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Abstract

Key information extraction (KIE) from visually rich documents must iden-
tify field values, establish that each value comes from the correct document
region, test schema and cross-field constraints, and support interpretable cor-
rection after verification failure. Existing document models improve candidate
generation, but usually manage candidate values, locatable evidence, verifica-
tion states, and repair actions separately. We introduce VGA-KIE, a modular
post-hoc reliability method that couples three mechanisms as field-level state
transitions. An evidence-grounded field state defines the object to be diagnosed.
Typed failure diagnosis converts constraint violations into repair conditions.
Failure-conditioned repair with re-verification permits a state transition only
after renewed evidence linking and verification against the same constraints.
Under a shared protocol, LayTokenLLM-8B with VGA-KIE achieved Field-F1
scores of 94.91, 99.17, and 98.86 on FUNSD, SROIE, and CORD. Against direct
extraction from the same frozen candidate cache, mean Field-F1 increased from
93.49 to 97.65. VGA-KIE released 4,475 of 4,720 target fields, reached 92.8%
Evidence Accuracy and 87.9% Verification Failure F1, and produced a 2.7%
Unsupported Output Rate, 70.5% Repair Success, and 2.1% False Repair Rate
at 1.32x post-hoc latency. The paired comparison and component ablations sup-
port the combined reliability layer under the evaluated protocol. They do not



establish per-class optimal diagnosis, candidate-generator-independent gains, or
priority for any individual grounding, verification, or repair operation.

Keywords: key information extraction; visually rich documents; layout-aware
document understanding; evidence grounding; verification; failure-conditioned repair

1 Introduction

Visually rich documents, including forms, receipts, invoices, purchase orders, con-
tracts, and business reports, remain structurally difficult objects in document analysis
and recognition. FUNSD formulates noisy scanned forms as a form-understanding
task [1], whereas SROIE evaluates optical character recognition (OCR) and KIE from
scanned receipts [2]. Graph-based extraction and LayoutLM show that relative posi-
tion, visual layout, and two-dimensional coordinates affect field interpretation [3, 4].
FormNet further shows that serializing forms as plain text loses local structure and
key-value relations [5]. CORD frames products, prices, and summary fields as a post-
OCR parsing problem [6]. KIE from visually rich documents therefore depends on the
interaction among physical structure, logical structure, and semantic interpretation.

Document understanding has progressed from sequence labeling to layout-aware
pretraining, generative document language models, and OCR-free multimodal mod-
els. DocLLM combines text tokens with bounding boxes so that a language model
can reason over spatial layout [7]. LayoutLLM brings visual, textual, and layout
information into a large language model through document-understanding instruc-
tion tuning [8]. Donut removes the external OCR stage to reduce propagation of
recognition errors into structured generation [9]. mPLUG-DocOwl 1.5 emphasizes uni-
fied structure learning for OCR-free document understanding [10]. LMDX and See
then Tell connect extracted entities to document regions or image evidence [11, 12].
These advances establish modern KIE as a document-structure problem rather than
a text-only extraction task.

Stronger candidate generation does not by itself provide auditable reliability. A
generative model can return valid JSON while selecting the wrong region, confusing
adjacent fields, violating table structure, or generating a value absent from the docu-
ment. RealKIE, UNIKIE-BENCH, and re-evaluations of text-and-layout models show
that schema variation, long-tail fields, complex layouts, and real semantic boundaries
amplify these errors [13-15]. Candidate values, evidence, failure reasons, and repair
decisions also tend to reside in separate components. This separation prevents them
from forming a unified field state with auditable transition rules.

VGA-KIE (Verification-Guided Agent for Key Information Extraction) addresses
this coupling gap. VGA-KIE is a modular post-hoc reliability layer, not another
candidate encoder. Its method-level distinction is to use evidence support as a
state condition, the dominant failure type as the condition for a local action, and
re-verification after renewed grounding as the final acceptance gate. OCR-based
extractors, layout-aware language models, and OCR-free multimodal large language
models (MLLMs) can enter through a common candidate interface. This interface



provides architectural compatibility; the performance claims remain limited to the
evaluated candidate condition.
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Fig. 1 Candidate-only KIE and the VGA-KIE reliability loop. Panel a shows OCR-based, layout-
aware, and OCR-free extractors producing field candidates and generator scores without a complete
field-level evidence, verification, or decision trajectory. Panel b groups the missing reliability informa-
tion into evidence-grounding, schema or layout, and consistency or decision failures. Panel ¢ shows
VGA-KIE constructing an evidence-grounded field state, applying typed failure diagnosis, and updat-
ing the state through failure-conditioned repair with re-verification. Each final field state records a
value, evidence, reliability score, verification state, failure reason, and repair history.

VGA-KIE follows an Extract, Ground, Verify, Repair, and Verify Again loop. The
parser first converts a document into OCR . tokens, text lines, text blocks, table cells,
and layout regions, then organizes these observations as a layout-aware heterogeneous
graph [3, 16]. A schema-guided extraction component supplies the top-k candidates
for each target field.

The grounding module links every candidate to a token span, text block, table
cell, or image region [11, 12]. The verifier tests format, spatial, semantic, evidence,
cross-field, and table-structure constraints. When verification fails, the repair module
applies a local action conditioned on the dominant failure reason, repeats evidence
grounding, and verifies the updated candidate. The output records the value, evidence,
reliability score, verification state, failure reason, and repair history.

The three contributions form one design chain that links evidence state, failure
conditions, and re-verification gating:

1. AEvidence-grounded field state.:VGA-KIE stores the field value, locatable
evidence, reliability score, verification state, failure reason, and repair history as



one object, making evidence a precondition for state transition. Evidence Accuracy,
Unsupported Output Rate, and the evidence-linking ablation test this role.

2. Typed failure diagnosis. VGA-KIE converts format, spatial, evidence, semantic,
cross-field, and table-structure constraints into a verification state and dominant
failure condition. The evidence consists of binary Verification Failure F1 and the
typed-verification ablation; it does not establish per-class F1 for all six failure types.

3. Failure-conditioned repair with re-verification:VGA-KIE maps the failure
condition to a budgeted local action and uses renewed evidence linking and re-
verification to limit harmful updates. Repair Success, False Repair Rate, and the
repair and verify-again ablations test its benefit and risk.

2 Related Work

2.1 Layout-aware representation and structural modeling for
KIE

Early work on KIE from visually rich documents addressed the loss caused by reduc-
ing a two-dimensional page to a one-dimensional text sequence. Graph convolution
for multimodal information extraction showed that relative positions among text seg-
ments, table regions, and visual layout relations directly affect entity recognition [3].
This result motivates representing a document as a structured object with textual,
visual, and layout relations.

FormNet uses Rich Attention and Super-Tokens to recover local structure around
tokens, reducing the information loss caused by serializing complex forms [5]. BROS
strengthens text-layout pretraining for KIE [17]. LayoutLMv2 advances multimodal
pretraining across visual, textual, and layout signals, while LayoutLMv3 unifies text
and image masking objectives [18, 19].

The same line of work extends to multilingual and unified document modeling.
LayoutXLM supports multilingual visually rich document understanding [20]. TILT
and DocFormer combine text, images, and layout [21, 22]. StrucTexT and UDOP
target structured text understanding and general document processing [23, 24]. These
models support VGA-KIE’s upstream assumption that field extraction depends on
layout relations, but they do not constitute a verification and repair loop.

Layout-aware models elevate layout from an external feature to an internal rep-
resentation. Their main objective remains the accuracy of entity labels, field values,
or key-value pairs. They do not necessarily determine whether a prediction has locat-
able evidence, whether that evidence satisfies schema and contextual constraints, or
whether a structural error can be diagnosed and repaired. VGA-KIE uses the docu-
ment graph for candidate search, evidence linking, constraint verification, and repair
decisions. Layout relations therefore become inputs to reliability decisions as well as
encoding features.



2.2 Document language models, prompting, and candidate
generation

Large language models extend KIE from specialized taggers to generative document
reasoning. DocLLM combines text tokens with bounding boxes and uses disentangled
spatial attention and infilling pretraining to reason over complex layouts [7]. Layout-
LLM connects visual, textual, and layout information to a language model through
instruction tuning for classification, extraction, and question answering [8]. A Bound-
ing Box is Worth One Token represents each bounding box as a language-model token
[25]. LayTokenLLM further develops layout tokens as a spatial representation for
document language models [26].

Other methods improve extraction without training a new foundation model.
SAIL selects in-context examples using entity-level textual and layout similarity in
a training-free setting [27]. Its results show that layout-similar examples can help
a language model distinguish entities with similar geometry but different meanings.
Language priors alone are therefore insufficient; document extraction also depends on
structure-sensitive context.

These methods show that LLM and MLLM extraction benefits from explicit doc-
ument structure. Their generated outputs nevertheless remain candidate hypotheses.
Valid JSON does not ensure that a field comes from the correct region, satisfies
the schema, or remains consistent with related fields. VGA-KIE places LLMs and
MLLMs at the candidate-generation interface. Grounding, verification, and repair then
determine which candidates enter the structured output.

2.3 OCR-free multimodal understanding and evidence
localization

OCR-free document understanding generates structured answers directly from doc-
ument images. Donut shows that end-to-end image-to-text modeling can reduce the
propagation of external OCR errors [9]. DocParser applies this approach to information
extraction from visually rich documents [28]. mPLUG-DocOwl 1.5 emphasizes unified
structure learning [10], and mPLUG-DocOwl12 targets high-resolution compression and
multi-page document understanding [29].

Evaluations of GPT-4V and OCRBench show that general multimodal models
remain limited on complex OCR, table-structure recognition, and document informa-
tion extraction [30, 31]. Nougat and Pix2Struct represent neural academic-document
parsing and screenshot parsing, respectively [32, 33]. Image-to-structure generation is
an important route, but it does not replace field-level evidence verification.

OCR-free generation also exposes a sharper reliability problem: a fluent field value
can lack an auditable evidence chain. See then Tell uses visual grounding to localize the
relevant image region before answering [11]. LMDX identifies missing layout encoding
and grounding as central obstacles to document extraction with language models,
then uses segment identifiers to support entity localization and hallucination filtering
[12]. These methods make region-level localization a core requirement for document
extraction.



VGA-KIE follows the evidence-localization principle and assigns grounding a
broader role. Evidence is an input to verification rather than an attached visualization.
A candidate must satisfy text matching, layout-path, schema-compatibility, cross-field,
and table-structure constraints. Grounding failure, spatial mismatch, unsupported
value, and table-alignment error can therefore condition different repair actions.

2.4 Real-world evaluation and field-level reliability

High scores on standard KIE benchmarks do not directly imply reliable extraction
from real documents. EC-FUNSD shows that models can exploit spurious correla-
tions when annotation granularity differs from real semantic entities [15]. DocVQA
extends document-image understanding to visual question answering, where layout,
text, and semantic reasoning interact [34]. Kleister targets long documents with com-
plex layouts[35]. RealKIE adds enterprise documents, sparse fields, and realistic OCR,
noise [13]. UNIKIE-BENCH reports that schema variation, long-tail fields, and com-
plex layouts reduce multimodal-model performance, while grounding accuracy and
layout-aware reasoning remain open challenges [14].

This evidence shifts evaluation from asking which model has the highest F1 to
asking why a model fails and whether the failure can be detected. Most benchmarks
emphasize field exact match, entity F1, or document accuracy. They less often report
evidence localization, verification-failure detection, repair success, and harmful repair.
KIEval likewise argues that KIE quality requires more detailed evaluation than a
single field-matching score [36]. In receipts, contracts, purchase orders, and financial
documents, an erroneous field without evidence or a failure state can be riskier than
an omitted field.

VGA-KIE complements existing KIE methods after candidate generation. Layout-
aware models supply structured candidates [3]-[5], grounded extraction links values to
document regions [11, 12], and real-world benchmarks reveal reliability failures under
complex layouts and long-tail schemas [13]-[15]. VGA-KIE adds a unified transition
rule across these functions: evidence determines whether a field has a diagnosable state,
the failure type restricts the permitted repair actions, and re-verification determines
whether the repaired state is released, rejected, or withheld as uncertain.

3 Task Definition

3.1 Atomic field instances and the initial candidate interface

VGA-KIE is a post-hoc reliability layer for KIE from visually rich documents. Let
the input document be D = (Ii,...,Ip), where I, is the image of page p, P
is the page count, and a single-page document has P = 1. The jth atomic field
request is ¢; = (D, s;, k). Here, k; is a reproducible instance key. A single-valued
field uses x; = 1, while repeated entities, table rows, and hierarchical fields use an
entity index, row index, or canonical structural path. The atomic request sequence
is @p = (¢1,...,¢m). Multiple instances of one schema field use different x; values,
allowing the same definition to represent fixed, repeated, and hierarchical fields.



The parser converts the document into the multigranular observations X =
P(D) = (Xtok; Xiine, Xblocks Xcell; Xvis). In an OCR-based setting, token i is x§°k =
(w;, bi, 04,p;). Its four components are the recognized text, bounding box b, =
(z},yl, 27, y2), OCR score, and page index, with o; € [0,1]. Text lines, text blocks,
table cells, and reading order form the structural observations. Visual regions or pro-
posals from OCR-free models enter the visual-observation component. The interface
can receive token-level layout analysis [37], table-structure parsing [38, 39], and pre-
trained OCR [40], but treats every parser output as a noisy observation rather than
field truth.

The instantiated schema aligned with the atomic request sequence is S =
(s1,--.,8m). Request ¢; = (D, s;,k;) uses the field descriptor s;, defined as s; =
(nj, A;,75,®;,9;,11;). Its six components are the canonical field name, alias set,
value type, formatting and normalization constraints, cross-field or table-structure
constraints, and spatial priors. Repeated instances can share one descriptor and use
; to identify each occurrence.

A replaceable upstream adapter C;») =I'(D, X,q;), K; < K, supplies an ordered
initial candidate pool for every atomic request. K; is the actual number of initial
candidates for request j, and K, is the common maximum candidate budget. The
minimum representation of candidate [ is ¢j; = (vj;i, Bji, m;;1), which stores its value,
initial region hint, and upstream ranking score 7j;. Section 2.1 adds schema-trigger
evidence and local context. When an upstream system returns only one candidate,
K. = 1. The adapter normalizes upstream outputs and is not part of the post-hoc
operator parameters. Its replaceability establishes interface compatibility, not verified
gains across candidate generators.

3.2 Evidence-bearing outputs and release semantics

VGA-KIE builds a document graph G' from X and returns y; = (v, Ej, pj, 25,75, H;)
for each atomic request from the locatable evidence space. The tuple contains the
normalized field value vj;, supporting evidence E; C E(G), final reliability score
p; € [0,1], verification state z; € {pass,fail, uncertain}, dominant failure reason
rj € Riait U{none}, and repair history H;. The upstream score 7;;, grounding support
score g;;, and final score p; serve candidate ranking, evidence gating, and release deci-
sions, respectively. None is interpreted as a probability of correctness unless calibrated
separately.

Each item in E; satisfies ej;, € E;, 1 < k < K]e The evidence item ej;, =
(Pjks bk, K, aji) records the page index, evidence region, evidence text or visual-
region description, and source type. Source types include token span, line, block, table
cell, key-value path, and image region. Evidence must be relocatable through document
coordinates or a structural path. A language-model explanation without a locatable
region is not valid provenance.

For a candidate-evidence pair, the grounding gate produces the internal support
label uj; € {supported, unsupported}. The unsupported label means that the current
candidate cannot be linked to evidence that satisfies the localization requirements.
It is an intermediate candidate label rather than a final verification state z;. It can



trigger evidence expansion, candidate replacement, or local repair, but cannot directly
trigger release.

Each final state has one action semantics. Pass means that the value, evidence,
and constraints satisfy the release conditions. Fail denotes a definite violation of a
critical constraint or the absence of an acceptable candidate after exhausting the
repair budget. Uncertain denotes evidence insufficient for release but insufficient for
a definite failure decision. The downstream action is Release(y;) = (v;, Ej, p;) if
zj = pass Awvj # O A Ej # () for pass and Release(y;) = 0 if z; € {fail, uncertain}
for fail or uncertain. Fail rejects the field and uncertain abstains. Both retain internal
candidates, failure reasons, and repair trajectories for auditing or human review.

3.3 Inference objective and evaluation boundary

Let the initial candidate pools for all atomic requests be C° = (C¥,...,CY) and
the verification-rule family be Q. For request j, conditional repair forms the feasible
candidate domain C’j = C]Q U Rj(C’JQ, G,Q), Kj < K, under budget K,, where K7 is
the actual number of repair candidates. The core post-hoc reliability operator is

Y = F(D,X,5C°Q;0) = (y1,.-,Ym)

The parameter set © contains only the internal parameters for graph construction,
evidence linking, verification gating, and the repair policy. It excludes parser P and
initial candidate adapter I'. The full framework first uses P and I" to produce X and
the initial candidates, then uses F' to select or repair candidate-evidence pairs. A paired
experiment with a shared frozen candidate cache estimates the post-hoc contribution
of F without attributing candidate-generation quality to that contribution.

For evaluation, a frozen protocol maps annotations and predictions to the atomic
key (D, s, k) and constructs the test inventory Q. Single-valued fields use fixed instance
keys, repeated entities use entity or row keys, and hierarchical fields use canoni-
cal structural paths. An unmatched gold instance is a missing prediction, and an
unmatched predicted instance is a false positive. The release set is A = {¢g; € Q :
zj = pass Avj # O A E; # 0}. Field-F1 treats z, € {fail, uncertain}, v, = 0, and
empty evidence as missing predictions. Acceptance Coverage reports the released scope
separately. Section 5.4 specifies the mapping rules and denominators.

The internal label u;; controls grounding and repair only. Unsupported Output
Rate is independently audited over released, non-empty outputs by a frozen exter-
nal evidence matcher and does not reuse that label. An initially wrong field that
becomes correct with external evidence is wrong—-correct. An initially correct field
that becomes wrong after post-hoc processing is correct—wrong. These transitions
define Repair Success and False Repair Rate in Section 5.



4 VGA-KIE Method

4.1 From one-shot extraction to verification-constrained
inference

Section 3 defines VGA-KIE as a post-hoc reliability layer over atomic field requests.
Given document D = (1, ..., Ip), multigranular observations X, target schema S =
(81,---,8m), initial candidate pools C° = (C?,...,CY), and verification rules Q, the
core operator returns y; = (vj, Ej, pj, 2,75, Hj) for each request. A field is released
only when its evidence is non-empty and relocatable, its constraints are testable, and
its state is pass. Fail causes definite rejection and uncertain causes abstention; both
retain diagnostic information.
The post-hoc reliability operator is

Y = F(D,X,5C°Q;,0) = (y1,.,Ym)-

O collects the internal parameters for graph construction, evidence linking, verification
gating, and the repair policy. Parser P and initial candidate adapter I" remain replace-
able upstream components. The full system first produces X and the initial candidate
pools, then executes Graph Build, Ground, Verify, Repair, and Verify Again. Candi-
date values come from the external interface; the document graph, evidence state, and
repair transitions belong to F'. The paired experiment with a shared frozen candidate
cache estimates only the post-hoc increment of F'.

m

Y* = arg max Z [/\CSc(cj | G, s;)
YeY(D,S) j=1 (1)

+ )\gSg(Cj,Ej | G,Sj) + /\USU(CJ‘,E]‘7SJ‘;Q) — /\hCrep(Hj)

s.t. Cj GCj, Ej gE(G), Zj:VZ(Cj,Ej,Sj;Q), j=1...,m. (2)
In Equations (1) and (2), S. measures candidate-generation compatibility, S, measures
grounding support from document evidence, S, measures verification-rule satisfaction,
and C,.p, measures repair cost or trajectory complexity. The weights Ac, Ag, Ay, An
control their relative contributions. The objective combines candidate score, locatable
evidence, constraint satisfaction, and interpretable repair. Candidate generation does
not decide final acceptance by itself.

The three mechanisms form a functional dependency chain. The evidence-grounded
field state defines a diagnosable object, typed failure diagnosis supplies the condition
for action selection, and re-verification decides the post-repair transition. Equations
(1)—(14) define the state, structure, and evidence interfaces; Equations (15)—(18) define
verification gating; and Equations (19)—(29) define repair transitions and stopping.
The common candidate interface provides architectural compatibility but does not
establish stable gains across candidate generators.
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Fig. 2 VGA-KIE framework. Replaceable interfaces supply parsed observations and an initial can-
didate pool. The candidate module denotes interface adaptation and candidate caching, not a newly
validated general candidate generator. The core reliability operator constructs a layout-aware graph,
links candidates to textual, tabular, or visual evidence, and derives states and failure reasons from
format, spatial, evidence, semantic, cross-field, and table-structure constraints. Conditional repair
expands the local candidate domain only for fail or uncertain requests, and every repaired candidate
undergoes renewed grounding and verification.

4.2 Multigranular OCR and layout observations

The parser converts a visually rich document into X = P(D) =
(Xtok, Xiines Xblocks Xcell, Xvis). In an OCR-based setting, page I, contains the token
sequence Xio = (4%, ... ,xﬁ(}r), where 2t = (w;, b;, 0;,p;). The normalized bound-
ing box is b; = (z},y}, 2%,9?), the OCR score satisfies o; € [0,1], and p; is the page
index. OCR-free models do not need to fabricate tokens; their visual regions and pro-
posals enter X;s. Graph construction, grounding, and verification then share the same
observation interface.

For a raw bounding box b®% = (z} y},2?,4?)), the normalized geometric
representation is

b (o @y
1 T Wp?Hp’Wp’Hp )
a; = (xgvyfawi,ﬁi)a

_aita} o nityl (3)

c

Ty = 2Wp ’ Yi = 2Hp )

G BT vy

1T ’ (2 .
WP HP

Text lines and blocks follow from geometry and reading order rather than string
concatenation. Tokens ¢ and k enter the same candidate line when they satisfy

10



vertical-overlap, baseline-distance, and horizontal-gap conditions. Indentation, vertical
spacing, and column structure then group lines into text blocks.This process produces
the partial reading-order relation <,..A partial order represents tables, multi-column
layouts, receipt regions, and footers more accurately than one global sequence.

i ~ine k<= ToUy(b;, by) > 0, A |base(i) — base(k)| < & A gap,(i,k) < .. (4)

The relation I, <, I;) depends on page index, the two-dimensional ordering func-
tion ordersp, and column structure. It is therefore a partial order rather than a
one-dimensional concatenation.

Table regions are represented by the cell set Xeen = {(u,row(u), col(u), by, Ty)}-
When an external parser supplies table boundaries, row and column indices, or merged-
cell relations, these structures enter the graph directly. When it supplies only text
tokens, VGA-KIE estimates candidate cells from ruling lines, alignment patterns, and
repeated spacing. Detected boxes, attention regions, or visual proposals from OCR-
free and visual multimodal models can form X, but each field candidate must still
map to a traceable page region.

The parser outputs an uncertain observation layer rather than plain text. OCR
errors, omissions, table-structure mismatches, and region offsets remain available to
later verification and repair. This design reflects real document-analysis settings, where
parsing, layout, and semantic errors interact.

4.3 A layout-aware heterogeneous document graph

The core operator builds the layout-aware heterogeneous document graph G =
(V,L,$,v, Xy, W). V is the node set, L is the link set, ¢ : V — A, and ¢y : L — A,
assign node and link types, Xy = (2, : u € V) is the node-attribute family, and W
contains relation weights. Nodes represent OCR tokens, text lines, text blocks, table
cells, candidate keys, candidate values, page regions, and visual proposals. Equation
(5) uses o, for OCR information. Token nodes retain their original OCR score, line,
block, and cell nodes use an aggregate over their tokens, and visual or non-text nodes
use an explicit missing marker. Xy denotes graph-node attributes and remains distinct
from document-level observations X.

V = Viok U Viine U Vilock U Veenn U Vkey U Vi U V}egv (5)

Loy = [embtxt (u)7 embgeo(bu)§ embtype(¢(u))§ embpage (pu)§ embocr(ou)] .

To avoid collision with the field evidence set E;, graph links are partitioned by
relation type as L = Lgpa U Lyead U Lhier U Ltab U Lgem U Lgch. Spatial links encode
left-of, right-of, above, below, near, and overlap. Hierarchical links connect token, line,
block, cell, and page nodes. Table links represent same-row, same-column, same-cell,
and header-to-value relations. Schema links connect field aliases to potential key and
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value triggers.

wi) = o (v fr(u,0)),

(6)
Fo(1,0) = [10U(bus by)s exp ( — digeo ()3 it (s 0): [, v) = 7]
For each field s;, VGA-KIE constructs the schema-conditioned h-hop neighborhood
Nj(s;) to obtain field-relevant local context. The key nodes that match field aliases
are

O; = {u € Viey : sim(alias(u), A;) > Talias }- (7)
Np(sj)={ueV: lzngl distg (u, k) < h}. (8)
€0;

The symbol h denotes neighborhood radius and remains distinct from failure reason
r;. The neighborhood restricts candidate search to regions related to field semantics
and expected layout while preserving relations across lines, cells, and blocks.

When the downstream model supports graph encoding, relation-aware message
passing can update node representations. When the candidate generator is an LLM or
MLLM, the graph remains a retrieval, constraint, and verification layer. The structural
context at layer [ is

R =g | WorlD + > > apuWihl) |
r€Ac vEN, (u) (9)

Oy = bvoefztvrfl(i)){ (aT {hg); AV emb(r); Abu,UD .

This representation makes layout a computable and query able structure. Candidate
extraction, evidence linking, and verification operate over the same graph rather than
maintaining separate document representations.

4.4 Schema-guided candidates preserve alternative hypotheses

For atomic request ¢; = (D, s;, k;), adapter I' supplies the traceable initial ranked
candidate pool C'J(-J = I'(D,X,q;), K; < K. Candidate ! is extended to ¢;; =
(vji, Bji, mji, a41,&1), whose five components are the field value, candidate region
or region set, generator score, schema or key trigger evidence, and a local context
summary. K; is the actual candidate count, K, is the maximum candidate budget,
and K, is the repair budget. I' retains ranked candidates within the initial budget,
exposing upstream uncertainty. VGA-KIE uses the repair budget to expand the can-
didate domain only under a diagnosed failure condition. When the top candidate
fails evidence or constraint tests, a lower-ranked or locally repaired candidate enters
re-verification.

Schema s; = (n;,A;,7;,®;,¥;,II;) supplies semantic aliases, a field type, for-
matting rules, cross-field constraints, and spatial priors. A; matches key phrases. 7;
defines the type domain, including dates, amounts, addresses, and identifiers. ®; spec-
ifies normalization and format constraints. ¥; declares cross-field dependencies such
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as total ~ subtotal + tax — discount, and II; declares key-value relations such as
right-of-key, below-key, and same-row-in-table.

Cj = TopKg {c € CF | qp(c | G,sj; Nul(s;)},
ag(c | G, s5; Ni(sj)) o< exp {fe(@ G, 553 Ni(s5)) + piktype(c, 75) + pzkgeo(c, IL;) - (10)

+U3Kalias (Cv Aj ) } .

The candidate function fy can use graph retrieval, sequence labeling, a layout-aware
LLM, an MLLM, or a heuristic extractor. Ktype, Kgeo, Falias MeasUres type consistency,
agreement with spatial priors, and alias-trigger consistency. The candidate generator
proposes hypotheses; grounding and verification filter them.

Table fields also require row and column consistency. When field s; is a line-item
attribute, the candidate is the tuple ¢ = (v,row, col, B) rather than one value span.
Its score combines cell text, column-header semantics, and same-row entity relations
to prevent values from adjacent or summary rows from entering the target field.

Stab (¢, s5) = m sim(col_header(c), A;) + 12 coh_row(c) + 13 sim_cell(v., 7;)

4 (11)
+ narel_table(c, ¥;), m >0, an =1
=1

4.5 Evidence-grounded field states link values to page regions

Evidence grounding separates VGA-KIE from ordinary generative KIE. For candidate
¢ji, the framework must find at least one supporting region Ej;; C E(G) in evidence
space F(G). Evidence can be a token span, text line, text block, table cell, key-
value path, or image crop. VGA-KIE defines grounding as joint alignment among a
candidate value, field schema, and document region, not as a bounding box attached
after extraction.
E](-l*) = argmax S, (cjhE, S5 G),
ECE(G), |E|I<M
(12)

ecE

The term Q,0q(E) penalizes redundant or conflicting evidence regions. Each evidence
score combines textual, spatial, and semantic agreement with schema compatibility
and structural-path consistency:

56(07 €, Sj) = wlMtxt(Um Te) + w2Mbox<BC7 Be) + W3Msem(ca 6) + W4Msch(€, Sj)

: (13)
+ w5Mpath(c, e, G), Wi Z O7 Zwi =1.
i=1

My measures normalized agreement between candidate and evidence text, and My, ox
measures geometric overlap or proximity. Mg, measures semantic similarity, Mgy
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tests field-type and alias conditions, and Mpatn measures path support between the
candidate and a key, table header, or contextual field. Evidence for an invoice total,
for example, should contain the amount and have a plausible layout path to a key
such as total, amount due, or grand total.

Candidate-evidence grounding support is g; = O'(Sg(le, Ej, sj)) When g;; < 7,
VGA-KIE assigns u;; = unsupported, and the candidate cannot transition directly
to pass. When text matching is weak but visual regions, table paths, or cross-
field constraints provide partial support, the verifier can return uncertain. Internal
label uj; controls candidate filtering and repair only. Unsupported Output Rate is
independently audited over released outputs by a frozen external evidence matcher.

When a dataset provides entity boxes or field-region annotations, the grounding
module can use supervised training. Without region labels, it can use weak supervision
or heuristic alignment. A supervised grounding loss is

Lground = Lpos + )\negLrankv

Lyw== 3 logp(e" [e.). ple]c.s) = softmaxSe(c.c.) "

c*,s*,et

Liank = Z max (0, Myank + Se(c, e, 8) — Se(c, et s))

e

4.6 Typed failure diagnosis tests multiple constraints

The verifier maps candidate ¢, evidence E, and field schema s; to V(c, E,s;;8) =
(2(c),r(c), p(c)). Here, z is the discrete verification state, 7 is the dominant failure
reason, and p is the final reliability score. VGA-KIE formulates verification as multi-
constraint consistency. Every rule w,, € € produces a normalized satisfaction value
R, (c, E,s;) € ]0,1] and violation magnitude A, (c, E,s;) =1 — Ry, (c, E, s;).

R(Q E, Sj) = [Rfmt) Rspay Revi, Rsem), Reross, Rtab} s A’"L(Cy E, Sj) =1- R,,L(C, E, Sj);
6
Su(c, B, 5559 = > BumRm(c, B, 8;) — Poair(c, B, 55),
m=1

Ppair = Z Bm,nmax {0, Ap, + A, — €}, (15)

1<m<n<6

6
Bm 20, Bmn 20, D> Bm =1

m=1

The first term aggregates rule satisfaction, and the second penalizes compound
errors. A spatial mismatch combined with missing evidence, for example, often iden-
tifies the wrong field rather than simple formatting noise. Format verification checks
field types and normalization rules for dates, amounts, identifiers, and addresses. Spa-
tial verification tests whether a value occurs in a schema-permitted key neighborhood,
line, lower region, or table cell. Evidence verification requires support from an OCR
span, cell, or visual region. Semantic verification tests field aliases against local context.
Cross-field verification checks arithmetic, temporal, or entity constraints. Table veri-
fication checks rows, columns, header-value relations, and line-item structure. Table 1
summarizes the six rule types.
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Table 1 Verification types, representative constraints, and detectable failures in VGA-KIE.

Verification type

Representative constraint

Detectable failure

Format verification

The value must satisfy the field

Format or normalization error

type and its normalization pat-
tern.

The value must occur in a
schema-permitted spatial rela-
tion to its key.

The candidate must be sup-
ported by an aligned OCR span,
table cell, or image region.

The local context must match a
permitted semantic alias of the
target field.

Related fields must satisfy
declared arithmetic, temporal,
or entity constraints.

The value must occur in the cor-
rect table row, column, or line
item.

Spatial verification Key-value spatial mismatch

Evidence verification Unsupported value
Semantic verification Semantic conflict
Cross-field verification

Cross-field inconsistency

Table-structure verification Table-alignment error

The verification state follows a dual-threshold rule with grounding gating:

pass, Sv(ca E7 Sj3 Q) > Tpass A 9(0) > Tg A maXy, A777, < 6safe7
z(c) = { fail, Sv(c, E,85;Q) < Trait V 9(€) < Tmin V Maxy, Ay > erig,  (16)
uncertain, otherwise.

The dominant failure reason is assigned only to fail or uncertain states and equals the
largest weighted violation:

z(c) = pass,

z(c) # pass.

none,

r(c) = (17)

argmax [, An(c, E, s;),
me{l,...,6}

The verification output conditions the repair policy. When r(¢) = spatial mismatch,
repair expands the graph neighborhood or relocates the key-value path. When r(c) =
unsupported value, it repeats grounding or inspects an OCR-free visual region. When
r(c) = table alignment error, it re-estimates row and column structure.

The final field reliability score p combines generator score, evidence support, rule
satisfaction, and repair cost:

plc) = a()\l log w(c) + XAaSq(c, E* | G, s5) + A3Sy(c, E*, 55 Q)

(18)
_ )\4|H(C)| - /\SUparse(C) — Al [Z(C) #* pass]).

|H (c)| is repair-trajectory length, Uparse(c) measures parsing uncertainty such as low
OCR score, unstable region detection, or conflicting table boundaries, and ¥[z(c) #
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pass] penalizes a candidate that has not passed verification. This score distinguishes
a field supported by clear initial evidence from one that passes only after repair.

4.7 Failure-conditioned repair with re-verification

The repair component applies targeted correction only to fail or uncertain fields. It
treats repair as a field-level state update rather than rerunning extraction over the
whole document. The dominant failure reason selects the action, and every updated
candidate must undergo renewed evidence linking and verification.

Available actions are Relocate, ReOCR, Rerank, Reextract, and Normalize. Relo-
cate searches nearby or schema-related regions. ReOCR handles incomplete text or
weak OCR scores within an evidence region. Rerank orders existing candidates by
verification and evidence scores. Reextract carries the failure reason and current evi-
dence into extraction for the failed field only. Normalize standardizes dates, amounts,
identifiers, telephone numbers, and addresses.

Let the state of field s; before repair step ¢ be

t 6 (¢ 1) () (¢ t

X = (O, o0, B0 40 o) (19)
C;t) is the current candidate set, cg.t) is the selected candidate, and E](t) is its linked
evidence. ZJ(»t) € {pass, fail, uncertain} is the verification state, rj(t)

failure reason, and H J(-t) is the field-level repair history. The repair-action set is

is the dominant

Arep = {Relocate7 ReOCR, Rerank, Reextract, Normalize}. (20)

Action selection depends on the failure reason, verification state, and recent gain:
(t) _
a;’ =

P00 AP HD), Wl e A, (21)

rcp( j 7Zj

Aq(;t) denotes the verification-score change from the latest repair. Given action ag-t), the
candidate set is updated locally:

AP = Su (e B 5559) = (e TV BTV s550), AP =0 22)
t+1 t t t
O = R0 (0], Gy, B ). 29)

The system then repeats evidence linking and verification over the updated candidates:

EMY = argmax S, (¢, E,sj|G), ce C’J(Hl). (24)
ECE(G), |E|<M

(zgtﬂ),rgt“), pgt“)) = V(c7 E§t+1), S5 Q), c€E CJ(»tH). (25)
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The final candidate follows the unified objective rather than generator score alone:

" (¢) = AeSe(c | G, s5) + A Sg(c E8Y s5) + XSy (e, BIHY 55Q)

! (26)
— A ‘H t+1)| [zEH # pass|.
cyH) = arg max @;tﬂ) (c). (27)
C€C§t+l)

The weights satisfy Ac, Ag, Av, An, Aw > 0. Se, Sy, S, contains candidate-generation
compatibility, evidence support, and verification satisfaction. }H tH)‘ is the
repair-history length of candidate ¢, and ¥ [ (t+1) #* pass] penalizes a candidate that
has not passed. The objective evaluates candidate quality, evidence support, rule
satisfaction, and repair cost together.

The loop stops when the field passes verification, reaches repair budget K,, or
produces no verification gain for two consecutive repairs:

(t+1)

Stop; =1 < zj(H_l) =pass V (t+1>K,) V (AS“) <enAW < €). (28)

Every repair attempt is appended to the field history:

H](t+1) H(t U {(t,a?,r t)’zj('tJrl)’p(thrl))}- (29)

(
J J

Algorithm 1 implements atomic-field inference. The parser produces observations
and the document graph. The algorithm then iterates over Qp = (q1, ..., ¢m), reads
the adapter’s budgeted candidate pool, links evidence, and runs multi-type verification.
It applies a local repair only when the best candidate is fail or uncertain, then updates
the state after renewed linking and verification. The loop performs budgeted candidate
search for one atomic request; it does not train an internal candidate generator or
unconditionally re-extract the document.

4.8 Repair paths connect failure reasons to state transitions

Fig. 3 maps three failure sources to verifier signals and permitted local actions. Each
path begins with an initial candidate and evidence state. Typed failure diagnosis
selects re-grounding, relocation, reranking, or joint repair, and re-verification moves
the candidate to pass, fail, or uncertain.

A semantic conflict triggers schema-aware reranking when the candidate disagrees
with field semantics or cross-field constraints. Relocation, neighbor reranking, or row
and column relinking narrows the search after a spatial or table-alignment error. An
unsupported value requires renewed grounding and remains uncertain when no evi-
dence can be established. Evidence relinking and re-verification gate every update,
making the failure reason and repair history part of the field output rather than a
post-hoc explanation.
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Algorithm 1 Verification-guided atomic-field inference in VGA-KIE.
Require: D, Qp = {q¢; = (D, Sj,/ij)}j P, T, K., K,
Ensure: Y = {yj};nzl’ Yj = (Uj7 Ej, pj, 2,15, H; )

1: X « P(D)

2: G < BuildDocumentGraph(X)

3: for each atomic request ¢; = (D, s;,k;) € @Qp do

4: CJ(O) < TopK . (F(D,X, qj))

5: for each candidate ¢ € C(O) do

6: E(O) < argmaxpc p(q), |E|<M Se(c, E,s5 | G)
(zéo), r&o), pgo)) +— V(e Ego), 55;82)
end for

0 70 _© © © © ~0)
: (C] aE] 72]‘ a'f‘j 3PJ ) — SeleCtBeSt<Cj ,(I)] )
10: Hj(-o) —0;t+0
11: while Stop(.t) =0do

12 0 ¢ Ty (rY, 20, AP, HY)

13 c““ « R w(C", G, J7Ej(t i)

14: for each candldate ce C t+1) 4o

15: étﬂ) T argmaxpc g(q), |E|<M Sy(e, B, s5 | G)

16: (z£t+1),r£t+1),l)£t+1)) +— Ve, Egtﬂ),sj; Q)

17: end for

18: (t+1) E(tﬂ),zj(tﬂ), §t+1), (t+1) ) — SelectBest(CJ(-tH),<I>§t+1))
(t+1) (®) PO D) ()

19: H; «— H;” u{(t ,J,J 2 ey )}

20: t+—t+1

21: end while

0 g0 0 L0 0 )

22: yj<—BuildOutput(c 5Pz H

23: end for
24: return Y

5 Experimental Design and Evaluation Protocol

5.1 Experimental setup and evaluation objectives

Under fixed data splits, field schemas, input processing, normalization rules, and evalu-
ation scripts, the experiments addressed four questions: (1) whether the coupled closed
loop improves field-level extraction accuracy; (2) whether evidence states improve the
locatability of accepted fields; (3) whether failure conditions improve failure detec-
tion and provide effective routes for local repair; and (4) whether re-verification
limits harmful rewrites and additional latency while preserving repair gains. Publicly
reported values are used only to position the work in the literature. The mechanism
claims rely primarily on paired controls and component ablations.
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a Typed diagnostic routing

Failure family Verifier signal Permitted local action Exit gate

format_error normalize value

unsupported_value re-ground evidence re-verify or abstain

Evidence / format

spatial_mismatch relocate evidence

table_alignment_error row/column relink re-verify

Spatial / layout

semantic_conflict rerank candidates

Semantic / constraint cross_field_inconsistency joint repair

re-verify

b-d Representative repair trajectories

Initial candidate Diagnosed reason Local action Re-verification Final state

b Semantic conflict

- semantic rerank + constraint
cross-field constraint total = subtotal *[ confiict H alias check ]* check —
¢ Table alignment wrong-row cel _ table-alignment row/column . structure
row/column structure error L check
d Unsupported value \nssen value _ unsupported re-ground L, evidence _—»| uncerTAIN
evidence support value evidence check

Fig. 3 Typed diagnostic routing and bounded repair in VGA-KIE. a, Verifier signals map each
failure family to permitted local actions and an explicit exit gate. b-d, Representative trajectories
show repair after semantic conflict, repair after table-alignment error, and an uncertain state for
an unsupported value. Every repaired candidate is re-verified, and a candidate is withheld when no
supporting evidence region can be established.

5.2 Datasets, task settings, and splits

The core experiments used FUNSD, SROIE, and CORD as a reproducible bench-
mark combination. These datasets cover noisy scanned forms, fixed-field receipts, and
hierarchical receipt semantics, respectively, and therefore represent three character-
istic difficulties addressed by VGA-KIE. The key, value, header, and other entities
in FUNSD depend strongly on two-dimensional position, reading order, and local
adjacency, making the dataset suitable for testing whether the layout graph and
schema-conditioned neighborhoods reduce key-value mismatches. The relatively fixed
company, address, date, and total fields in SROIE support evaluation of format verifi-
cation, evidence linking, amount and date normalization, and field-level repair under
OCR noise. CORD contains menu items, quantities, prices, and hierarchical struc-
tures and is used primarily to evaluate line-item assignment, cross-field consistency,
and table-alignment repair.

For all three datasets, each document D, was treated as an independent resampling
unit, and each atomic field instance ¢;; = (D;, 55, k;;) defined in Section 3.1 was treated
as a scoring unit. Atomic requests within the same document share OCR, layout,
and contextual observations and were therefore not treated as independent samples
in uncertainty estimation. For every atomic request, the system recorded the field
value, evidence, reliability score, verification state, failure reason, and repair history.
The primary Field-F1 used the complete target atomic inventory: atoms with a final
state of fail or uncertain, or with an empty released value, were treated as missing

19



predictions and were not removed from the denominator. This rule prevents selective
abstention from artificially inflating accuracy.

DocILE, RealKIE, and UNIKIE-BENCH differ from FUNSD, SROIE, and CORD
in annotation granularity, input form, field schema, and evaluation protocol and were
therefore excluded from the public background comparison in Table 2. DocILE is better
suited to evaluating field localization, multi-page structure, and line items in business
documents [41]. RealKIE supports analysis of long enterprise documents, sparse fields,
and realistic OCR noise [13]. UNIKIE-BENCH supports analysis of open-category
fields, long-tail schemas, complex layouts, and grounding and hallucination risks in
MLLMs [14].

The core evaluation protocol fixed Original FUNSD (2019), the public KIE process-
ing version of SROIE Task 3, and CORD v2.0.0. The protocol specified the published
149/50 training/test pools for FUNSD, the 626/347 pools for SROIE, and the official
800/100/100 split for CORD. For FUNSD and SROIE, original document identifiers
were sorted by SHA-256; the first 15 and 63 documents from the respective training
pools formed the validation sets, and the remaining 134 and 563 documents formed
the training sets. The official test sets remained unchanged. The experimental records
fixed dataset versions, sources, document-file hashes, and split-manifest hashes, and
the main text reports results aggregated by a shared evaluation script.

Each split manifest was stored in UTF-8 with LF line endings and one original
document identifier per line, together with its SHA-256 hash. The data manifest also
recorded the dataset version, source, license, retrieval or snapshot information, the
SHA-256 hash of each original file, and a document-level aggregate hash. Before each
experiment, the pipeline checked both document-identifier overlap and file-content
hashes across the training, validation, and test sets. Dataset-aware field schemas, field
mappings, and normalization rules were then frozen. All methods were evaluated on
the same field inventory with the same scoring script.

5.3 Comparison methods and technical-route analysis

Table 2 groups representative approaches by candidate-generation and localization
strategy. LayoutLMv3 and FormNet are OCR-based layout encoders; Donut and
DocParser represent OCR-free generation; DocLLM-7B is a layout-aware genera-
tive LLM; LMDX and STNet/See then Tell emphasize localization or grounding;
and LayTextLLM, LayTokenLLM-8B, and direct MLLM prompting represent recent
layout-token and direct-generation routes.

These public results come from different papers, data-processing pipelines, and
experimental protocols and therefore do not constitute a unified ranking. Table 2 is
used to characterize the emphasis of each route in layout encoding, generation, and
document adaptation. The attribution of VGA-KIE’s mechanisms instead relies on
Tables 3—5 under the shared protocol, rather than on differences among heterogeneous
public values.

Existing routes differ mainly in how they generate and localize field candidates.
OCR-based layout encoders use two-dimensional positions and local structure to
improve field or entity prediction. OCR~free and generative models reduce dependence
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on external OCR but must still address outputs that cannot be localized. Layout-
token LLMs strengthen layout-semantic modeling. LMDX and STNet/See then Tell
have already introduced localization or visual grounding into KIE [11, 12]; accord-
ingly, this work does not claim novelty merely for providing an evidence region. Based
on the mechanisms explicitly described in those publications, their principal objec-
tives are candidate generation or answer localization. VGA-KIE further studies how
evidence, failure conditions, and re-verification can be organized as a single field-state
transition. This comparison is limited to the mechanisms reported in the cited papers
and does not exclude unreported post-processing in their implementations.

The distinction of VGA-KIE is not another candidate encoder, but a change in
the field output and decision unit. The evidence-grounded field state binds the value,
evidence, and history into one updateable object. Typed failure diagnosis compresses
multiple constraint violations into conditions for action routing. Failure-conditioned
repair with re-verification requires every repair result to pass through the same evi-
dence and verification gates. The novelty claim concerns the decision coupling among
these mechanisms, not priority for each underlying operation in isolation.

To separate candidate quality from the contribution of the post-hoc reliability
mechanism, the main experiments fixed LayTokenLLM-8B as the candidate generator
and used LayTokenLLM-8B direct extraction as the internal paired control. Both con-
figurations read the same LayTokenLLM-8B checkpoint, input-processing outputs, and
frozen top-k candidate cache. Direct extraction returned the highest-ranked candidate
and its generator provenance region, whereas LayTokenLLM-8B with VGA-KIE con-
tinued with evidence linking, typed verification, targeted repair, and re-verification.
The provenance region was used only for external evidence auditing of direct extrac-
tion and is not equivalent to VGA-KIE’s evidence-linking module. This paired design
isolates the contribution of the post-hoc layer at the same candidate interface; the
other baselines in Table 3, including LayoutLMv3 and LayTextLLM, do not share this
candidate cache.

Table 2 Representative KIE methods and publicly reported F1 scores (%) on FUNSD, SROIE, and
CORD. Values are not directly comparable across source protocols.

Method / source Approach type FUNSD SROIE CORD
LayoutLMv3 [19, 28] OCR-based layout encoder 92.08 77.70 97.46
FormNet [5, 19] OCR-based structural encoder 84.69 - 97.28
Donut [9, 28] OCR-free generation - 81.70 84.10
DocParser [28] OCR-free 1E - 87.30 84.50
DocLLM-7B [7] Layout-aware generative LLM 51.80 91.90 67.40
LMDX [12] Localization / grounding - - 95.57
STNet / See then Tell [11] Grounded OCR-free KIE - 88.30 88.80
LayTextLLM [25] Layout-token LLM 63.30 96.00 97.30
LayTokenLLM-8B [26] Layout-token LLM 81.62 - 78.30
Direct MLLM prompting [30, 31]  Black-box MLLM 53.20 71.30 78.80
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5.4 Main results, reliability, and evaluation metrics

Tables 3-5 use the same test-document inventory, field schemas, OCR and layout
parsing products, normalization rules, and evaluation script. Each model received
OCR tokens, layout tokens, page images, or their combination according to its inter-
face. The primary paired comparison fixed LayTokenLLM-8B: direct extraction and
LayTokenLLM-8B with VGA-KIE shared the same checkpoint, input processing,
decoding configuration, and frozen top-k candidate cache. Thresholds and candidate
and repair budgets were selected only on training and validation data and frozen before
testing.

Evaluation denominator. The frozen protocol first used dataset-specific map-
pings to convert gold annotations and predictions into the atomic key ¢; = (D, 55, k;)
defined in Section 3.1. It then concatenated the request sequence Qp = (g1, ..., qm)
for each document to form the global test inventory Q. Single-valued fields used fixed
instance keys, while repeated entities, table rows, and hierarchical fields used protocol-
defined entity keys, row keys, or canonical structural paths. Unmatched gold atoms
were counted as missing predictions, and unmatched predicted atoms were counted as
false positives. The frozen inventory contained 497 documents and 4,720 target atoms:
50 FUNSD documents with 2,332 atoms, 347 SROIE documents with 1,388 atoms,
and 100 CORD documents with 1,000 atoms. Dataset mappings, match order, and
tie-handling rules must remain frozen with the evaluation script.

During training, LayTextLLM and LayTokenLLM-8B used the same LoRA fine-
tuning procedure. LoRA rank, scaling factor, dropout, target modules, learning
rate, batch size, number of training epochs, and optimization schedule used shared
settings. At inference, LayoutLMv3, LayTextLLM, and LayTokenLLM-8B shared task-
level parameters fixed by the same configuration file, including inference batches,
candidate-output constraints, confidence thresholds, and pre-evaluation normaliza-
tion. After selection on the validation sets, the paired control froze the same
LayTokenLLM-8B checkpoint and candidate cache, and VGA-KIE did not update the
candidate-generator parameters. Because the three model types use layout-encoder
and layout-token LLM interfaces, model-specific differences were retained only where
required by network architecture, input encoding, and output form.

A complete record for each evaluated configuration should include the atomic key,
field value, initial-candidate provenance, linked evidence, candidate-level support label
uji, final state z;, failure reason, and repair trajectory, together with the upstream
ranking score 7;;, grounding support score g;;, and final reliability score p;. Run
metadata should also record the candidate-adapter checkpoint, OCR and layout parser
versions, K., K,, verification thresholds, scoring weights, random seeds, hardware,
and evaluation-script version. Tables 3-5 currently report aggregate point estimates;
aggregate tables do not replace atomic-level outputs and run logs.

Field-value metrics. For each dataset, let Y,;eq be the set of non-empty predic-
tions whose final state is pass, Ygo1a the set of target gold fields, and Cpaten the set of
matched predictions for which both the field name and normalized field value satisfy
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the evaluation script. Field-level precision, recall, and F1 are defined as follows:

|Cmatch‘
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Fields with a final state of fail or uncertain and empty outputs were treated as missing
predictions. Field-F1 was calculated independently for each dataset, and Avg. in Table
3 is the arithmetic mean of the three dataset-level Field-F1 values.

Evidence matching. For a field instance with gold evidence, the matcher used
token overlap, cell overlap, or bounding-box intersection over union according to the
evidence type. The matching rule and its threshold were determined only on the valida-
tion sets and frozen for testing. Fields whose evidence could not be uniquely localized
were labeled evidence not_evaluable and excluded from Evidence Accuracy.

Gold evidence was derived by locating each normalized gold value in the token,
table-cell, and bounding-box annotations. A unique exact match could be confirmed
directly. Multiple matches and evidence spanning lines or cells were resolved with
predefined uniqueness and region-consistency rules. Only fields without uniquely
determinable evidence were excluded, and the number excluded must be reported.

Evidence and support metrics. Let A, be the set of fields with a final state of
pass and evaluable gold evidence, and Qpred,e the set of all released, non-empty target
field instances with evaluable gold evidence. Evidence Accuracy is the proportion of
A, whose predicted evidence satisfies the frozen matching function against the gold
evidence. Unsupported Output Rate is the proportion of Qpreq,e that an independent
external matcher cannot link to an acceptable token span, table cell, or bounding box.
The current run released only pass fields, and all 4,475 released fields had evaluable
evidence; the two metrics therefore happened to share the same denominator in this
run. Gold provenance was matched for 4,153 of 4,475 fields, giving 92.8% Evidence
Accuracy. Valid document evidence could not be linked for 121 of 4,475 fields, giving a
2.7% Unsupported Output Rate. Some predictions were linked to document evidence
but not to the gold provenance, so the two percentages sum to less than 100%.

Acceptance Coverage. The system formed the release set A by jointly requiring
a non-empty value, non-empty evidence, and a pass state, as specified in Section 3.3.
Let Ng and N4 denote the number of frozen target atoms and the number of released
atoms, respectively. Then AcceptanceCoverage = N4 /Ng. VGA-KIE released 4,475 of
4,720 target atoms, giving an Acceptance Coverage of 94.8%. Acceptance Coverage is
reported with Unsupported Output Rate to expose the effect of selective abstention on
support metrics. Because external methods do not provide atomic-level counts under
the same definition, only the point estimate for VGA-KIE is reported.

Failure detection. For every initial top-1 candidate ¢, the gold failure label was
set to 1 if its normalized field value did not match the gold value or, when gold evi-
dence was evaluable, its provenance region did not satisfy the frozen evidence matcher;
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otherwise, the label was set to 0. The predicted failure label was set to 1 when the
verifier returned fail or uncertain and to 0 when it returned pass. The aggregate Pre-
cision, Recall, and F1 were 87.5%, 88.4%, and 87.9%, respectively, corresponding to
archived confusion counts of approximately TP = 350, FP = 50, and FN = 46.
Because the current archive retains metrics to one decimal place only, these integers are
approximate audit values and do not support additional significant digits. This metric
evaluates binary failure versus no-failure detection; macro-F1 over the six dominant
failure reasons requires per-class annotations.

Repair metrics. Let R~ be the set of initially incorrect fields that entered repair.
Repair Success is the number of fields that changed from incorrect to correct with
external evidence divided by |R~|. Of 400 initially incorrect fields entering repair, 282
became correct after renewed evidence linking and re-verification, giving a Repair Suc-
cess of 70.5%. To measure the net damage caused by the complete post-hoc process
to initially correct candidates, let R be all initially correct fields exposed to the pro-
cess, including both unchanged and rewritten fields. False Repair Rate is the number
of fields that changed from correct to incorrect divided by |R™|. Of 4,100 initially cor-
rect fields, 86 were ultimately changed to incorrect values, giving 2.1%. This definition
avoids using the number of fields merely flagged incorrectly by the verifier as the risk
denominator for all correct candidates. A zero denominator is reported as N/A.

Reliability score. The field reliability score p, € [0,1] is used only for candidate
ranking and verification-state decisions. In this study, p, is described as a reliability
score and is not interpreted as a calibrated probability.

Statistical boundary. Tables 3-5 report single aggregate point estimates on the
fixed test sets. The current archive does not contain reproducible document-level boot-
strap outputs, variance across random seeds, or confidence intervals. The manuscript
therefore does not use the term statistically significant or interpret small numerical
differences as stable rankings. A future reproduction should use documents as the
resampling unit, report 95% bootstrap confidence intervals, and estimate intervals for
paired differences on the shared test documents.

Efficiency boundary. Latency (rel.) in Table 4 uses LayTokenL.LM-8B direct
extraction as 1.00x. When candidates are loaded from the frozen cache, 1.32x mea-
sures only the relative overhead of the current post-hoc reliability layer. It is not the
total end-to-end latency of OCR, candidate generation, and post-hoc processing and
cannot be compared across hardware. Absolute latency per document, p50 and p95,
batch size, hardware, and the repair-trigger rate require reproducible run logs.

Paired primary-task comparison. LayTokenLLM-8B direct extraction
achieved Field-F1 scores of 90.86, 94.72, and 94.88 on FUNSD, SROIE, and CORD,
respectively. Adding VGA-KIE increased the scores to 94.91, 99.17, and 98.86, corre-
sponding to gains of 4.05, 4.45, and 3.98 percentage points. The two configurations
achieved mean Field-F1 values of 93.49 and 97.65, an average gain of 4.16 percentage
points under the protocol. They shared the same frozen LayTokenLLM-8B checkpoint,
input processing, decoding configuration, and candidate cache. Because the archive
does not contain document-level uncertainty outputs, these differences are reported
as paired point estimates on the fixed test sets and are not described as statistically
significant. Table 3 summarizes Field-F1 under the controlled training and inference
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settings. All four methods shared the test documents, data splits, OCR and layout
products, and evaluation script. Avg. is the arithmetic mean of Field-F1 across the
three datasets.

Table 3 Field-F1 (%) under the shared evaluation protocol.

Method Model type FUNSD SROIE CORD Avg.
LayoutLMv3 OCR-based layout encoder 91.42 93.06 94.28 92.92
LayTextLLM Layout-token LLM 90.35 95.78 95.41 93.85
LayTokenLLM-8B direct extraction Layout-token LLM 90.86 94.72 94.88 93.49

Layout-token LLM

LayTokenLLM-8B + VGA-KIE (ours) + Ground-Verify-Repair

94.91 99.17 98.86 97.65

Note. All methods use the shared evaluation protocol. The two LayTokenLLM-8B rows use the same frozen
checkpoint, preprocessing, decoding configuration, and candidate cache. Values are not derived from the hetero-
geneous public results in Table 2.

The paired differences in Table 3 were positive for all three datasets, although
the strongest external comparator differed by dataset. The table establishes VGA-
KIE’s performance position under the shared protocol. Because LayTokenL.LLM-8B
direct extraction and LayTokenLLM-8B with VGA-KIE shared the same candidate
cache, their difference can be used for paired attribution of the gain. Other baselines,
including LayoutLMv3 and LayTextLLM, have different candidate spaces and are used
only for performance positioning.

Under the shared protocol, VGA-KIE achieved 94.91, 99.17, and 98.86 on FUNSD,
SROIE, and CORD, with an average of 97.65. Relative to the strongest external
baseline on each dataset, with scores of 91.42, 95.78, and 95.41, these values represent
improvements of 3.49, 3.39, and 3.45 percentage points. Relative to LayTextLLM, the
strongest external baseline by average score at 93.85, the mean improvement was 3.80
percentage points.

Table 3 positions VGA-KIE against representative methods, but mechanism attri-
bution relies primarily on two stronger forms of internal evidence. First, Table 4
compares direct extraction with LayTokenLLM-8B plus VGA-KIE using the same
frozen LayTokenLLM-8B candidate cache, thereby isolating the joint increment of the
post-hoc reliability layer. Second, Table 5 removes evidence linking, typed verification,
repair, and verify-again under the same candidate set and evaluation script, distin-
guishing the contributions of evidence state, failure conditions, and re-verification
gating. The novelty argument therefore does not rest on post-hoc interpretation of
heterogeneous baselines.

Table 4 reports the paired results under the shared frozen LayTokenLLM-8B
candidate cache and presents the VGA-KIE point estimates together with their
audit counts. Direct extraction and LayTokenLLM-8B plus VGA-KIE achieved aver-
age Field-F1 values of 93.49 and 97.65, respectively, a difference of 4.16 percentage
points under the aggregate protocol. VGA-KIE achieved 94.8% Acceptance Cover-
age (4,475/4,720). In the external evidence audit, Evidence Accuracy increased from
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76.8% to 92.8% (4,153/4,475), and Unsupported Output Rate decreased from 12.4%
to 2.7% (121/4,475).

For VGA-KIE, Verification Failure Precision, Recall, and F1 were 87.5%, 88.4%,
and 87.9%, with approximate confusion counts of TP = 350, FP = 50, and FN = 46.
Repair Success was 70.5% (282/400), and False Repair Rate was 2.1% (86/4,100).
LayTokenLLM-8B direct extraction performs neither post-hoc verification nor repair,
so the corresponding metrics are N/A. These gains were accompanied by a 1.32x
relative latency for the post-hoc layer under the frozen candidate-cache condition.
Because document-level bootstrap intervals and across-seed variance are unavailable,
all values remain point estimates on the fixed test sets.

Table 4 Paired reliability results for LayTokenLLM-8B direct extraction and LayTokenLLM-8B +
VGA-KIE under the same frozen candidate cache. Counts are reported as numerator/denominator;
the symbol &~ denotes approximate verification counts. Unsupported Output Rate is computed by
an independent external matcher.

LayTokenLLM-8B LayTokenLLM-8B

direct + VGA-KIE VGA-KIE

audit count /
scope

Avg. Field-F1 1 93.49 97.65 Arithmetic
mean  across
FUNSD,
SROIE, and
CORD
Acceptance Coverage 1 Unavailable 94.8% 4,475 | 4,720
target field
instances
Evidence Accuracy 1 76.8% 92.8% 4,153 / 4,475
released,
evidence-evaluable
fields
Unsupported Output Rate | 12.4% 2.7% 121/ 4,475
released
non-empty
fields
Verification Failure N/A P 87.5% / R 88.4% / F187.9% TP/FP/FN =
350/50,/46
Repair Success T N/A 70.5% 282 / 400 ini-
tially wrong
fields entering
repair
False Repair Rate | N/A 2.1% 86 / 4,100 ini-
tially correct
fields exposed
to the post-hoc
pipeline
Latency (rel.) 1.00x 1.32x Frozen-candidate
post-hoc
latency;
excludes OCR
and candidate
generation

Metric
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5.5 Main results, reliability, and evaluation metrics

Table 5 uses the full VGA-KIE system as the reference and removes the layout graph,
evidence linking, typed verification, repair, and verify-again under the same candidate
set and evaluation script. These ablations test how the five components affect field
accuracy, evidence support, and the repair boundary.

Table 5 Component ablation for LayTokenLLM-8B 4+ VGA-KIE under the same frozen candidate
cache and evaluation script. Repair metrics are reported as Repair Success (RS) / False Repair
Rate (FR), in %; zero-denominator values are N/A.

Variant Field-F1  Evidence Accuracy Unsupported Repair metrics
(%) (%) Output Rate(%) (%)

Full VGA-KIE 97.65 92.8 2.7 RS 70.5 / FR 2.1
w/o layout graph 95.42 89.6 4.3 RS 64.8 / FR 2.5
w/o evidence linking 94.18 81.3 9.2 RS 54.8 / FR 3.9
w/o typed verification 95.06 87.6 6.1 RS 56.2 / FR 4.3
w /o repair 94.73 90.1 4.7 RS N/A / FR N/A
w/o verify-again 96.62 91.5 3.4 RS 71.8 / FR 5.8

Evidence linking produced the largest change in the complete result. Removing it
reduced Field-F1 from 97.65 to 94.18 (—3.47), reduced Evidence Accuracy from 92.8%
to 81.3% (—11.5 percentage points), increased Unsupported Output Rate to 9.2%,
and reduced Repair Success to 54.8%. These coupled changes indicate that locatable
evidence both constrains field acceptance and provides the state needed for subsequent
diagnosis and repair.

Without typed verification, Field-F1, Evidence Accuracy, and Repair Success were
95.06, 87.6%, and 56.2%, respectively. Without the layout graph, the same three met-
rics were 95.42, 89.6%, and 64.8%. These results show that typed diagnosis and layout
structure both contribute to repair routing, although their effects are smaller than
that of evidence linking across the complete state chain.

Repair and verify-again had distinct functions. Removing repair produced 94.73
Field-F1 and 90.1% Evidence Accuracy, while Repair Success and False Repair Rate
were not applicable. Removing verify-again retained 96.62 Field-F1, but increased
False Repair Rate from 2.1% to 5.8% and produced 71.8% Repair Success. Repair
Success for the complete system was corrected to 70.5% (282/400) based on the audit
count. Repair therefore primarily supplies state transitions from incorrect to correct,
whereas verify-again primarily limits harmful rewrites. Their joint action defines the
closed-loop boundary of failure-conditioned repair.

Boundary of the novelty claim. Evidence Accuracy, Unsupported Output Rate,
and the evidence-linking ablation support the unified field state. Binary Verification
Failure F1 and the typed-verification ablation support the role of failure conditions.
Repair Success, False Repair Rate, and the repair and verify-again ablations support
conditional repair and the acceptance gate. This evidence supports the effectiveness
of the combined reliability layer, but it does not show that all six failure types have

27



been diagnosed accurately at the class level or that replacing the candidate generator
would preserve the same gain.

5.6 Mechanism trajectories and repair boundaries

Fig. 3 presents the general action routing, whereas Fig. 3 focuses on three terminal
boundaries: an OCR, error that passes verification after local repair, a field rejected
because document evidence is absent, and a harmful rewrite caused by repair under
an ambiguous layout. Each trajectory follows the sequence evidence, initial candi-
date, failure condition, local action, and final state, allowing direct comparison among
successful repair, unsupported rejection, and false repair.

In Fig. 4a, format constraints and weak evidence trigger ReOCR and text-span
adjustment. In Fig. 4b, expanding the search still fails to establish an evidence link, so
the system returns unsupported/fail. Fig. 4c shows that re-verification can still accept
an incorrect rewrite under ambiguous context. These panels are mechanism illustra-
tions rather than empirical failure cases with dataset names, document identifiers, and
real crops. They therefore do not establish incidence, diagnostic accuracy, or repair
performance and are excluded from the denominators of Tables 4 and 5.

Observed evidence Initial candidate Failure signal Bounded action Final state

a  Successful repair source span INV-2024- format error ReOCR +
OCR-format mismatch INV-2024-60123 00128 ad weak evidence > span adjust

PASS
> [ 1Nv-2024-00123

b  Unsupported rejection

search result P0-5814 . unsupported . expand search
no supporting region value

3!
no PO-number span then reject

FAIL
’l withheld J

c  False repair report: 2024-07-23

ambiguous rerank +
ambiguous layout context batch: 07/23 2024-07-23 "l layout l"l context

PASS
> [ 07/23 (wrong)

Fig. 4 Illustrative mechanism-level state transitions at the repair boundary. a, ReOCR and span
adjustment correct an OCR-format failure before the candidate passes re-verification. b, Evidence
expansion still finds no supporting region, so the field is withheld. ¢, Ambiguous layout context causes
an initially correct value to be rewritten and incorrectly accepted. These scenarios explain decision
logic only; they are not dataset-grounded cases and are excluded from all metrics.

6 Discussion

The scientific value of VGA-KIE lies in making reliability decisions that are usually
implicit in KIE explicit. A larger candidate generator can improve field values but
does not automatically provide auditable answers to whether the evidence is sufficient,
which type of constraint has failed, or whether a repaired value should be accepted.
VGA-KIE organizes these questions as a single field-state transition, which is relevant
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to business, financial, and administrative documents that require review, auditing, or
downstream automated processing.

The unified candidate interface provides interface-level modularity, not demon-
strated model independence. OCR-based systems, layout-aware LLMs, and OCR-free
MLLMs can be mapped to the same candidate structure, but differences in score cal-
ibration, provenance granularity, and error distributions can change the benefits of
verification and repair. The supported design conclusion is therefore limited to inter-
face compatibility; the present results do not establish stable gains across candidate
generators.

The novelty argument has three empirical boundaries. First, Verification Failure
F1 is a binary metric: it supports effective failure detection but does not establish
accurate discrimination among all six dominant failure reasons. Second, the current
results use a fixed LayTokenLLM-8B candidate interface and do not establish external
validity across candidate generators. Third, Fig. 4 is a mechanism illustration, not a
qualitative experiment with document identifiers and real evidence crops.

The experiments that would most directly strengthen the argument correspond
to these three boundaries. A confusion matrix and per-type precision, recall, and F1
should be reported for the six failure reasons. Candidate-generator swap experiments
should be performed with at least one OCR~based generator and one LLM or MLLM
generator. Dataset-grounded qualitative cases should be sampled from field-level out-
puts on FUNSD, SROIE, and CORD and should include the document identifier,
real crop, initial candidate, gold value, failure reason, and repair result. These exper-
iments would separately test typed diagnosis, external validity of the interface, and
auditability of actual errors.

7 Conclusion

This work introduced VGA-KIE, a post-hoc reliability method that organizes evi-
dence states, failure conditions, and re-verification gating as a unified field-state
transition. The evidence-grounded field state binds each field value to document evi-
dence, typed failure diagnosis converts constraint violations into action conditions,
and failure-conditioned repair with re-verification requires every repaired candidate
to pass the evidence and verification gates again. The contribution lies in the deci-
sion coupling among these mechanisms, not in claiming priority for grounding, rule
checking, or retrying in isolation.

Under the shared evaluation reported in Tables 3-5, LayTokenLLM-8B with
VGA-KIE achieved an average Field-F1 of 97.65. In the paired comparison using the
same frozen candidate cache, it improved on LayTokenLLM-8B direct extraction at
93.49 by 4.16 percentage points. VGA-KIE released 4475 of 4720 target fields, giv-
ing 94.8% Acceptance Coverage; it achieved 92.8% Evidence Accuracy (4153/4475),
a 2.7% Unsupported Output Rate (121/4475), 70.5% Repair Success (282/400),
and a 2.1% False Repair Rate (86/4100). The paired comparison in Table 4 sup-
ports the incremental value of the combined post-hoc layer, while the ablations in
Table 5 associate that increment with evidence linking, typed verification, repair,
and re-verification. The conclusion is limited to the present shared protocol, the
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LayTokenLLM-8B candidate interface, and binary failure detection; class-level diag-
nosis of six failure types, gains across candidate generators, and qualitative cases from
real documents require separate experiments.

These conclusions apply to the shared evaluation protocol, the three core datasets,
and the fixed LayTokenLLM-8B candidate condition. Publicly reported values are
used only as literature context and do not enter local gain attribution. The evidence
supports a combined post-hoc layer with evidence state, failure conditions, and a
re-verification gate. Compatibility across candidate generators, per-class failure diag-
nosis, generalization to long multi-page documents, and real failure cases remain to
be established independently.
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