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Abstract

Automated review of building-permit drawings is being sold
to municipal permit offices, and open-ended review of archi-
tectural document sets has begun to be benchmarked. La-
belling such data requires licensed reviewers, so a natural
shortcut is to generate drawings and inject known violations.
We report that this shortcut fails, and how. Injected defects
have consequences under other code provisions, so the draw-
ing contains defects the answer key does not name and a
model reporting them is scored wrong for being right. Red-
eriving labels by evaluating every rule against the generated
geometry showed that our supposedly compliant baseline
was never compliant: one deterministic template property
fails in all 22 cases, including all six intended clean controls,
so the benchmark contained no defect-free case. That single
property supplies 22 of 48 labelled defects, and it is one ob-
servation replicated, not many defects. Separately, on a real
154-sheet municipal permit set, we measure how much of a
sheet survives rasterisation: rendering a 42×30 inch sheet to
1024 pixels recovers 0.6 % of its text and 1536 pixels recov-
ers 6.0 %, scored against the PDF’s own vector text layer.
The low-resolution end is underwritten by geometry rather
than by the reader: 9.94 pt median text at 1536 pixels across
a 42-inch sheet is 3.5 pixels of cap height. A pilot detection
experiment on the generated benchmark found one between-
condition effect that survives correction, and it concerns out-
put volume rather than accuracy: supplying the governing
code text reduced findings per case by -3.09, in 18 of 22
cases. We make no claim about a deployed system, no claim
of agreement with municipal reviewers, and no claim of gen-
eralisation beyond one jurisdiction.

1 Introduction

A plans examiner receives a permit submittal, often more
than a hundred large-format sheets spanning architectural,
structural, mechanical, electrical, plumbing and energy dis-
ciplines, and must find the defects in it. No question is sup-
plied. The number of defects is unknown. Some are life-
safety failures and most are not, and the examiner must pro-
duce few enough findings that the applicant can act on them.

This measurement structure is that of free-response de-
tection, in which a reader places an unknown number of
confidence-rated marks on each case, rather than that of doc-
ument question answering. Precision is not well defined
without fixing what counts as an opportunity for error, and

the human record one would score against is itself partial.
Open-ended review of architectural sets is already bench-

marked [6, 18], and this paper does not compete with those
resources. It reports what happens when one tries to avoid
the cost of expert labelling by constructing ground truth in-
stead, and how much of a production sheet is available to be
reasoned over in the first place.

Contributions.

1. Evidence that constructively labelled benchmarks in-
herit the incompleteness they are built to avoid, with
the mechanism and two worked instances from our own
generator, and the corollary that a recurring template
property is one observation rather than many defects
(Section 5).

2. A model-free measurement of text recovery against ren-
der resolution on a real municipal permit set, whose
low-resolution end rests on cap-height geometry rather
than on the reader used (Section 4).

3. Two reporting devices for review tasks whose incum-
bent human record is partial: precision as an interval
over an explicit unadjudicated class, and a matcher self-
audit that recovered a false-alarm rate we had overstated
fourfold (Sections 3 and 5).

Our reporting of recall against findings per case is an import
of free-response ROC analysis from medical imaging [3, 2]
and is not offered as a new metric.

2 Related Work

Open-ended review of drawings. RedlineBench scores
models on a real drawing set containing 58 known issues
across seven categories, penalising false alarms, with a pub-
lic leaderboard [6]. AEC-Bench releases 196 task instances
over intrasheet, intradrawing and intraproject scopes to-
gether with its harness, and reports that locating the relevant
sheet is the binding difficulty [18]. We claim neither a bench-
mark contribution over these nor the cross-sheet framing.

Drawing benchmarks and drawing understanding. Re-
cent benchmarks evaluate multimodal models on architec-
tural and construction drawings [11, 9, 12], reporting strong
text extraction, weak symbol recognition, and a large gap to
expert performance. Each supplies the question. Floor-plan
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parsing is well developed on clean raster plans [10, 14, 23]
and on native vector CAD [5], extracting elements rather
than review decisions.

Automated compliance checking. This literature largely
presumes a semantically rich BIM/IFC model exists [20, 25,
1, 24, 17]. Deployment studies report that assumption as the
practical obstacle [26], and real submittals are PDF drawing
sets.

Resolution and long context. That input resolution gov-
erns text reading in multimodal models is established, and
is the motivation for tiling and any-resolution encoders [15,
13]. Long or partly irrelevant context can also degrade ac-
curacy [16, 19], which is the alternative explanation for our
one surviving between-condition effect.

Free-response detection and selective prediction. Medi-
cal imaging established the measurement structure for find-
ing an unknown number of items per case, together with its
statistics [3, 2, 4]. Risk-coverage analysis and abstention are
studied for single-input, single-label decisions [7, 8, 21, 22].

3 Problem Formulation

Let a case c be a plan set and V (c) the set of defects it con-
tains. A system emits findings F (c), with |F (c)| unknown
a priori. A matching relation assigns findings to defects, at
most one each way.

Precision as an interval. For real data V (c) is not ob-
served. What is observed is R(c) ⊆ V (c), the subset a
human reviewer recorded. Findings outside R(c) have un-
known status: scoring them as errors biases precision down-
ward by an unknown amount, and scoring them as discov-
eries biases it upward. We place them in an unadjudicated
class U and report

plo =
|TP |

|TP |+ |FP |+ |U |
, phi =

|TP |+ |U |
|TP |+ |FP |+ |U |

.

The interval width is the adjudication debt. It is not a con-
fidence interval and does not shrink with more cases, only
with expert labelling.

Burden and clustering. Because |F (c)| is unbounded, re-
call is only interpretable against a stated review budget, so
we report findings per case and recall at a budget K: the
fraction of defects surfaced within the K highest-confidence
findings. Findings within a plan set are correlated, and so
are repeated instances of a generator property across cases,
so all paired tests are computed with the case as the unit of
analysis.
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Ground truth is the vector PDF's own text layer. 4 sheets x 6 resolutions, City of Pleasanton permit set B25-1687 (154 sheets, 42x30 in).

Figure 1: Text recovered from four real production archi-
tectural sheets as a function of render resolution, macro-
averaged. Ground truth is the vector PDF’s own text layer.
Sheets are drawn from a 154-sheet municipal permit set
(42×30 in). Shaded band: min to max across the four
sheets.

Design sensitivity. Under a simulation on the benchmark’s
per-case structure with a symmetric alternative, the design
resolves paired recall differences of roughly 0.15 at a base
rate of 0.938 and roughly 0.30 on the 19 non-degenerate de-
fects at a base rate of 0.842. Nulls reported below are there-
fore weak nulls.

4 Text Recovery Against Resolution

The transferable quantity here is geometric, not instrumental.
Median drawing text on this set is 9.94 pt over 3384 spans.
Rendered at 1536 pixels across a 42-inch sheet, that is 3.5
pixels of cap height. No reader recovers glyphs at that size,
so the low-resolution conclusion does not depend on which
reader is used.

A vector-native permit PDF carries an exact record of its
own text, which lets one instrument that geometry without a
model: render at a chosen resolution, OCR with Tesseract,
and score recovered tokens against the text layer. Figure 1
gives the curve, macro-averaged over 4 sheets. Recovery is
0.006 at 1024 pixels and 0.060 at 1536. These two points
are stable across aggregation choices: micro-averaging gives
0.006 and 0.062, and excluding the atypical sheet discussed
below gives 0.008 and 0.074.

The rest of the curve is not stable. One sampled sheet
carries only 49 ground-truth tokens, and it dominates the
mid-range. Excluding it moves the 2048-pixel point down
from 0.211 to 0.090, and the 6144-pixel point up from 0.769
to 0.869. Token precision is also non-monotone and never
exceeds 0.62, rising from 0.369 at 1024 pixels to 0.615 at
6144. We therefore report the high-resolution end as a prop-
erty of this instrument rather than of the sheets.
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Consequence, and its limits. An architecture that presents
a whole sheet as one low-resolution image discards the text
before reasoning begins. Production multimodal APIs al-
ready tile internally [15, 13], so this is a domain-specific
quantification of a known constraint rather than a new one.
Its use is that it gives the constraint a number for construc-
tion documents, and it implies that detection failures mea-
sured at such resolutions are not evidence about reasoning.
Four sheets is a small sample and they were chosen to span
disciplines rather than by a random draw over the 154.

5 Constructive Ground Truth and Its Limits

Expert adjudication is the correct way to label review data
and is also the bottleneck. A common alternative is to inject
known defects into generated artefacts, as industrial anomaly
detection does. We built such a generator. It emits residen-
tial floor-plan sheets whose defects are departures from nu-
merically stated code thresholds, 5.7 square feet of net clear
egress opening, 20 and 24 inch minimum opening dimen-
sions, 36 inch corridors, 32 inch exit doors, 84 inch ceilings
and 8 percent glazing, or the absence of a required element.

The shortcut fails. Taking ground truth to be the list of in-
jected defects is wrong, in a way we expect to hold for any
constructive benchmark. Reducing a bedroom’s egress win-
dow to violate the 5.7 square foot rule also drops that room
below the 8 percent natural-light minimum. The drawing
then contains two defects while the key names one, and a
model reporting the second is scored wrong for being cor-
rect.

Rederiving labels by mechanically evaluating every rule
against the generated geometry raised the label count from
20 to 48 and exposed a second failure. The baseline we had
treated as compliant was never compliant: the living room
carries a single fixed 20.0 square foot window over a 255
to 302 square foot room, giving 6.6 to 7.8 percent against
an 8 percent minimum, for every reachable seed. It fails in
all 22 cases, including all six intended clean controls, so the
benchmark contained no defect-free case and the hallucina-
tion measurement those controls existed to provide was not
obtained.

One property is not many defects. That single template
property supplies 22 of the 48 labelled defects, and the
natural-light family as a whole supplies 29. Counting it once
per case inflates every aggregate over the label set and, as
Section 6 shows, can manufacture a between-condition dif-
ference on its own. Constructive ground truth must be com-
puted from the artefact rather than inherited from the gen-
erator’s intent, clean controls are clean only with respect to
defects the designer considered, and a property that is con-
stant across cases must be counted once.

Reasoning type sheet only + code text

area aggregation† 29/29 22/29
dimension comparison 3/3 3/3
presence or absence of an element 2/2 2/2
note lookup 2/2 2/2
note text 2/2 2/2
cross-sheet consistency 2/2 2/2
callout arithmetic 5/6 5/6
symbol presence 0/2 0/2

Table 1: Detection by reasoning type, 22 cases. † 22 of these
29 are one recurring template property, not 29 defects. Every
other row is identical across conditions. Over all 48 items
recall is 0.938 and 0.792; over the 19 non-degenerate items
it is 0.842 in both.

Matching, and a self-audit. The matcher requires a find-
ing to name both the subject and the failing attribute, and
assigns one-to-one. Its subject and attribute patterns were
written before any model was run and are unchanged; its ex-
clusion patterns were revised after reading output from the
sheet-only condition. An initial version over-fired, scoring
a carbon-monoxide-alarm finding as asserting six unrelated
families because it contained the tokens “alarm”, “garage”
and “no”. Correcting it moved the reported confirmed-false
rate from 2.78 to 0.67 per case on the same nine pilot cases,
with the unadjudicated share rising from 39.5 to 64.0 per-
cent, and widened the precision interval from [0.263, 0.688]
to [0.247, 0.926]. Honest scoring widened the interval rather
than narrowing it.

Two biases remain and are not corrected. The room tie-
break applies only when the ground-truth room is a bedroom,
so for the living room no room check runs and any finding
naming glazing plus a shortfall term is credited to that vio-
lation regardless of which room it discusses. This is an up-
ward bias on precisely the family that carries the aggregate
difference below. And an exclusion written against one con-
dition’s phrasing does not bias two conditions equally, so the
claim that exclusions can only lower recall holds for a single
number and not for a paired comparison.

6 Detection on the Generated Benchmark

The model is not told that a defect exists, how many there
are, or which families are possible. The condition that sup-
plies the code text necessarily discloses the families in scope,
which is part of what that condition manipulates.

Where the conditions differ, and where they do not.
Over all 48 items recall is 0.938 without the code text and
0.792 with it. All 7 discordant defects belong to the natural-
light family and none run the other way. Over the 19 non-
degenerate defects the two conditions detect an identical set
and miss an identical set, giving 0.842 in both arms with 0
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Figure 2: Left: defects surfaced against findings a reviewer must read, sheet-only condition. Right: risk against coverage
under confidence ranking. The natural-light family is excluded from the recall denominator in both panels.

discordant items. The aggregate difference is produced by
the recurring template property of Section 5, and it is not
a difference in detection. Critical-severity recall is 0.750 in
both conditions (9 of 12, Wilson [0.47, 0.91]) and major-
severity recall is 1.000 in both, so nothing outside the mod-
erate class moved.

Tests, at the case level. An exact sign test over cases gives
5 cases favouring the sheet-only condition and 0 the other
way, p = 0.0625, and an exact sign-flip permutation over
all 222 assignments of the per-case recall differences gives
a mean of -0.1439 at p = 0.0625. Neither reaches sig-
nificance. An item-level McNemar test on the same data
gives p = 0.016, and a percentile cluster bootstrap gives
p = 0.014; both treat replicates of one template property as
independent observations and undercover here. We report
the exact case-level tests as primary.

Under a matched review budget. Truncating both arms
to their K highest-confidence findings narrows the aggre-
gate difference but does not remove it: 0.896 against 0.771
at K = 6 and 0.917 against 0.792 at K = 7, a difference of
-0.125 against -0.146 unbounded. Over the non-degenerate
defects the two arms are identical at every K. The operating-
point control therefore does not explain the difference; the
degenerate family does.

The one effect that survives. Supplying the code text re-
duced output volume. Findings per case fell from 10.04 to
6.96, a mean difference of -3.09, with fewer findings in 18
of 22 cases and more in 3 (exact sign-flip p = 0.00033).
Enumerating the family of inferential tests this paper re-
ports as m = 3 over findings per case, false-alarm share
and case-level recall, only findings per case is rejected under
Holm-Bonferroni; false-alarm share (p = 0.191) and recall

(p = 0.0625) are not.
This is a shift in output behaviour, not in accuracy, and its

cause is not identified. The condition changes prompt con-
tent and prompt length together, and no length-matched or
scrambled-provision control was run, so content and context
dilution cannot be separated [16, 19]. It is also a single run
per cell under an uncontrolled sampling distribution, so it is
provisional pending the same-condition replicate described
in Section 8.

Where detection failed. Symbol-presence detection failed
on both cases in both conditions. Each required noticing that
a smoke alarm is missing from a sleeping room, and in each
the model instead reported that no alarm is shown outside the
sleeping area, which is true and is a real requirement. The
contrast with the other absence family, which was detected
2/2, is not a difference in reasoning: deleting an egress win-
dow also removes a row from the drawn window schedule, a
text table, whereas removing a smoke alarm deletes a 6-point
circle and a 6.5 pt label from the plan graphic while the gen-
eral note announcing smoke alarms remains, and that note is
what the model is observed to report from.

Precision is reported as the interval [0.217, 0.899] because
63.8 % of the 221 findings are unadjudicated. Confidence
ranks matched findings above confirmed-wrong ones, and
Figure 2 shows most scoreable defects surfacing in the top
findings per case. Calibration is poor, with an expected cal-
ibration error of 0.343, so the ordering is usable while the
magnitudes are not probabilities.

7 Document Anchoring

We hold 326 findings about a real project, produced by a
prior pipeline of unknown model, prompt and configuration,
and recovered from a 37-page document. They were not pro-
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duced by any system described in this paper. This section
demonstrates an audit method on that corpus and does not
measure an anchoring rate for automated review generally.

For each finding we extract code sections and dimen-
sioned quantities and test their presence in the real plan set’s
text layer. 48.8 % are not textually testable. Of the 167 that
are, 58.1 % have at least one anchor present, and 21.5 % of
all findings have none anywhere in 154 sheets. The findings
describe a first submittal and we hold the fourth, so a miss-
ing anchor may mean the defect was corrected rather than
invented. Anchoring is also not correctness.

8 Limitations

No system. No production plan-review system was accessi-
ble to this work and we make no claim about one.

Ground truth. The verified municipal record available
to us is a single comment, a planning documentation item
rather than a code violation. No licensed professional adju-
dicated any finding here.

Replication is an unmet precondition, not a caveat.
There is one run per condition and case, 22 and 22, with
temperature, seed and served model version uncontrolled.
Within-condition variance is never estimated, so the inter-
vals reported omit the dominant noise term and no between-
condition number here is separable from run-to-run drift.
The recall, burden and false-alarm comparisons are all con-
ditional on a replicate that has not been run.

One template. All 22 cases share one seven-room topol-
ogy from a single generator function, varying only bedroom
dimensions, hall width and the injected family, with seven
openings fixed in position and type. The benchmark cannot
separate detection from familiarity with one template, and
this is the same mechanism by which one latent defect be-
came 22 of 48 labelled defects.

Resolution was held constant. Resolution is control-
lable in the generator but every detection run used a single
render at 150 dpi (2401×1531 pixels). Downsampling and
tiling between the file-read tool and the encoder are undoc-
umented, and belong with temperature and seed as uncon-
trolled variables.

Unmeasured choices in our own prompt. The re-
view prompt states the four-digit opening-callout conven-
tion, identifies the smoke-alarm symbol, and instructs the
model not to invent findings. Each is plausibly worth more
than any system variable we studied, and the symbol legend
was present in the prompt for the family that failed 0/2. None
was ablated.

The false-alarm composition is confounded. 19 of the
32 findings asserting a satisfied family in the code-text condi-
tion concern hallway width, against 8 of 21 in the sheet-only
condition, and the matcher’s pattern for that family includes
the threshold token supplied verbatim to that condition. A
finding that merely restates a supplied requirement is there-

fore scored as a false alarm.
Reproducibility of Section 6. The scored artefact stores

finding indices only. The per-finding text, the review prompt,
the output schema and the agent journals are not in the repos-
itory, so precision, calibration and the selective-review curve
are not recomputable by a reader. Condition and case are
recovered post hoc by pattern match over agent transcripts
rather than from a dispatch manifest.

Scale. One jurisdiction, one code edition, one project, one
building type.

9 Experiments Not Run

Four, in the order they should be done, none of which is re-
ported above. First, the sheet-only condition replicated on
the same 22 cases, to establish the run-to-run noise floor
stratified by family; every between-condition statement here
is conditional on it. Second, detection at 1024, 1536, 2048
and 2401 pixels on the same cases, which is the experi-
ment that joins Sections 4 and 6 and turns a juxtaposition
into a causal claim. Third, a length-matched or scrambled-
provision control, separating supplied content from context
dilution. Fourth, the model under test transcribing the same
four sheets against the same text layer, removing the Tesser-
act proxy.

10 Conclusion

Constructing ground truth by injecting defects into gener-
ated drawings does not escape the incompleteness that mo-
tivates it. Injected defects have consequences the key does
not name, controls are clean only with respect to defects
the designer imagined, and a property that holds in ev-
ery case is one observation rather than many. In our own
benchmark that last failure was enough to manufacture a
between-condition difference that dissolves when the prop-
erty is counted once. Separately, production sheets carry al-
most none of their text at the resolutions a whole-sheet image
affords, which bounds what any downstream reasoning can
be measuring. Both problems are measurable, and we have
tried to measure them rather than route around them.

A Harness and Reproducibility

Model access. No frontier-model API key was available
in the environment where these experiments were run. The
model under test is invoked through an agent harness: a fresh
agent instance receives the prompt, opens the sheet image
with a file-read tool, and returns a structured finding list val-
idated against a JSON schema.

Consequences, which bound every detection number in
this paper:
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• The serving model version is not pinned in the artefact
and can differ from the configured one.

• Temperature and random seed are not controllable. Re-
peat runs estimate variance; they do not replay.

• Token and cost accounting is available only at workflow
granularity.

• One model family only, so no cross-model claim is pos-
sible.

This is why the load-bearing result of the paper (§4) is
model-free.

B Legibility Measurement

Ground truth is the vector PDF’s own text layer, ex-
tracted per page with PyMuPDF. Each sampled sheet is
rasterised with PyMuPDF at the target dpi and OCR’d
with Tesseract 5.3.4. Both the text layer and the
OCR output are tokenised by the same regular expres-
sion ([A-Za-z0-9][A-Za-z0-9/.\-’]{2,}), upper-
cased, and compared as sets; recall is |GT ∩OCR|/|GT |.

Sheets were sampled across disciplines (architectural,
structural, plumbing) from a 154-sheet permit set; sheets
with fewer than 40 ground-truth tokens were skipped. The
font-size measurement covers 3,384 spans sampled from
eight sheets, converted to rendered cap height as pt/72 ×
dpi × 0.7.

C PlanLab

Each case is a deterministic function of an integer seed. Ge-
ometry is rendered vector-natively through matplotlib and
rasterised at a chosen dpi, so resolution is a controlled vari-
able rather than a property of the source.

Twelve violation families are supported, each derived
from a numerically stated code threshold or a required el-
ement’s absence. Every family records its section number
and the quoted requirement in planlab.CODE RULES, so
each label traces to the sentence it derives from.

Ground truth is computed, not declared.
planlab.evaluate rules mechanically evalu-
ates every rule against the generated geometry and returns
the violations actually present. This differs from the list
of injected violations, and the difference matters: injected
defects have code-relevant side effects (§5).

Regeneration.

python3 code/harness/build_benchmark.py

reproduces the dataset byte-deterministically from seeds
1000–1021.

D Matching

The matcher is fixed before any run. A match requires the
finding to name the subject and the failing attribute; assign-
ment is greedy and one-to-one. Per-family exclusion pat-
terns prevent keyword collisions (for example, a carbon-
monoxide-alarm finding must not match the smoke-alarm
family, and a finding about openings in a garage separation
must not match the family concerning the separation’s ma-
terial). Every exclusion makes matching strictly harder and
can therefore only lower reported recall.

Strict and lenient variants are reported for the three egress-
dimension families. On the sample reported here they agree
exactly.

E Statistics

All intervals resample cases, not findings, because findings
within a plan set are correlated. Comparisons between con-
ditions evaluated on the same cases use a paired cluster boot-
strap in which clusters are resampled once and applied to
both arms. Wilson intervals are used only where observa-
tions are genuinely independent. Families of comparisons
carry Holm–Bonferroni correction.

F Artefacts

• results/RESULTS LEDGER.csv — every re-
ported number, with its n, the artefact it came from,
and the commit it was computed at.

• benchmark/planlab v1/ — cases, ground truth,
and the code rules each label derives from.

• research clearblock/ — audit, protocol, error
analysis, hostile review, and the record of three defects
found in our own apparatus.

The real permit set is not distributed: it is NDA-covered,
third-party copyrighted professional work. PlanLab is fully
releasable.
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