro (Google
DeepMind, 2026) and human reviewers annotate
the violated rule and minimal correction rather than
the anomaly label itself. The construction pipeline
scans the dataset, builds normal references, gener-
ates category rules and correction annotations with
Gemini 3 Pro, integrates available image text, and
then applies human review, adjudication, and final
quality control. All images and model-generated
annotation text are checked before entering the re-
leased correction corpus. On a 1,000-record subset
independently reviewed by three annotators, exact
three-way agreement on the key structured fields
is 94.6% (Fleiss’ k = 0.8895; 96.4% pairwise).
In a blind-to-Gemini audit, three annotators inde-
pendently re-annotated 300 records without seeing
the generated draft. Separately, in a 1,000-record
revision audit, human review revised 23.3% of gen-
erated drafts in at least one key structured field.
VID-AD-Correct is built from VID-AD (Nakata
et al., 2026) as a second correction corpus for log-
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ical anomalies under visual distraction. It is used
for VID-AD-specific correction training and evalu-
ation. This separation lets us measure whether the
same actionable-correction protocol works across
different logical inspection scenes while keeping
the table labels aligned with the tuned models.

5 Method

ReworkVLM is trained in two stages: super-
vised fine-tuning teaches the correction format, ac-
tion space, and structured rationale, while RACO-
GRPO further optimizes semantic correctness,
trace-answer alignment, and minimal rule-restoring
edits. The training pipeline in Figure 2 uses Qwen3-
VL-4B (Qwen Team, 2025) as the backbone and
turns it into an operator-facing correction model.

5.1 SFT for Operator-Facing Correction

For image-question pair = = (I,q), target y*
contains a short trace and a final answer: an op-
tion, JSON action, or correction. SFT teaches the
evidence—-rule—action mapping:

Lt (0) = —E(pyy > logmo(y; | =, y%,). )
t

This imitates corrections but does not directly pe-
nalize wrong objects, reversed direction, or over-
repair.

5.2 Correction-Aware GRPO

RACO-GRPO scores sampled output y = (z,a)
with four rewards: parseable format, semantic ac-
tion correctness, trace-answer alignment, and mini-
mal rule restoration:

Tt = 1[parse(y)], 3)
Topen = 1[SemEq(a, a*)]1[DirEq(a, a™)], (4)

Ttrace = 1[Supp(zu a) 1[ ( ) }
1[-Contr(z,a)], )
Tmin = 1[R(T(S,a)) = 1] exp(—BACL). (6)

Here F is the set of image-supported entities
and rules, AC} = max(0,C(a) — C(a*)), and
normal images receive minimal-edit credit only
for none. The edit cost C(a) is a fixed action-
space table ordered as none < add/remove <
replace/move < reject/manual_review and
scaled by the number of affected object instances,
so AC penalizes only edits that exceed the ref-
erence scope. For the breakfast box in Figure 1,
“replace one orange with one peach” restores the

rule at minimal cost; “discard the box” is an over-
scoped handling action and therefore incurs a large
ACY, while an unrelated edit fails R(7'(S,a)) =1
TraceAlign discourages spurious rationales that ac-
cidentally lead to correct-looking answers.

The final reward is a weighted sum:

r= )\f"“fmt + )\oropen + )\trtrace + Amrmin- (7)

For each prompt, GRPO samples K outputs and
computes group-normalized advantages,

T — UG 1
A* = v = — > 8
) UG+€7 ha K % T35, ( )

and optimizes a clipped objective with a KL penalty
to the SFT model:

mo(yi | @)
Told(¥i | )’
gi = min(p; A;, clip(p;, 1 —

1
J(6) = Em? Zgi — n KL(mg||mstt)-

©)

€, 1+ Ec)Ai)a

;=

(10)

This shifts training from imitation toward seman-
tically correct, rule-consistent, minimal, trace-
aligned actions.

5.3 Inference and Fallback

Atinference time, structured outputs are parsed into
action fields. Invalid, contradictory, unsupported,
or unnecessary edits receive the manual_review
action label and are routed to manual review, pre-
venting low-confidence corrections from becoming
operator instructions.

6 Experiments

6.1 Settings, Metrics, and Baselines

Experiments evaluate correction behavior on
LOCO-Correct and VID-AD-Correct with dataset-
specific training and held-out evaluation; for
LOCO-Correct reporting, the validation split is
merged into the test split but is not used for training
or tuning.

We evaluate three operator-facing formats:
multiple-choice correction selection, structured
JSON action prediction, and open-ended correc-
tion generation. General VLM baselines in-
clude Qwen3-VL variants (Qwen Team, 2025),
Qwen3.5 (Qwen Team, 2026), ERNIE-4.5-VL
(Baidu ERNIE Team, 2025), Gemma-4 (Gemma
Team, 2026), AnomalyGPT (Gu et al., 2024), and
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Figure 2: Overview of the dataset construction and model training pipeline. The upper panel shows how raw
industrial anomaly images, masks, normal references, and category rules are converted into correction-oriented VQA
data through MLLM-assisted annotation, task construction, and human verification. The lower panel illustrates the
two-stage training process: SFT teaches the model the correction format and action space, while correction-aware
GRPO optimizes rule-grounded, minimal, and trace-aligned corrective actions.

Triad (Li et al., 2025) where corresponding out-
puts are available. For prompting baselines, the
prompt provides standard output-format guidance
for each evaluation setting, instructing models to re-
turn an option, structured action fields, or an open-
ended correction as appropriate. ReworkVLM uses
a Qwen3-VL-4B backbone (Qwen Team, 2025)
and is trained on the corresponding correction cor-
pus. This comparison is intended to test whether a
smaller task-tuned model can produce more action-
able inspection outputs than larger general VLMs
under structured constraints.

MC Acc is the overall multiple-choice accuracy.
Anom Det measures whether the model correctly
detects normal versus anomalous samples. MC
Corr measures whether it selects the correct cor-
rection option. Action Acc checks whether the
structured action type is correct. CSR is stricter:
it requires the anomaly judgment, action type, key
objects, direction, quantity when applicable, and
rule-restoring effect to be correct. These multiple-
choice and structured metrics are reported as per-
centages. Open-ended VQA uses GPT-5.2-judged
scores with a unified, fixed judge prompt and a 1-
5 rubric for Overall, Reasoning, Correction, and
Minimal Edit. For ablation, hallucination is judged
using the same fixed rubric as open-ended evalua-

tion.

6.2 Main Results

Table 3 shows that correction quality cannot be in-
ferred from diagnosis alone. Larger general VLMs
can be competitive on multiple-choice questions,
but ReworkVLM has the strongest structured Ac-
tion Acc and CSR on LOCO-Correct and improves
both constrained metrics and GPT-5.2-judged open-
ended correction on VID-AD-Correct. This sup-
ports the industrial motivation for training a smaller
model to produce parseable, minimal, operator-
facing actions.

To separate in-domain fine-tuning from model
scale, we also fine-tune Qwen3-VL-32B with the
same Stage-1 SFT. SFT improves the 32B sub-
stantially over its zero-shot result, yet the full 4B
pipeline remains higher on CSR (LOCO 75.86 vs.
71.20; VID-AD 80.38 vs. 76.50). Model scale plus
the same supervision does not close the gap to the
full correction-aware pipeline; a two-stage 32B run
is left to future work.

Open-ended scores measure semantic helpful-
ness, while CSR checks whether the action restores
the rule; a fluent correction can still fail CSR by
changing the wrong object, reversing direction, or
over-repairing. We frame AnomalyGPT and Triad
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Multiple Choice

Structured JSON

Open-ended VQA

Model Params MC Acc Anom Det MC Corr Action Acc CSR Overall Reasoning Correction Min Edit
Panel A: LOCO-Correct

Qwen3-VL 4B 61.06 59.15 51.33 62.66 61.87 3.15 3.36 332 2.84
AnomalyGPT 7B 2.56 0.45 2.00 341 0.00 1.07 1.14 1.34 1.00
Triad 7B 64.40 63.61 70.00 0.00 0.00 1.95 1.46 1.65 1.60
Qwen3-VL 8B 73.85 66.24 73.33 59.71 5898 322 3.39 3.36 2.99
Qwen3.5 27B 65.29 50.82 56.67 68.50 67.96 3.37 3.57 3.54 3.15
ERNIE-4.5-VL 28B 41.68 35.66 35.33 58.73 52.09 2.68 2.05 1.91 2.14
Gemma-4 31B 40.70 28.717 72.00 69.68 68.96 2.63 2.20 2.20 2.51
Qwen3-VL 32B 69.29 58.62 73.33 71.87 70.14  3.33 3.54 3.48 3.05
Qwen3-VL + SFT 32B 74.50 68.10 80.00 7620 7120 4.42 4.48 4.25 3.95
ReworkVLM (Ours) 4B 75.70 70.96 83.33 78.10 7586 4.54 4.59 4.34 4.38
Panel B: VID-AD-Correct

Qwen3-VL 4B 38.81 49.02 31.50 4759 4559 293 2.93 2.93 2.93
AnomalyGPT 7B 19.53 17.09 23.29 26.04 0.62 1.58 1.14 1.12 1.13
Triad 7B 36.23 50.45 29.26 43.48 4243 301 3.12 3.30 3.64
Qwen3-VL 8B 37.12 46.25 29.55 4730 4730 2.86 2.85 2.86 2.83
Qwen3.5 27B 28.70 29.36 30.17 2456 40.14  3.30 3.62 2.90 3.73
ERNIE-4.5-VL 28B 40.27 45.22 29.87 51.91 48.75  3.99 3.87 4.09 4.43
Qwen3-VL 32B 37.94 38.71 35.18 46.21 46.16 225 2.26 2.21 2.18
Qwen3-VL + SFT 32B 93.10 85.20 96.50 78.40 76.50 4.81 4.85 4.88 4.65
ReworkVLM (Ours) 4B 95.27 88.40 100.00 80.67 80.38 4.93 4.94 4.96 4.93

Table 3: Main results on LOCO-Correct and VID-AD-Correct. MC Acc, Anom Det, MC Corr, Action Acc, and
CSR are reported as percentages. Open-ended VQA uses GPT-5.2-judged scores on a 1-5 scale with a unified

prompt.

Model Variant MCQ  Structured JSON  Open-ended Hallue. |
MC Acc Action Acc CSR  Corr. Min Edit

SFT 72.10 7340  69.80 4.05 392 12.80

SFT + Format/Open GRPO  74.00 75.10 72.30 4.20 4.06 10.10

+ TraceAlign Reward 74.80 76.80 7390 427 418 7.60

Full ReworkVLM 75.70 7810 75.86 434 438 6.20

Table 4: Ablation of post-training on LOCO-Correct.
MC Acc, Action Acc, CSR, and Hallucination are re-
ported as percentages. Corr. and Min Edit are GPT-5.2-
judged scores on a 1-5 scale.

as transferability probes rather than matched capa-
bility baselines: their outputs remain in anomaly-
description formats under correction prompts, so
their low structured scores indicate that diagnosis-
oriented models do not transfer directly to operator-
facing correction.

7 Analysis and Practical Discussion

Ablation. Table 4 ablates the correction-aware
rewards used in ReworkVLM. SFT already pro-
vides a strong starting point because it teaches
the output format, action vocabulary, and anomaly-
to-correction mapping. Adding format and open-
correctness rewards improves MC Acc and open-
ended correction quality, while TraceAlign reduces
unsupported reasoning by encouraging the ratio-
nale to support the final action. The full model
achieves the best CSR and Minimal Edit scores,
indicating that explicit minimal-edit rewards mat-

ter for operator-facing corrections. Across three
independent training runs, CSR is 69.8 + 0.8 for
SFT and 75.9 £ 0.4 for the full model, so the im-
provement exceeds run-to-run variation.

Diagnosis-Action Gap. The central failure mode
is not simply missing an anomaly. A model can
answer anomaly detection correctly yet fail to
produce a repairable action, or choose the right
multiple-choice correction but fail in structured
JSON because it must generate the action type,
objects, direction, and quantity itself. This gap
matters operationally: a wrong action can send
a normal product to rework, make an anomalous
product worse, or force an operator to ignore the
system.

Why strong general VLMs fail MCQ. On VID-
AD-Correct, Qwen3-VL 8B/32B score far below
their diagnosis capability on multiple-choice cor-
rection even though the rule and image are pro-
vided. This is not mainly an output-format artifact;
inspection of the parsed outputs shows that the
models often produce the wrong option rather than
an unparseable response. They typically detect the
anomaly yet choose the wrong action direction or
an over-scoped edit, showing the Diagnosis-Action
Gap in its clearest form.

Table 5 summarizes the main correction-specific
failure categories and their operational risks. These
categories help separate ordinary diagnosis errors

4354



Failure type Industrial risk Example

Wrong direction Makes defect worse replace orange with peach
Vs. reverse

Unnecessary rework discard whole box

cost

False rework modify normal product
Untrustworthy instruc- replace banana when no ba-

tion nana exists

Non-minimal edit

Unnecessary repair
Hallucinated object

Table 5: Correction failures and inspection risks.

from action-level failures that directly affect rework
decisions.

Open-ended quality is not executability. Open-
ended judge scores are useful because operators
read natural-language corrections, but they are not a
substitute for structured checks. A fluent correction
may receive a high score yet fail CSR if it changes
the wrong object or direction, so Table 3 reports
both GPT-5.2-judged scores and CSR.

Why tune a smaller model. Industry-facing in-
spection systems must consider latency, serving
cost, maintenance, and predictable output formats.
On a single A100 (BF16, batch 1, 1,000 samples),
ReworkVLM-4B uses 8.9 GB model GPU memory
versus 66.7 GB for Qwen3-VL-32B, with mean
end-to-end inference latency 4.20 s versus 10.49 s
(P95 6.76 s versus 13.90 s) and about 2x higher
decoding throughput. The goal is not to replace
high-capacity VLMs everywhere, but to distill the
correction behavior needed for a narrow workflow
into a smaller model with substantially lower serv-
ing cost.

Fallback and human workflow. The intended
workflow is decision support, not autonomous re-
pair. Parsed outputs enter a decision layer: none
maps to no action, valid minimal edits map to re-
work, and invalid or ambiguous corrections map
to manual_review or reject. This keeps human
review for uncertain rules, evidence, or edits.

8 Conclusion

We introduced Actionable Visual Anomaly Un-
derstanding, asking inspection models to answer
“What should be fixed?” rather than stopping at
diagnosis. By formalizing correction as a minimal
rule-restoring edit, the task exposes a Diagnosis-
Action Gap between recognizing an anomaly and
producing a usable action. LOCO-Correct, VID-
AD-Correct, ReworkVLM, and RACO-GRPO
move logical anomaly understanding toward verifi-
able, rule-grounded, operator-facing correction.

Limitations

The task focuses on logical anomalies expressible
as discrete object, quantity, location, size, and re-
lation rules; it is less direct for surface defects or
multi-step physical repairs. The datasets derive
from existing benchmarks, so residual ambiguity
may remain despite normal-reference construction,
rule generation, review, and adjudication. GPT-
5.2-judged open-ended scores should be calibrated
against expert judgments before operational use,
and deployment would still require production-line
latency, interface, confidence, and escalation tests.

Ethics Statement

The datasets are derived from industrial anomaly
benchmarks and describe object-level corrections,
not people or sensitive attributes. In real workflows,
correction suggestions should remain operator-
verified decision support, especially when repair
actions have safety or economic consequences.
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