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Abstract

LLM-based extraction pipelines increasingly
consume relational context produced upstream,
for example by a heuristic linker, a retrieval
step, or another model. We study how imper-
fect relations between document entities affect
LLM extraction on FUNSD, a benchmark of
scanned forms. Using identical instructions in
every condition, four LLMs receive a form’s
entities with no relations (Flat), relations from a
heuristic linker (Heuristic), gold relations (Or-
acle), or relations that are almost all wrong
(Deranged). In a secondary contrast, gold re-
lations raise accuracy for every model (4.0 to
7.9 percentage points, pp). Heuristic and de-
ranged relations lower accuracy by 8 to 25 pp
for three models, while GPT-5 shows signif-
icantly smaller effects. Comparing the same
questions across conditions shows what lies be-
hind the drops. Wrong edges are associated
with answers copied from a different field, and
missing edges with more blank answers even
though the answer text is still present. These
patterns appear under two prompt variants, but
the prompts were developed on this corpus and
every result is a single generation, so we treat
the prompt comparison as exploratory.

1 Introduction

LLM-based systems increasingly consume struc-
tured context they did not generate themselves,
such as retrieved passages, a knowledge graph
neighborhood, or, as we study here, a relation graph
over a document’s own entities produced by an up-
stream linker. This context is supplied to change
what the system produces, but it is rarely perfect,
and a pipeline has no principled way to know how
much to rely on a relation it did not itself ver-
ify. The same issue arises whenever an agent is
grounded in a knowledge graph that an upstream
component built, since its edges can be wrong or
missing.

We study one concrete instance of this interface.

Document pipelines often run OCR and layout anal-
ysis first and then hand an LLM typed text spans,
their positions, and links between them. We sup-
ply this kind of input, with gold segmentation, in
a form the model reads as text, and vary only the
links. We choose it because it lets us control and
score which relations the model sees. We do not
test alternatives such as the page image or layout-
derived HTML or Markdown (Limitations item 3),
so our findings concern this interface, not the best
way to prompt for extraction. That correct relations
help and wrong ones hurt is expected. What the
controlled setting adds is how the failures differ by
type of relation error and by model.

Most prior work asks a different question. Mod-
els with a graph layer over document entities are
trained end-to-end and scored on a fixed bench-
mark (Lee et al., 2022; Gemelli et al., 2022; Zhang
et al., 2023; Hui et al., 2025), which tests whether
an architecture helps, not whether the output of an
existing general-purpose LLM changes when it is
handed the same relations as input context. Work
on LLMs consuming graph-structured prompts
studies input format, serialization, and, in one
case, robustness to noisy or incomplete subgraphs
(Dai et al., 2025; Sun et al., 2025), but not inside
a document-extraction task that fixes entity text,
labels, and layout and decomposes behavior by
whether a relation is correct, wrong, or absent.

We hold the extraction task, pipeline, and docu-
ment fixed and vary only the relations in the input.
We build four representations of every FUNSD doc-
ument (Jaume et al., 2019) that carries a scorable
relation: flat entities with type labels and layout
but no relations, a relation graph built by a layout-
proximity heuristic over gold1 entities, the gold
relation graph, and a deranged graph in which

1Here and throughout, “gold” denotes ground-truth values
supplied as input to the model (entity text, type labels, boxes,
or relations); it is distinct from the gold answer key used only
for scoring (Section 3.5), which the model never sees.
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nearly every edge is wrong by construction. A
fixed extract-then-verify LLM pipeline answers ev-
ery question field and then re-reads the document
to revise it, for four models from four labs (Claude
Sonnet 5, GPT-5, Qwen3.6-27B, Gemini 3.7 Flash),
under one prompt that is identical across conditions
and checked programmatically. Two preliminary
rounds on this corpus used other wordings and
each led to a different, partly wording-driven con-
clusion (Appendix A); we treat only the third, fully
condition-invariant round as primary evidence.

Our contributions are: (1) a controlled
document-extraction comparison in which entity
text, labels, and layout are held fixed while the
supplied relational channel varies; (2) a matched
question-level decomposition identifying distinct
error signatures for correct, wrong, and absent
heuristic relations; (3) evidence that the effects
of heuristic and deranged relational context differ
substantially across the tested models, with GPT-5
significantly less affected than the other three, a
model-dependence result and not a universal LLM
behavior. An exploratory cross-prompt sensitivity
analysis on the preliminary rounds supplements
these findings (Section 4.3). Figure 1 and Table 2
illustrate the setup on a small example, and code,
prompts, and aggregate analysis files are available
at https://github.com/boriskundu/
relational-context-failure-modes.

2 Related Work

Graph-structured models for form understand-
ing. FormNet (Lee et al., 2022), Doc2Graph
(Gemelli et al., 2022), GraphDoc (Zhang et al.,
2023), and SEG-Doc (Hui et al., 2025) each add
an explicit graph layer, convolution, attention, or
a text-histogram graph, over document entities to
recover layout structure lost during serialization.
RE2 (Ramu et al., 2024) targets the same FUNSD
entity-linking task we use to build our heuristic
graph condition. All of these are trained end-to-end
on FUNSD or a similar benchmark, so their graph
layer is optimized on the structure it consumes. To
avoid a learned relation component fitted to our
own evaluation documents, we use an untrained
layout-proximity heuristic and report its precision,
recall, and F1 directly.

LLMs consuming graph-structured prompts.
Dai et al. (2025) study how LLMs process
knowledge-graph facts under different lineariza-
tions, from raw triples to fluent text, finding sys-

tematic format preferences at both the output and
attention level, and additionally report that larger
LLMs are more susceptible to noisy, incomplete
subgraphs. Sun et al. (2025) introduce a structured-
prompt benchmark showing general-purpose LLMs
with the right graph-prompt design can match spe-
cialized graph models on general graph-learning
tasks. Our setting instead varies only the supplied
key-value relations, with entity text, labels, and lay-
out fixed, and decomposes behavior by whether a
given heuristic relation is correct, wrong, or absent.

LLM-based, prompt-driven document extrac-
tion. Closer to our own setup, Colakoglu et al.
(2025) map the design space of applying general-
purpose LLMs to layout-rich document extraction
directly, varying input representation, prompting,
and model choice, and show a well-configured
LLM can match specialized extractors. Their de-
sign space includes representation as a factor but
does not isolate relational structure or its correct-
ness as an independent variable, our narrower focus.
Other multi-stage document pipelines, ontology-
guided extraction with human-in-the-loop valida-
tion (Chhetri et al., 2025) and a five-agent enter-
prise pipeline evaluated on automation rate (Gos-
mar and Zenezini, 2026), likewise do not vary rela-
tional structure’s quality as a controlled variable.

LLM robustness to conflicting or noisy con-
text. Work on how LLMs handle context that con-
flicts with what they already know or with itself
(Xu et al., 2024) shows that models can be dis-
proportionately influenced by misleading context
that resembles relevant evidence, including that
retrieval-augmented models are disproportionately
misled by counterfactual noise resembling correct
context (Hong et al., 2024) and that LLMs can fa-
vor plausible-looking self-generated context over
correct retrieved context (Tan et al., 2024). That
work studies free-text conflicting context whose
correctness is not independently known; we in-
stead supply a structured relation channel whose
ground-truth relation status is known, letting us
decompose a model’s response by whether the spe-
cific relation it received was correct, wrong, or ab-
sent, rather than by how the conflicting context was
generated. Graph-retrieval-augmented generation
(Zhang et al., 2025) studies a related but distinct
question, how a system should retrieve and traverse
a graph at query time, whereas our structure is sup-
plied directly in context.
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Condition Text Labels Boxes Relations

Flat ✓ gold gold
Heuristic graph ✓ gold gold heuristic
Deranged graph ✓ gold gold wrong
Oracle graph ✓ gold gold gold

Table 1: Primary input representations. Entity text and
gold labels are fixed across conditions.

3 Method

3.1 Dataset

We use FUNSD (Jaume et al., 2019), 199 real,
noisy scanned forms with human-verified entity
text, type labels, bounding boxes, and an entity-
linking annotation connecting questions to answers.
We use the original annotation release, not the later
revision (Vu and Nguyen, 2020), whose files re-
quired gated cloud-storage access we did not have;
FUNSD’s known annotation-quality issues are a
limitation (see Limitations). Five of the 199 docu-
ments carry no scorable question-answer link and
contribute nothing under any condition or model;
every reported accuracy is a field-level average
over the remaining 194, with model- and condition-
specific exclusions in Limitations item 1. A mean-
ingful fraction of questions link to two or more an-
swer entities, usually one logical answer wrapped
across two lines; we concatenate all linked enti-
ties per question, in reading order, into one scored
answer, a disclosed simplification.

3.2 Four representation conditions

Every document is rendered with entity text held
constant across all conditions and layout (bounding
boxes) held constant across flat and every graph
condition. Table 1 summarizes the four conditions,
and Table 2 shows them on a small constructed
form. In every condition the model sees a list of
spans, each with its text, a label (question, answer,
header, or other), and its box. The conditions differ
only in whether a list of links between spans is
added, and which links. Flat adds none. Heuris-
tic adds the links produced by a layout-proximity
rule. Oracle adds FUNSD’s gold links. Deranged
adds a list of the same size and degree structure
as the gold one but with the answers reassigned so
that nearly every link points to the wrong answer.
A background raw condition (text only) is scored
separately against flat (Appendix C).

The heuristic graph’s edges come from a layout-
proximity rule, matching each answer to the nearest

question above or to its left, with tie-breaking on
remaining distance. We chose this over an LLM-
inferred relation (which would entangle any benefit
with the model’s own self-consistency) or an exist-
ing FUNSD-trained linker (which risks the circular-
ity noted above). We measure the heuristic’s own
precision, recall, and F1 on two disjoint parts of
the full 199-document corpus, a 35-document vali-
dation subset (precision 0.53, recall 0.43, F1 0.47,
Appendix E gives the raw edge counts) and its 164-
document complement (precision 0.50, recall 0.45,
F1 0.47), a substantially imperfect relation source.

The deranged graph replaces every edge with a
wrong one through a degree-preserving derange-
ment over entity identity, not a naive random shuf-
fle, which can leave some edges correct by chance.
A few resulting edges are still identity-correct or
point at text-duplicate answers; these are disclosed
and excluded from any diagnostic that requires a
genuinely wrong, text-distinguishable edge (Ap-
pendix E gives exact counts). Five documents,
each with only one or two scorable questions of a
within-document-unique multi-value degree, have
no same-degree partner to swap with and cannot
be deranged, so every model’s Deranged condition
excludes them by design (Limitations item 1 gives
document counts).

3.3 Pipeline and models
Each document, condition, and model cell is pro-
cessed by the same fixed extract-then-verify LLM
pipeline (a 2-node LangGraph implementation, not
an autonomously planning agent). An extract step
produces an initial answer for every question field,
and a forced verify step re-reads the same represen-
tation and corrects any answer it finds ungrounded
or wrong; both the initial and final answers are
retained and scored. We use four models from
four labs: Claude Sonnet 5 (Anthropic), GPT-5
(OpenAI), Qwen3.6-27B (open-weight, served via
Groq), and Gemini 3.7 Flash (Google), each fixed
to a low or default reasoning setting that keeps rea-
soning enabled (Table 5; Groq exposes no lower
enabled setting for Qwen3.6-27B), held constant
across all conditions. We chose them for diversity
of provider and openness, API availability, and a
reasoning mode we could bound in cost and latency,
not for matched size or architecture (undisclosed
by the three proprietary providers), so differences
between models are descriptive and we make no
claim about why they arise. A fifth candidate was
dropped before any evaluation because its reason-
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FUNSD form
gold spans:

text, label, box

Add links
Flat, Heuristic,

Oracle, or
Deranged

Extract (LLM)
answer every

question

Verify (LLM)
re-read and revise

Score vs.
gold answer

correct, omission,
misassociation,
hallucination

Figure 1: Experimental pipeline. Only the second box varies across conditions. The instruction text, model, and
scoring are identical, and both the initial (Extract) and final (Verify) answers are scored.

Condition Links shown Resulting bucket for each question

Answer key (not shown) Date → March 4; Name → J. Smith;
Brand → Acme

Flat none no links shown
Heuristic Date → March 4; Name → Acme Date: correct edge; Name: wrong edge; Brand:

no edge
Oracle Date → March 4; Name → J. Smith; Brand → Acme all correct edges
Deranged Date → J. Smith; Name → Acme; Brand → March 4 all wrong edges

Table 2: A constructed form (not taken from FUNSD) with six spans, three questions (Date, Name, Brand) and
their answers (March 4, J. Smith, Acme). In the Heuristic row the three questions fall into the correct-, wrong-, and
absent-edge buckets of Section 4.2. Answering “Acme” for Name there is a misassociation (a real value from the
Brand field), and answering blank for Brand, although “Acme” is in the input, is a blank response.

ing length could not be bounded.

3.4 Prompt design

Every condition receives one shared instruction
block that differs only in the inserted document
representation. Prompt identity outside that sub-
stitution is checked programmatically, alongside
a banned-word list for the input-specific para-
graph and a check that the instruction text is byte-
identical across the four conditions above plus Raw
(Appendix A gives the full safeguard list). The
wording was finalized after two preliminary rounds
on the same corpus. Round 1 confounded relational
structure with an instruction to treat shown links
skeptically, and Round 2 removed that instruction
but inadvertently also a needed link-explanation
sentence, after which two models showed a severe
blank-refusal pattern on questions with no shown
heuristic edge. Round 3 restores one short, neutral
sentence explaining that a link, when present, as-
sociates a question with an answer, and that some
questions have none; restoring it did not reliably
reduce that pattern (Section 4.3). All primary re-
sults in Section 4 use Round 3 alone. The two
failure signatures of Section 4.2 persist under both
condition-invariant regimes, Round 2 and Round 3,
which we treat as exploratory sensitivity evidence
rather than validation, since both were developed
on this same corpus. Appendix A gives the full
prompt history and literal templates.

3.5 Scoring

Each predicted answer is scored against the gold
answer key with an exact normalized match (lower-
cased, whitespace collapsed) and a fuzzy similarity
score (rapidfuzz fuzz.ratio, a normalized edit-
based similarity from 0 to 100, with a match at 85
or above). The fuzzy match is tolerant of format-
ting and OCR-level differences and is our accuracy
measure throughout. We fixed the threshold of
85 at the start of development, before any evalu-
ation run, and never tuned it on results; it admits
small character-level differences such as punctua-
tion or a one-character OCR variant and typically
rejects larger omissions, such as a missing word in
a short answer. We checked it by manual review of
scores near the threshold (Section 3.6) and a sweep
from 80 to 95 (Limitations item 5). A blank an-
swer for a question with a gold answer is an omis-
sion (reported as a blank response in Section 4).
We classify every other non-matching answer as
a misassociation if it fuzzy-matches the text of
any entity belonging to a different field, and other-
wise as a hallucination, which is therefore a catch-
all for answers not supported by any other field,
including truncated or paraphrased ones. Ques-
tions linked to several answer entities are scored
once, against the concatenation of all linked en-
tities in reading order. A partial answer, such as
only the first of two wrapped lines, usually falls
below the threshold and is classed as a hallucina-
tion, not a misassociation, because the question’s
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own gold entities are excluded from the compar-
ison (Appendix B gives worked examples). For
the three graph conditions, we compute a wrong-
edge-consistency rate, whether the pipeline’s an-
swer matches what the shown edge implies, among
questions whose shown edge is itself wrong by this
same fuzzy-text ruler. The question-level failure-
mode buckets of Section 4.2 use the same rule;
Appendix E details how this affects the deranged
graph’s edge-correct bucket.

Because field scores from the same document
are correlated, confidence intervals come from a
document-level paired bootstrap (20,000 resam-
ples), never treating individual fields as indepen-
dent. Each model-level comparison is tested once
per model, so we report each family under a Bon-
ferroni correction for its own number of tests, a
per-comparison confidence level corresponding to
95% family-wise control (98.75% for a four-test
family, 99.17% for six), alongside the uncorrected
95% interval.

3.6 Scorer validation

Manual review of two non-overlapping 50-item
samples (one stratified across every model and con-
dition, one drawn from scores near the fuzzy-match
threshold), a spot check against the authors’ own
judgment rather than an independently annotated
inter-rater study, agreed with the automatic verdict
in all 100 cases. A small number of recurring pat-
terns are reported as limitations rather than one-off
noise (see Limitations).

4 Results

4.1 Overall effects of supplied relational
context

Table 4 reports every primary contrast under our
one condition-invariant prompt, each interval al-
ready Bonferroni-corrected within its four-test fam-
ily. Adding the heuristic graph (F1 0.47) to flat
significantly hurts three of four models, Claude,
Qwen, and Gemini; only GPT-5’s corrected in-
terval includes zero. The deranged graph shows
the same broad split, significantly hurting Claude,
Qwen, and Gemini while leaving GPT-5’s small
negative point estimate non-significant. Gold rela-
tions, by contrast, help every model in both com-
parisons that isolate them: Oracle beats Flat by
4.0 to 7.9pp, and Oracle beats Heuristic by 9.1 to
27.9pp (Appendix E, Table 8), our single largest
and most consistent effect, all eight corrected in-

Condition Claude GPT-5 Qwen Gemini

Flat 75.5 79.3 77.9 79.1
Heuristic graph 59.1 76.8 58.8 61.9
Deranged graph 51.2 78.5 54.0 71.0
Oracle graph 82.0 85.9 86.7 83.1

Flat, on documents matched to:
Heur., Oracle 75.5 79.3 78.8 79.1
Deranged 75.8 79.3 78.8 79.1

Number of documents:
Flat 194 194 194 194
Heur., Oracle 194 194 193 194
Deranged 188 189 188 189

Table 3: Field-completion accuracy (%, fuzzy match,
final answer) by condition and model, our primary eval-
uation. Each cell uses every document that model com-
pleted under that condition, so the document sets differ
slightly (last three rows); Qwen’s graph conditions cover
193 documents because one document fails to parse
under every graph condition. The paired contrasts in
Table 4 use only documents present in both conditions,
so each equals the condition’s score minus the matched
Flat row, up to rounding, not the first Flat row (for Qwen,
58.8−78.8 = −20.0 and 86.7−78.8 = +7.9). Details
are in Limitations item 1.

tervals excluding zero. We report Oracle−Flat as
a secondary, post-hoc contrast rather than one of
our originally locked comparisons, and read both
oracle contrasts as an upper bound on faithful relay
under complete, correctly labeled information, not
evidence of relational reasoning in general.

A direct interaction contrast (GPT-5’s own
Heuristic−Flat and Deranged−Flat delta boot-
strapped against each other model’s same delta on
one shared resampled document set, Appendix E,
Table 9) provides evidence beyond the absence
of significance against zero: GPT-5 shows signif-
icantly smaller condition effects than every other
model in this evaluation, in all six pairwise tests
after a Bonferroni correction across the family
(99.17% per-comparison CI), though the smallest
(vs. Gemini on Deranged−Flat) only marginally
survives.

4.2 Failure-mode decomposition

We split every scorable question into three buckets
by comparing the answer implied by the heuristic
graph’s shown edge or edges, if any, with the gold
answer under the same fuzzy rule used for scoring.
For a question linked to several answer entities, the
implied answer is their concatenation in reading
order, so an edge set that recovers only part of the
answer counts as wrong. The buckets are correct
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Figure 2: Heuristic−Flat accuracy difference, in percentage points, for the same questions under the two conditions,
split by the heuristic relation shown. Panel (a) shows the gain where the edge is correct, and panel (b) the loss where
it is wrong or absent (note the different y-axis ranges). Error bars are uncorrected 95% document-bootstrap CIs;
Bonferroni-corrected significance is in the text.

Contrast Model ∆ (pp) Bonf. CI

Heuristic−Flat Claude −16.3 [−21.7, −11.4]
GPT-5 −2.5 [−7.5, 0.7]†

Qwen −20.0 [−25.6, −14.2]
Gemini −17.1 [−22.5, −12.2]

Oracle−Flat (secondary) Claude +6.5 [4.4, 8.6]
GPT-5 +6.6 [4.7, 8.5]
Qwen +7.9 [5.2, 11.0]
Gemini +4.0 [2.6, 5.6]

Deranged−Flat Claude −24.6 [−32.7, −17.2]
GPT-5 −0.8 [−5.7, 2.1]†

Qwen −24.7 [−33.3, −16.4]
Gemini −8.1 [−13.3, −3.7]

Table 4: Field-completion accuracy effects and paired
condition contrasts vs. Flat, each interval already
Bonferroni-corrected within its four-test family (98.75%
per-comparison CI). † marks the only two intervals that
include zero (both GPT-5). Document counts are in
Limitations item 1; Oracle−Heuristic is in Appendix E,
Table 8.

(25.6–25.7% of scorable questions), wrong (32.4–
32.5%), or absent (no edge shown, 41.8–42.0%, the
largest bucket). Figure 2 reports the Heuristic−Flat
delta within each, per model, with a document-
bootstrap 95% CI. Questions with a correct heuris-
tic edge score 3.3 (Gemini) to 8.9pp (Claude)
higher under Heuristic than their matched Flat
counterparts, significant at the uncorrected 95%
level for all four models but surviving a Bonfer-
roni correction across the twelve model-by-bucket
tests in this family only for Claude and Qwen, not
GPT-5 or Gemini. All eight wrong- and absent-
edge deltas survive the same correction. Wrong-
and absent-edge questions show different domi-

nant error signatures. Wrong-edge questions show
elevated cross-field misassociation, a real value
copied from a different field, in 25.9% (Claude),
20.4% (Qwen), 19.4% (Gemini), and 6.3% (GPT-
5) of all such questions. No-edge questions in-
stead show elevated blank-response rates, 36.2%
(Claude), 44.0% (Qwen), 40.8% (Gemini), 19.1%
(GPT-5), even though the same answer-bearing en-
tity text used by Flat remains directly present in
the same representation. These percentages are
shares of every question in the bucket, not just
the incorrect ones. Relative to the same questions
under Flat, Round 3 increases no-edge blank re-
sponses by 8.2–31.9pp and wrong-edge misassoci-
ation by 3.4–21.4pp (Appendix E, Table 11), with
all eight matched penalties individually Bonferroni-
significant. GPT-5’s error rates stay well below the
other three models in both failure buckets, con-
sistent with its comparatively flat accuracy across
every condition (Table 3); this decomposition is
diagnostic rather than a controlled per-edge inter-
vention (Limitations item 4). We exclude the de-
ranged graph’s own edge-correct bucket from anal-
ysis: 92% of it (84 of 91 cases) reflects gold-text
coincidence rather than a genuine identity match
(Section 3.2).

4.3 Exploratory: prompt-regime sensitivity

Our strongest sensitivity evidence compares Round
2 and Round 3, condition-invariant prompts that
differ only in whether the neutral link-explanation
sentence (Section 3.4) is present. The matched
no-edge blank penalty and wrong-edge misassoci-
ation delta of Section 4.2 (Appendix E, Table 11)
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remain positive for every model under both rounds;
adding the explanation does not consistently re-
duce them, and for Claude both grow substantially.
Round 1 was not condition-invariant and differs
from Round 3 along more than one wording dimen-
sion, so we report it only as provenance, not con-
trolled evidence: wrong-edge reliance is far lower
under Round 1 for every model (Appendix D gives
the figure and Table 10 the bootstrapped deltas).
Because every regime was developed on this same
corpus, we treat all of this as exploratory, not a
causal test: the two failure signatures are present
under both condition-invariant regimes examined,
not shown to be prompt-invariant in general.

5 Discussion

Adding a relational channel changes what its si-
lence means. For several models, an unlinked ques-
tion is treated as unsupported even though the same
entity text suffices under Flat, so absence within the
channel can acquire epistemic weight it would not
otherwise carry, while a wrong edge redirects the
answer toward a different field’s value and correct
relations, unsurprisingly, still help. The elevated
blank rate suggests that several models treat a miss-
ing relation as evidence against answer availability,
rather than falling back to the entity text itself; a
system consuming externally supplied relational
context should therefore distinguish “no relation
was predicted” from “no answer exists.”

Susceptibility to all of this is strongly model-
dependent rather than a universal LLM behavior.
GPT-5 shows little heuristic or deranged degrada-
tion, the lowest wrong-edge-consistency rate by a
wide margin, and error rates well below the other
three models in both failure buckets, while Claude,
Qwen, and Gemini are all substantially affected.
We report this heterogeneity as a result in its own
right rather than speculate about its cause.

This also bears on anyone building a pipeline
on an automatic relation extractor. A linker with
F1 around 0.47 is not automatically safe to add,
and its downstream effect also appears sensitive
to prompt regime in our exploratory comparison.
A single run cannot distinguish a model property
from an artifact of one prompt’s wording, which is
why Appendix A gives the full prompt history.

6 Conclusion

Imperfect relational context can alter downstream
LLM extraction in ways that aggregate accuracy

obscures. In our FUNSD evaluation, wrong and
missing heuristic relations are associated with dis-
tinct error signatures whose magnitudes vary across
models and remain visible under both condition-
invariant prompt regimes examined. Future work
should manipulate relation correctness and cov-
erage independently, repeat generations, and test
additional datasets.

Limitations

1. Document counts. Table 3 gives the docu-
ments behind each cell: 194 for Flat, Heuris-
tic and Oracle (193 for Qwen3.6-27B, one
persistent parse failure under every graph con-
dition), and 188 or 189 for Deranged, which
also excludes five documents that cannot be
deranged (Section 3.2) and, for Claude, one
further parse failure. Paired contrasts in Ta-
ble 4 use the intersection of the two condi-
tions’ documents, so each equals the differ-
ence of the matched Flat rows, up to rounding.
Scoring every persistent-parse-failure cell as
entirely wrong instead of excluding it shifts
every affected Table 4 headline by at most
0.5pp (Qwen3.6-27B’s Oracle−Flat, whose
excluded document has 41 scorable questions
against a corpus average of 14) and every
other by at most 0.1pp.

2. Adaptive prompt development, single gen-
eration, and provider versions. The final
prompt (Section 3.4) was informed by this
corpus’s own results from two preliminary
rounds, so the primary round is a frozen-
before-execution evaluation, not a hypothe-
sis specified before any data existed. Every
cell in every round is one generation, so the
document-level bootstrap captures variability
across documents, not across repeated genera-
tions, and we treat low-single-digit effects cau-
tiously even when their interval excludes zero
(GPT-5’s heuristic and deranged estimates did
not survive even the uncorrected test). None
of the four model identifiers is a dated, pinned
snapshot (Appendix A), which affects only
the exploratory cross-round comparison (Sec-
tion 4.3). The three prompt regimes also differ
in more than one wording dimension, so that
comparison is exploratory, not causal.

3. Gold upstream information, not an end-
to-end pipeline. Every condition receives
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FUNSD’s gold entity boundaries, type la-
bels, and bounding boxes, which isolates re-
lational structure as the one manipulated vari-
able but means none of our numbers speak to
a pipeline that also solves segmentation, OCR,
or typing. The heuristic graph is a layout-
proximity rule over those gold entities, not an
end-to-end relation extractor, and a stronger or
weaker linker could shift its result either direc-
tion. We also do not compare against feeding
the page image directly or against HTML or
Markdown produced by layout analysis, so we
cannot say whether these failure modes would
appear, shrink, or grow under those inputs.

4. Detectability and plausibility are diag-
nosed, not independently manipulated.
Heuristic and deranged conditions differ in
spatial plausibility, semantic compatibility,
and structure at once (equivalently, coverage
and correctness: ≈58% coverage at F1 ≈0.47
versus 100% coverage at near-zero correct-
ness), so their contrast does not isolate any
one factor. A degree-preserving derangement
keeps each entity’s participation count, multi-
value cardinality, and graph topology, so it is
not information-free noise; the few identity-
correct and text-duplicate edges it can produce
are disclosed and excluded from any wrong-
edge-only diagnostic (Section 3.2). Relation-
status buckets (Section 4.2) are diagnostic,
since status is observed within the heuristic
representation and not manipulated per ques-
tion.

5. Additional design limitations. We ran no
extract-then-re-extract condition separating a
second call’s own effect from a second read
over relational structure, so our correction-
rate pattern is descriptive, not evidence that
the relational representation drives verifica-
tion behavior. We merged our original devel-
opment/test split into one set partway through,
so every document was eligible for both devel-
opment and the final numbers, weaker than an
untouched test set; the heuristic has no learned
parameters, though its design was developed
within the same study. Hand validation also
showed the scorer cannot distinguish a cor-
rect but reordered multi-value answer from a
wrong one; an order-insensitive rescoring and
a fuzzy-threshold sweep (80–95) each change

Table 4’s Heuristic−Flat and Deranged−Flat
deltas, the two contrasts we checked this way,
by at most 1.6pp.

6. Scope of generalization. All results are on
one English-language, form-specific bench-
mark, FUNSD, with one serialization of each
representation, one model roster, and one
pipeline architecture; a different choice along
any of these axes could change the magnitude
or direction of any effect reported here. We
use the original FUNSD annotations, whose
known block-level limitations are addressed
by EC-FUNSD (Zhang et al., 2026), so repli-
cation on the corrected annotation set is a nat-
ural next step.

Ethical Considerations

Data provenance and use. FUNSD’s source docu-
ments come from the Truth Tobacco Industry Doc-
uments archive, made public through litigation dis-
closure decades ago, and some forms carry real
names, signatures, and dates from that era. We
collected no new data. FUNSD is released under a
noncommercial research and education license, and
we send only document text, never images, to four
commercial LLM APIs, for noncommercial aca-
demic research. Human involvement. There was
no new human-subject data collection or crowd-
sourced annotation; involvement was limited to
the authors’ review of a sample of scored outputs
(Section 3.6). Reproducibility. Code, the Ap-
pendix A.2 prompt templates, and the aggregate
analysis files behind every table are released at the
repository linked in the Introduction under an open-
source license. FUNSD is not redistributed apart
from one small sample annotation used as a test
fixture (a script downloads the dataset from its of-
ficial source), and per-question model outputs are
withheld because they contain FUNSD text, so re-
producing raw runs requires API access to the four
models.

Declaration on Generative AI

Portions of this manuscript were drafted and re-
vised with writing assistance from Claude (An-
thropic), which was also used for coding assistance
during the experimental pipeline’s implementation.
All experimental design, analysis, results, and con-
clusions are the authors’ own, reviewed and verified
before submission.
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A Full prompt provenance

We ran this ablation three times on the same 194-
document corpus. Round 1’s graph prompt ex-
plained what a link means, instructed treating it
as a primary guide, and warned that shown links
may be wrong and should not be followed blindly.
This text was absent from the flat and raw prompts,
so it confounded structure with an explicit skepti-
cism instruction. Round 2 removed that instruc-
tion but, a later diff showed, also removed the
generic link explanation along with it, so Round
1 and Round 2 differ along more than one dimen-
sion. Under Round 2’s condition-blind but under-
explained prompt, Qwen3.6-27B and Gemini 3.7
Flash showed a severe blank-refusal pattern specifi-
cally on questions whose heuristic graph offered no
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edge, consistent with treating an unexplained ab-
sence of a links field as license to answer null rather
than falling back to the flat entity text present in the
same representation. Restoring the explanation in
Round 3 did not reliably reduce this pattern (Sec-
tion 4.3). Round 3 (reported as primary throughout
the main text) restores one short, neutral sentence,
identical across all conditions, explaining that the
representation may include structural information
such as span labels, positions, or links, that a link
when present associates a question with an answer,
and that some questions have none. Its generic first
half is not data-informed; the clause about ques-
tions with no link directly responds to Round 2’s
failure on this same corpus, a distinction we dis-
close rather than calling the whole sentence either
fully generic or fully post hoc. A banned-word
list for the input-specific paragraph (correct, incor-
rect, reliable, unreliable, candidate, trust, distrust,
primary guide, plausible, blindly, fall back, and in-
flections), a check against gating any instruction on
link presence, and a regression test that the assem-
bled extract and verify prompts are byte-identical
across all five conditions once the document repre-
sentation is removed all carry over from Round 2.
The word list does not apply to the verify prompt’s
own instructions, which legitimately use words
such as “correct”. A manifest audit (git diff
across every module and the dataset file between
the two later rounds’ launch commits) confirms the
prompt files are the only source difference. We
describe our analysis plan as frozen before Round
3’s execution and informed by Rounds 1 and 2 on
this same corpus, not pre-registered in the sense of
specified before any data existed.

Scope split. The raw-versus-flat background
comparison (Appendix C) is reported from Round
2 only, the first condition-invariant version of that
comparison; Raw shares no structural field with
the link-definition sentence, so it is unaffected by
Round 2’s no-edge problem, but it was not rerun
under Round 3’s exact wording. Flat’s own accu-
racy is stable within 0.6pp for every model between
Round 2 and Round 3, which we use as a measured
proxy for Raw’s likely stability, not a direct mea-
surement of it. All of Section 4 and Section 4.2
come from Round 3 alone; no table merges Round
2 and Round 3 columns as directly comparable.

Model versions across rounds. All three rounds
used the same model identifiers (Section 3.3) across
roughly a four-day window; a manifest audit con-
firms our own code, data, and requested identifiers

were unchanged. None of the four identifiers is
a dated, pinned snapshot, so we cannot indepen-
dently verify a provider’s served implementation
was itself unchanged across our calls.

A.1 Model and API reproducibility
Table 5 lists the exact model identifiers, reasoning
settings, and call parameters.

A.2 Literal prompt templates
Every extract prompt shares this fixed scaffold
across all three rounds and all five conditions, sub-
stituting only the emphasized input-specific para-
graph below and the document itself:

“You are a document-processing assistant com-
pleting a structured form-filling task.

[input-specific paragraph, below]

Instructions: Answer using ONLY informa-
tion present in the document below. Do not
infer, guess, or fabricate any value that is
not explicitly present. If you cannot find
an answer for a question in the document,
output an empty string "" for that answer,
do not leave it out of the list entirely. Re-
spond with ONLY a JSON array, no other
text, in this exact format: [{"question":
"<question text as it appears>",
"answer": "<answer text, or
empty string>"}, ...]

Document: [the rendered representation]”

The verify step re-reads the same input-specific
paragraph alongside the model’s own previous an-
swer, under the same JSON-array output format.
Its full template, identical across rounds and condi-
tions apart from the same input-specific paragraph,
is:

“You are re-checking your own previous answer to
a document form-filling task, to catch and correct
any mistakes before finalizing.

[input-specific paragraph]

Your previous answer was: [the model’s JSON
answer from the extract step]

Re-read the document below and your previous
answer above. For each question, check whether
the answer is actually supported by the document,
correct any answer that is wrong, ungrounded,
or inconsistent, and leave correct answers un-
changed.

Instructions: Base corrections ONLY on
information present in the document below.
Do not infer, guess, or fabricate. If an an-
swer should be blank because the document
doesn’t contain it, output an empty string "".
Respond with ONLY a JSON array, no other
text, in this exact format: [{"question":
"<question text as it appears>",
"answer": "<answer text, or
empty string>"}, ...]

Document: [the rendered representation]”
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Model Provider Requested ID Reasoning setting

Claude Sonnet 5 Anthropic claude-sonnet-5 thinking: adaptive, effort: low
GPT-5 OpenAI gpt-5 reasoning_effort: low
Qwen3.6-27B Groq qwen/qwen3.6-27b reasoning_effort: default
Gemini 3.7 Flash Google gemini-3.7-flash thinking_level: low

Table 5: Exact requested model identifiers and reasoning settings, held constant across all conditions and rounds.
Temperature: Claude and GPT-5 reject any explicit value (omitted); Qwen and Gemini use 0.0. Max output tokens:
Claude 128,000 (provider ceiling, required explicitly by the API); GPT-5 and Gemini use the provider default
(uncapped); Qwen is capped at 16,384, Groq’s own hard per-call maximum for this model. All Round 3 (primary)
calls were made on 2026-09-03.

Round 1 input-specific paragraph, flat and
raw conditions (Round 1 only; Rounds 2 and
3 use one paragraph for all conditions, below).
Flat: “Below is a JSON list of labeled text spans
extracted from a scanned form. Each span has
a ‘text’ value and a ‘label’ of ‘question’ (a field
name), ‘answer’ (a field value), ‘header’ (a section
title), or ‘other’. The spans are NOT linked to each
other, you must match each ‘question’ span to the
‘answer’ span you judge most likely to be its value,
based on the text content, position (each span in-
cludes its ‘box’ pixel coordinates), and typical form
layout conventions.” Raw: “Below is the plain text
content of a scanned form, listed in reading order
(top-to-bottom, left-to-right). It has no field labels
or structure markup, you must recognize which
parts of the text are field labels (‘questions’) and
which are their corresponding values (‘answers’)
yourself, based on the wording and layout implied
by the reading order.”

Round 1 input-specific paragraph, graph con-
ditions. (Rounds 1 and 2 labeled the Heuristic and
Deranged conditions “Predicted” and “Shuffled”.)
“Below is a JSON structure of labeled text spans
extracted from a scanned form, plus a ‘links’ list
of [id, id] pairs indicating which spans the docu-
ment’s structure connects (typically a question span
to the answer span that follows it). Each span has
a ‘text’ value and a ‘label’ of ‘question’, ‘answer’,
‘header’, or ‘other’. Use the given links as your
primary guide to match each ‘question’ span to its
answer, but note that this linking structure was pro-
duced automatically and may contain errors, if a
linked answer’s text doesn’t plausibly correspond
to its question, use your own judgment about the
document’s content instead of following the link
blindly.”

Round 2 input-specific paragraph (all five con-
ditions, condition-blind but under-explained;
Appendix A discusses its no-edge failure). “Be-

low is a machine-readable representation of one
scanned form. Use it to identify each field name
(a ‘question’) and the value that answers it (an ‘an-
swer’).”

Round 3 input-specific paragraph (all five con-
ditions, primary throughout the main text). “Be-
low is a machine-readable representation of one
scanned form. The representation may include
structural information such as span labels, posi-
tions, or links between spans, depending on how
the document is represented. A link, when present,
associates a question span with an answer span.
Some question spans do not have an associated
link. For each field name (a ‘question’), determine
the value that answers it (an ‘answer’) using all
information available in the representation below.”

B Scoring examples

Table 6 shows how the scorer of Section 3.5 treats
typical answers, using the constructed form of Ta-
ble 2 extended with a two-line answer. Two exam-
ples need a note. A multi-entity answer is scored as
one string, so giving only the first line is incorrect
and, since that line belongs to the question’s own
gold answer, is not counted as a misassociation.
A misassociation requires that the answer match
an entity of a different field, so copying “Acme”
for Name is a misassociation but inventing “Acme
Corp.” for Name is a hallucination.

C Background: Raw Text versus Flat
Structuring

Moving from raw text to flat, typed, laid-out
entities produces a large gap under Round 2’s
condition-invariant prompt, 14.8 (Gemini) to 23.0
(Claude) points, all Bonferroni-significant across
the four models. This is a representation compar-
ison, changing segmentation, labels, layout, and
serialization together, not an isolated test of “se-
mantic structure” alone.
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Question Gold answer Model answer Score

Name J. Smith j. smith correct (exact after normalization)
Name J. Smith J Smith correct (fuzzy, ratio ≥ 85)
Name J. Smith (blank) omission
Name J. Smith Acme misassociation (matches Brand’s answer)
Name J. Smith Acme Corp. hallucination (matches no field)
Address 12 Main St. Ohio 12 Main St. incorrect, hallucination (partial; own entity ex-

cluded)
Address 12 Main St. Ohio 12 Main St. Ohio correct (both lines)

Table 6: Scoring examples on constructed answers. Accuracy counts only correct rows.

Condition Claude GPT-5 Qwen Gemini

Raw 53.1 57.5 55.8 64.1
Flat 76.1 79.7 77.9 79.0

Table 7: Round 2 background comparison, not part of
the primary Round 3 evaluation (Appendix A).

D Exploratory prompt-regime sensitivity,
full figure

E Additional statistical analyses

E.1 Dataset and representation details
The heuristic’s 35-document validation-subset pre-
cision and recall (0.53, 0.43) come from 305 true
positives of 576 predicted and 716 gold edges. The
degree-preserving derangement can occasionally
map an edge back to a technically correct target
(7 of 2,609 edges) or to a different entity whose
text happens to duplicate the gold answer’s text,
most often a repeated date or form number (84 of
2,609); both are disclosed and excluded from any
diagnostic that requires a genuinely wrong, text-
distinguishable edge (Section 3.2).

Model ∆ (pp) Bonf. CI

Claude +22.8 [17.9, 28.1]
GPT-5 +9.1 [5.9, 13.5]
Qwen +27.9 [22.6, 33.2]
Gemini +21.1 [15.9, 26.8]

Table 8: Oracle−Heuristic, the same intersection-of-
scorable-documents contrast as Table 4, four-test fam-
ily (98.75% per-comparison CI). All four tests exclude
zero.

Contrast vs. ∆ (pp) Bonf. CI

Heuristic−Flat Claude +13.8 [5.6, 20.7]
Qwen +17.6 [11.4, 23.7]
Gemini +14.6 [7.1, 21.4]

Deranged−Flat Claude +23.8 [13.6, 33.6]
Qwen +24.0 [13.8, 34.0]
Gemini +7.3 [0.1, 13.9]

Table 9: GPT-5 interaction contrast: GPT-5’s own
(contrast−Flat) delta minus each other model’s same
delta, six-test family (99.17% per-comparison CI). Pos-
itive values mean GPT-5 is less affected than the com-
parison model.

Condition Model R1 R3 ∆ (Bonf. CI)

Deranged Claude 0.8% 28.2% +27.4 [19.7, 35.8]
GPT-5 0.1% 1.2% +1.1 [0.2, 2.3]
Qwen 0.8% 31.1% +30.3 [21.5, 39.0]
Gemini 0.1% 11.0% +11.0 [6.2, 16.3]

Heuristic Claude 4.8% 25.7% +21.0 [14.8, 27.8]
GPT-5 3.2% 7.0% +3.9 [1.6, 6.6]
Qwen 5.0% 30.8% +25.8 [18.5, 33.3]
Gemini 2.0% 21.6% +19.6 [12.9, 27.0]

Table 10: Wrong-edge-consistency rate, Round 1 (R1)
vs. Round 3 (R3), restricted to documents scored in both
rounds, four-model family (Bonf. CI). Every model’s
increase excludes zero.

Metric Model Round 2 Round 3 ∆ R3−R2 (Bonf. CI)

No-edge blank Claude +4.6 +24.0 +19.5 [13.2, 26.5]
penalty GPT-5 +4.8 +8.2 +3.4 [−2.2, 10.3]

Qwen +41.3 +31.9 −8.7 [−17.6, 0.0]
Gemini +35.2 +30.1 −5.1 [−15.2, 4.3]

Misassociation Claude +8.6 +21.4 +12.8 [7.5, 18.3]
delta GPT-5 +2.2 +3.4 +1.2 [−1.1, 3.8]

Qwen +23.9 +17.9 −5.9 [−12.6, 0.4]
Gemini +15.4 +16.2 +0.8 [−5.3, 7.0]

Table 11: No-edge blank penalty and edge-wrong misas-
sociation delta (both, Heuristic minus Flat, matched on
the relevant bucket’s questions), Round 2 vs. Round 3,
and their bootstrapped Round3−Round2 change (four-
model family, Bonf. CI). Round 2 and Round 3 values
are each individually Bonferroni-significant against zero
for every model (CIs not shown here).
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Figure 3: Wrong-edge-consistency rate (among appli-
cable wrong-edge questions) across Rounds 1, 2, and
3, by model, for the heuristic and deranged graph con-
ditions separately. Grouped bars, not a continuous line,
since the three prompt regimes are qualitatively distinct
rewrites, not points on a single dose axis. See Sec-
tion 4.3 for discussion.
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