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Abstract

Machine learning models for Document Layout Analysis (DLA) rely on large-scale datasets such as DocBank
and many others. However, automatic generation of these datasets from PDF or LaTeX sources often introduces
errors in region annotations, including missing captions, misplaced regions and overlapping elements. Such
inconsistencies negatively impact both training quality and evaluation reliability, propagating noise or bias
through downstream models.

In this work we present a preliminary version of a framework that improves the most widespread DLA
datasets quality by assessing and correcting layout coherence in scholarly documents. The proposed system
builds a relational model of article structure, integrating geometric (e.g. near, below, lower page), sequential (e.g.
follows, precedes), and semantic (e.g. disjoint, subclass) relations among layout elements. These relations can
be learned directly from document data, enabling automatic detection and correction of violations, including
semantic and hierarchical inconsistencies.

Error typologies that can be detected include those derived from class reading order (e.g. title — author —
abstract) and proximity, which are found to be the most frequent. The detection of such violations highlights
missing or misplaced components and guide automated correction that we perform through LLMs.

The resulting datasets provide a more reliable ground truth with improved structural and semantic coherence
for training and evaluating document segmentation and understanding models, with reduced noise and bias
inherent in automatically generated annotations.

Keywords
document layout analysis, dataset cleaning, large language models, multimodal feature extraction, ontology
learning, scholarly document processing, visual document understanding

1. Introduction

Recent advances in Document Layout Analysis (DLA) are driven by the availability of large annotated
datasets such as PubLayNet and DocBank, which provide millions of labeled pages extracted from
scientific literature. These resources have enabled deep learning architectures for detecting layout
elements such as titles, paragraphs, tables, and figures. Nevertheless, the automatic procedures used to
build such datasets, which are mainly based on XML or LaTeX extraction, introduce a substantial amount
of noise. Errors such as captions without figures or tables, overlapping text blocks, or missing elements
are frequent and propagate through model training, ultimately reducing accuracy and interpretability.
Despite the scale of these datasets, their internal logical coherence has received little systematic analysis.

This work addresses this gap by introducing a relation based post processing system that checks and
corrects layout inconsistencies in large-scale scholarly datasets. The main idea is that layout elements
within a scholarly article are not independent objects but participate in structured relations: geometric,
directional, and semantic, which can be modeled and validated. By verifying these relations, it becomes
possible to automatically identify annotation errors and correct them, improving dataset quality without
reannotation. We define four main categories of relations:

« Proximity relations (near) express geometric adjacency between layout elements. They are
primarily used to detect misplaced or missing components such as captions, figures, and tables.
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+ Directional relations (below, upon) describe relative geometric positioning along a given axis,
e.g. that figures are typically below captions and footers are typically below all other layout classes.

« Semantic relations (disjoint, subclass, equivalent) capture ontological constraints between layout
classes, preventing incompatible overlaps and enforcing hierarchical consistency.

« Reading order relations (follows, precedes) describe the logical progression of textual components
across the first page of a scholarly article. Typical ordered chains such as title —author — abstract
define the expected hierarchy of presentation and can reveal missing or misplaced metadata blocks.

Proximity and directional are visual relations and capture the expected relative arrangement of
elements. Our violation detection strategy aims to check the consistency of the layout classes for which
such patterns are statistically frequent, which ensure robustness by focusing on recurrent and well
supported configurations (e.g. footers are expected at the bottom of the page and detecting other layout
elements positioned below a bounding box labeled as footer is a strong indicator of an annotation
error). By modeling and validating these dependencies, our strategy can automatically detect anomalies
such as failures to recognize the title bounding box, the author section and the abstract. This allows
us to select page segments where most likely errors occur, subsequently correcting them through a
multimodal LLM to ensure that the learned geometric, semantic, and relative order rules are preserved.

Unlike previous hard coded validators, our strategy involves learning relation patterns directly from
document images and document ontologies, and explores the use of LLMs for corrections. Geometric
and semantic embeddings are derived from co-occurrence statistics across annotated corpora, while
frequent relational patterns (e.g. caption-figure proximity, title — author — abstract order) are made
explicit. Once learned, these relations are used to check annotations for inconsistencies, categorize
them, and apply LLM based corrective actions such as removing incorrect bounding boxes.

We evaluate the coherence of annotations on a small subset of a major dataset for layout analysis
(DocBank), applying our strategy as post processing. Our preliminary analysis on DocBank reveals
the presence of various structural annotation violations, suggesting that targeted correction strategies
could improve the visual and semantic consistency of resources for downstream applications.

Beyond our experiments, the proposed framework provides a general methodology for assessing
datasets reliability in scholarly document understanding. By exploiting layout relations as measurable
constraints, our strategy establishes a bridge between structural analysis and dataset quality assurance.
Researchers leveraging large document datasets can thus benefit from more coherent training material,
supporting reproducible, explainable, and semantically grounded document analysis systems.

2. Related work

Document segmentation aims to identify and classify the structural regions of a page (titles, headings,
paragraphs, figures, tables, captions, equations, references); this is a foundational step in scholarly
document understanding. Over the years, methods and datasets have coevolved: early heuristics
and connected component labeling were gradually replaced by learning based detectors and large,
automatically annotated corpora that enable deep models to generalize across styles and publishers [1].
In parallel, the NLP community has developed pipelines that recover logical and bibliographic structure
directly from PDFs or LaTeX sources, often combining OCR, layout analysis and TEI-XML conversion
[2]. These pipelines rely on semantic processing techniques, including named entity recognition [3],
dependency parsing [4], semantic labeling [5], and semantic relation extraction [6, 7], to transform raw
document content into structured knowledge.

Classical approaches for document segmentation adopt bottom up grouping of connected components
(RLSA [8], Docstrum [9]) or top down partitioning (X-Y cut [10]), often augmented with hand crafted
features to classify regions. Statistical classifiers (SVMs, early neural networks) improve robustness
but are limited by dataset scale and feature design. Logical structure recovery is usually performed
exploiting visual features, with a few exceptions that rely more directly on text and font information
[11, 12, 13], making use of transformers and transfer learning for mapping sequences of text blocks
into hierarchical structures.



Deep learning approaches cast document segmentation as object detection or instance segmentation,
using Faster/Mask R-CNN variants and one-stage detectors for region recognition. Token-aware
multimodal transformers combining OCR, token boxes, and visual features improve semantic labeling,
while graph models and GNNs capture spatial and logical relations. Systems such as DocParser [14]
and DocStruct [15], used in hierarchical frameworks like HRDOC [16], extract regions and relations
but are typically limited to single-page context.

Whole-document analysis further increases the problem complexity, requiring the modeling of
relations between elements in different pages or semantic regions that span multiple pages. Demirtas
et al. [17] tackle this issue by extracting inter-page dependencies in the form of triples using a neural
dependency parser. More broadly, the complexity of document structure induction from PDFs has led
the NLP community toward manual annotation of documents [18, 19], sometimes complemented with
data augmentation strategies [20] to mitigate the limited size of carefully labeled design corpora.

Recent research emphasizes a data-centric Al perspective, where dataset quality and annotation
consistency drive performance [21]. A fundamental aspect of this line of work is the availability and
nature of datasets: small, manually annotated scanned corpora are more accurate, while being more
subject to overfit; midsize task specific collections like table and figure datasets are not versatile and
are hard to integrate with more general purpose collections; very large, automatically labeled digital
born datasets where LaTeX/XML sources enable weak supervision are the most widespread, but are
more subject to annotation errors and inconsistencies that a human annotator would typically avoid.
Each category drives different design choices: large detection models require vast amounts of data and
therefore rely on automatically constructed datasets, whereas detailed taxonomies and fine grained
semantic classes are better supported by carefully curated manual annotations.

Effective solutions for layout extraction can also be found in commercial and open source systems.
Grobid [22] is widely regarded as one of the best tools for extracting bibliographic data from scholarly
articles [23], and supports multipage analysis with structured outputs for title, authors, abstract, para-
graphs, section headings and more. Recent pipelines such as MinerU [24] and [25, 26, 27] are able to
detect a rich set of classes (titles, body paragraphs, images, image captions, tables, table captions, inline
formulas, formula labels), and discard headers, footers, page numbers, and notes. Among commercial
solutions, Amazon Textract [28] offers high quality extraction of layout classes such as title, header,
footer, section title, page number, list, figure, table, formula and text.

2.1. Datasets

Building on [1], we review the most used datasets and annotation criteria that are relevant for the
segmentation of scientific articles.

Small-scale, manually annotated University of Washington collections provided early scanned
pages and region ground truth that established evaluation protocols [29]. MARG (medical title pages)
[30] and Prima [31] offer high quality XML annotations for scanned documents and are widely used in
earlier segmentation evaluations. More recently, manually annotated corpora such as those in [18, 19]
have been used to support fine grained layout analysis and to benchmark PDF extraction pipelines.

Task focused (tables/figures) Resources like Marmot [32], CS-150 [33] and CS-Large [34], Fig-
ureSeer [35], DeepFigures [36], and ScanBank [37] are datasets that concentrate on table and figure
detection/extraction. They help develop specialized pipelines (table detection, table structure recog-
nition, figure/caption pairing) and highlight domain shifts between digital born and scanned pages.
Additional table focused corpora, such as those used in [38, 39], support evaluation of table localization
and structure recognition under varied layout conditions.

Large-scale, automatically annotated PubLayNet [40] and DocBank [41] are the most used large-
scale resources for page segmentation. PubLayNet provides hundreds of thousands of pages with
region labels (text, title, list, figure, table) enabling robust detector training. DocBank (arXiv + LaTeX)
supplies token level annotations bridging vision and NLP. TableBank [42], Table2LaTeX [43], PubTabNet
[44], PubTables-1M [45], TabLeX [46], SciTSR [47] and related collections focus on table detection and
table structure recognition at scale, leveraging LaTeX or XML to derive bounding boxes and structural



labels. DeepFigures [36] and PubTabNet [44] show that automatic alignment of XML/LaTeX with PDF
can produce large corpora when carefully filtered, although residual alignment errors and labeling
inconsistencies remain.

Cross domain and multiclass DocLayNet [48] and Dense Article Dataset (DAD) [49] provide
manually verified, cross domain annotations with rich taxonomies (multiple layout classes) to improve
generalization across document types. SciBank [50] and ScanBank [37] extend coverage to scientific
subdomains and scanned theses, emphasizing variation in sources and acquisition quality. HRDOC [16]
shifts the focus from flat layouts to hierarchical document structure, converting multipage documents
into tree representations that support evaluation of multipage reconstruction methods.

Textual/large metadata (limited geometry) S20RC [51] and UnarXive [52] are large parsed
corpora (JSON/LaTeX) providing rich textual and citation metadata for millions of papers, widely used
for retrieval, pretraining and weak supervision, but generally lacking geometric annotations unless
paired with PDFs. S20RC, built on Semantic Scholar [53], integrates citation graphs via Microsoft
Academic Graph/S2AG [54], while UnarXive [55, 52] extracts text and citations from LaTeX using
LaTeXML, Tralics, and Grobid, and incorporates metadata from OpenAlex [56]. These resources support
high quality text and citation extraction and have been used to build ground truths for evaluating PDF
conversion tools [57]. Article Regions Dataset (ARD) [58, 59] provides geometric annotations for single
page documents, while other datasets [60, 61] adopt JSON based structural representations, highlighting
the importance of flexible formats in large-scale scholarly document processing.

2.2. Annotation strategies and procedures

Annotation strategies fall into three classes: manual (high fidelity, low scale), automatic (LaTeX/XML
alignment, high scale, possible noise), and generative/synthetic (layout generators, domain randomization,
useful for augmentation). Automatic pipelines exploit LaTeX or XML tags to mark regions and then
extract colored masks; alignment methods use string matching (Levenshtein, TF-IDF) to pair logical XML
segments with PDF text. These methods are used to build datasets such as PubLayNet [40], DocBank
[41], TableBank [42], PubTabNet [44] and PubTables-1M [45]. Manual tools (Aletheia, VIA, PAGE) are
still used for quality control and domain specific corpora like DocLayNet and DAD, as well as in more
recent efforts for hierarchical structure annotation [18, 19]. Synthetic generation and augmentation
strategies [20] further enrich the diversity of training data when manual annotation is too costly.
The most widely used resources for training modern layout models are high scale, automatically
constructed datasets. While these corpora are indispensable for scaling deep learning approaches, their
annotation pipelines inevitably introduce geometric and semantic noise that is rarely revisited after the
dataset release. A systematic post processing or consistency checking of these resources before they are
used to train downstream models is still lacking. This work directly addresses this gap by proposing an
automatic relation-driven refinement framework that exploits geometric, reading order and semantic
relations among layout elements to detect and correct incoherencies in existing large-scale datasets.

2.3. Open challenges in document segmentation

In this scenario, our work targets several issues in scholarly document segmentation, including multipage
versus single page analysis, taxonomy interoperability, annotation noise, and reading order extraction.
By analyzing and normalizing these aspects, we are able to produce datasets that are more consistent,
complete, and reliable, enabling improved training of models and better downstream performance in
tasks such as information extraction and document parsing. Our research focuses on:

« Single page/whole document segmentation: most large corpora and models are page centric;
handling multipage structures (multipage tables, distributed figure references, cross page sections)
remains challenging [16, 17]. Multipage representations in datasets such as HRDOC [16] are still
the exception rather than the rule.

« Scanned documents: digital born vs. scanned pages show strong differences in effectiveness;
models trained on PubLayNet and DocBank may fail on scanned or older formats [1, 37, 50].
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Figure 1: Post processing pipeline: from error detection to error resolution

« Taxonomy interoperability: inconsistent class sets hinder transfer and dataset merging [1, 48,
24, 28]. Aligning dataset label spaces with document ontologies is an open research direction.

« Annotation noise and calibration: automatic annotation pipelines need robust filtering and con-
fidence estimation to bound label noise [36, 44, 57]. Large text corpora such as S20RC and UnarX-
ive [51, 52] lack consistent geometric grounding, making hard to reason about layout and content.

« Reading order extraction: most datasets lack explicit reading order annotations, forcing models
to infer sequences from geometry or OCR flow [62], [63]. Common patterns (e.g. title — author
— abstract or figure — caption) are therefore unstable, making it difficult to detect misplaced or
missing front matter elements without dedicated post processing.

While several works address document layout analysis through rule based post processing or con-
sistency checks embedded in downstream pipelines, these methods are commonly not designed as
general purpose tools for dataset inspection and correction. To the best of our knowledge, there is
currently no prior work that explicitly addresses automatic inspection and correction of document
layout analysis datasets at the annotation level. In this sense, the present work constitutes a first step
toward a dedicated framework for dataset-level validation and correction in DLA.

3. Framework definition

The proposed framework (Figure 1) operates as a pipeline for post processing and cleaning large
document layout datasets such as DocBank. The architecture is modular and integrates components for
XML extraction, visual relation detection, statistical evaluation, and dataset correction. Each module
of the pipeline serves one of the project aims: learning and verifying the relations between elements,
checking coherence, and generating a corpus that is as error-free as possible.

3.1. Relation extraction from page images

The spatial and relational analysis of document elements is analyzed parsing the JSON COCO anno-
tations. Each annotated page is loaded together with its bounding boxes and categories. The system
computes pairwise relations between elements through geometric properties such as distance, contain-
ment, and relative positioning. The result of this computation is stored as axioms: [classA, relation,
classB] and aggregated across the dataset.



Proximity relation definition (near)

Proximity relations (Figure 2) such as near express geometric adjacency and are used to detect missing
or misplaced captions, figures, and tables.

Geometric and logical rules:

1. Definition of Proximity (near): Two elements (a, b) are considered near if the distance between
at least one pair of their bounding box edges is less than an estimated threshold. This value
is approximated as the median distance between table/caption and figure/caption annotations
learned from the DocBank dataset, and is found to be ~ 30 pixels. Since the proposed framework
is designed to operate at scale on large corpora containing exclusively scholarly documents (like
DocBank), these confidence measures are able to capture highly recurrent layout patterns in
this domain (e.g. Figure 3). Consequently, rare or borderline configurations are excluded by the
filtering criteria derived from these statistics.

(a,b) € near < distance(a,b) < 30px

(a,b) € distant < (a,b) ¢ near

2. Hard proximity constraint (hard_near): A pair of classes (A, B) satisfies the hard proximity
constraint if: (Va € ClassA : 3b € ClassB : (a,b) € near) A (Vb € ClassB : Ja € ClassA :
(a,b) € near).

3. Error rule: An error occurs if a hard proximity constraint is not satisfied (i.e., elements that
should be near are distant).

(ClassA, ClassB) € hard_near Aa € ClassAAb € ClassB A (a, b) € distant = ERROR(a, b)

Directional relation definition (below)

Directional relations (Figure 2) such as above and below compare the vertical positions of layout regions
on the page, supporting error detection including misplaced titles or footers (e.g. Figure 4). This relation
is more informative on the first page of the article, hence the analysis is restricted to that page.

Dataset annotations

l |
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Figure 2: Rules for error detection
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Figure 3: Examples of proximity violation. Figures are statistically found to be near a caption. In this example
(a), the absence of the figure bounding box near the caption is indicative of a recognition error, as well as in (b)
the absence of both caption bounding boxes near the figures (best viewed in color).

Geometric and logical rules:

1. Definition of Below (below): An element « is considered below an element b if its vertical
position is greater than b’s vertical position.

(a,b) € below < vertical_pos(a) > vertical_pos(b)

Example: The footer class is statistically found to be below every other region (Table 1).

2. Hard directional constraint (hard_below): (ClassA, ClassB) € hard_below = VYa €
ClassA, Vb € ClassB : (a,b) € below.

3. Error rule: An error occurs if an element that should always be below another, according to the
hard constraint, is not.

(ClassA, ClassB) € hard_below A a € ClassA Ab € ClassB A (a, b) ¢ below = ERROR(a, b)
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Figure 4: Example of directional violation. In (a) the order of bounding boxes is found as expected. In (b),
according to the relation analysis, the footer class should be below each other class and it is detected as a
candidate error (best viewed in color).



Table 1
Preliminary confidence analysis of directionality for the below relation on a subset of 1000 documents from the
DocBank dataset.

Class A Class B Directionality (%) Support H Class A Class B Directionality (%) Support

section title 0,998 252 footer list 0,988 42
author title 0,997 165 date title 0,986 36
abstract  title 0,996 138 footer section 0,984 528
footer title 0,995 108 figure title 0,977 21
abstract  author 0,995 279 caption  title 0,974 18
equation  title 0,991 54 caption  figure 0,940 1257

Semantic relation definition (overlap + disjoint)

Semantic relations (Figure 2) such as disjoint and subclass encode constraints derived from the document
ontology DoCO' [64]. These relations ensure that incompatible classes (e.g. caption and section) do not
overlap in the visual representation of a document.
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(a) (b)
Figure 5: Examples of overlapping bounding boxes corresponding to disjoint classes (best viewed in color).

To enable the application of the constraints defined in the ontology for the considered layout elements,
we exploit the DoCO relations and verify the admissibility of overlaps. Layout elements bounding
boxes are represented as rectangles (z,y, width, height) on a page, allowing the identification of
geometric overlaps; the relations defined in the ontology allow us to further refine this set excluding
the layout classes that are involved in a disjoint relation, allowing to formally check for geometric
overlaps and detect disjoint constraint violations. We call these specific kind of errors semantic overlaps,
corresponding to recognition errors when disjoint classes geometrically overlap (e.g. Figure 5). Overlaps
are classified as admissible or not (errors) based on the owl:disjointWith constraints in the ontology.

All Disjoint Classes

back matter, body matter, captioned box, chapter, complex run-in quotation, footnote, formula, formula box,
front matter, list, part, section, table

abstract, afterword, appendix, colophon, foreword, glossary, index, list of figures, list of tables, preface, TOC

label, paragraph, subtitle, title

list of authors, list of contributors, list of organizations

sentence, simple run-in quotation, text chunk

Table 2
General axioms of the DoCO ontology; underlinings are involved in the not admissible overlaps shown in Figure 5a.
Geometric and ontological rules

To exploit these relations for layout recognition improvements, we analyze the interactions among
ontology classes and their corresponding spatial instances. We distinguish between geometric overlaps

'https://sparontologies.github.io/doco/current/doco.html#d4e145
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and semantic overlaps: while some geometric overlaps between bounding boxes are admissible (e.g.
a Formula overlapping Abstract), semantic overlaps indicate recognition errors when the associated
overlapping classes are disjoint in the ontology [65].

1. Definition of overlap (overlap): Two bounding boxes A and B overlap if:

x4 < zp+ widthp Azp < x4 + widthy Aya < yp + heighty A yp < ya + height 4

with intersection over union (IoU) > 0.1.
On the contrary, they do not overlap if one is entirely to the right or below the other:

T4 +widthy <zp V xp+widthg < x4

ya +heighty, <yg V yp+heighty <yau

2. Ontological disjoint constraint (disjoint): ClassA and ClassB are disjoint if the ontology
specifies a disjoint relation:
(ClassA, ClassB) € owl:disjointWith

3. Semantic overlap error rule: A semantic error occurs when elements of disjoint classes
geometrically overlap:

a € ClassAAb € ClassBA(a, b) € overlapA(ClassA, ClassB) € owl:disjointwith = ERROR(a,b)

Reading order relation definition (follows, precedes)

Reading order relations (Figure 2) such as follows describe the logical progression of textual components,
applied primarily to extract the relative order of front matter elements (e.g. Figure 6). These include
typical ordered chains such as title — author — abstract on the first page. Violations can reveal missing
or misplaced metadata blocks.
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Figure 6: Examples of class reading order violation. The typical class reading order in the first page is found to
be title, author, abstract, section. In case (a) title and author are missing, indicating likely a recognition error.
The same holds for the lack of the author section between title and abstract in (b) (best viewed in color).

Once the expected sequence is statistically derived, any deviation from this pattern, either an incorrect
ordering or the absence of one of the required classes, can be flagged as an error.

Logical rules:
1. These relations describe the expected position of elements; for instance, on the first page, a title
is statistically found to be above the author list, which in turn precedes the abstract.
2. A violation occurs when the extracted order does not respect the learned sequence (e.g. title —
author — abstract), or when one of the expected classes is missing in known sequences.



3.2. Visualization and statistical confidence

To support qualitative inspection and facilitate error analysis, we provide a dedicated visualization
module based on ImageDraw. This component renders both bounding boxes and the detected relations
directly on the page image, encoding relations as colored arrows annotated with textual labels. The
resulting preview allows for rapid visual validation of both the spatial configuration of the layout
elements and the relations inferred by the constraint analysis.

Beyond visualization, the framework computes a set of frequency based statistics that quan-
tify the reliability of each detected relation. These statistics are derived from triples in the form
(classA, relation, classB) extracted from the annotated corpus and are used to estimate confidence at
three complementary levels: local, global, and document level.

+ At the local (page-level) scale, confidence is estimated by measuring how frequently a given
relation instance occurs within a page relative to other relations of the same type. This captures
whether a relation is locally dominant or anomalous in the context of a single layout, and helps
identify isolated violations that deviate from the page’s prevailing structural pattern.

« At the global (corpus-level) scale, we compute normalized frequencies over the entire dataset.
In particular, we measure how often a specific (classA, relation, classB) triple occurs relative to
all instances of the same relation, and its frequency relative to all extracted relations. These global
statistics capture how characteristic a relation is for a given pair of classes and serve as a prior
reflecting dataset-wide regularities.

+ At the document-level, confidence is estimated by measuring the consistency of a relation
across multiple pages belonging to the same document. Specifically, we compute the proportion
of documents in which a class A appears that also contain at least one instance of the relation
(classA, relation, classB). This metric rewards relations that recur systematically within docu-
ments and penalizes sporadic or document-specific artifacts, thereby filtering out noise introduced
by individual page layouts.

To support these three dimensions, we compute several associative and directional measures to further
characterize the strength and asymmetry of relations. These include a smoothed directionality score that
compares the frequency of classA — classB against its inverse, a log-odds ratio quantifying how strongly
a relation favors one direction over the other, and a normalized pointwise mutual information (NPMI)
score capturing the degree of statistical association between the two layout classes beyond chance. This
multilevel confidence estimation makes corrections interpretable and reproducible, supporting both
automated analysis and human validation by leveraging relation frequencies at the page, document,
and corpus levels. While the framework is designed to support the definition of decision thresholds
over individual confidence measures, in the current prototype such thresholds are not yet fixed. Instead,
the statistics are computed and analyzed comparatively to assess which measures are most suitable for
characterizing stable layout regularities. Each measure captures a different notion of regularity, spanning
local layout frequency, corpus-level recurrence, document consistency, directional asymmetry, and
semantic association. In this setting, we investigate how these measures behave in practice to identify
which ones are most informative to highlight stable layout patterns. Among the semantic association
metrics, Normalized Pointwise Mutual Information (NPMI) emerges as particularly promising, as it
emphasizes semantic associations between the classes while mitigating the effect of globally frequent
classes. For this reason, NPMI is currently being explored as a soft criterion to prioritize relations that
are likely to reflect recurrent structural regularities, rather than as a single decision function.

3.3. Violation detection and LLM correction
The axioms collected from the annotated pages form the structural constraints of the dataset that are
exploited to detect recognition errors. From these relations, high confidence associations are selected as
requirements. Based on the existence of a relation among the present layout classes, the system may
detect a violation. The violations that we consider are the following:
« Proximity violations: figure without nearby caption, or caption not linked to any table/figure;
- Reading order violations: incorrect ordering in first page sequence (title — author — abstract);



+ Directional violations: elements consistently appearing below the expected position (e.g.
misplaced header or footer);
« Semantic violations: overlapping and mutually exclusive regions such as title intersecting caption.

At current stage of development, the framework is limited to correction of semantic violations. After
the heuristic and relation based error detection phase, error correction is enforced using a multimodal
vision/language LLM. The model takes as input the page image containing the detected violation, the
JSON COCO representation, and the list of inconsistencies. By jointly reasoning over visual layout
and textual semantics, the LLM removes incorrect bounding boxes, enhancing the overall correctness
of the input dataset. To implement this, the coordinates of layout classes involved in each error
relation are integrated into a dedicated module that interacts without supervision with the open source
multimodal gwen3-v1:235b-cloud model via the Ollama API, with temperature set to 0 to encourage
low variance behavior. The labeled regions are given in the JSON COCO format: {"id", "image_id",
"category_id", "segmentation", "area", "bbox", "iscrowd"}. Given the image, its
annotations, and the error list in the same format, the LLM is asked to classify the bounding boxes in
each error relation as correct or incorrect, guided by prompts that indicate the meaning and expected
content of each layout class based on the retrieved context.

Currently, the system supports only semantic overlaps correction; in these cases the LLM evaluates
the consistency of the content within the bounding boxes and any box classified as inconsistent is
removed by the correction logic. The prompt includes the page image together with the labels and
coordinates of the overlapping bounding boxes, expressed in the DocBank COCO format, and explicitly
highlights the pair of blocks involved in the semantic violation.

The LLM is instructed to determine which of the overlapping bounding boxes is incorrect by rea-
soning over the expected semantic content (class label) associated with each region. To ensure correct
integration within the workflow and reduce hallucinations, the prompt constrains the LLM to select one
of the provided bounding boxes without altering labels or coordinates, and to return only the incorrect
block in the original format, so that the rest of the logic can remove it from the annotations and update
the remaining indexes accordingly. For relational constraints, such as below and upon relations, the
LLM can be leveraged as well to assign the appropriate label to boxes whose positions deviate from
expected spatial patterns. Proximity violation corrections (near) can effectively be performed adding
bounding boxes based on detected omissions. At current stage of development this functionality, along
with the handling of reading order violations, has not yet been implemented. Compared to identifying
segmentation errors without any prior indication of their location, this strategy is expected to produce
better results because it directs the model to specific text regions that are presumed to contain the
errors, thereby making the correction process more effective.

The corrections performed by the LLM can be integrated into a new version of the dataset (e.g.
DocBank-Clean) that builds new annotation files preserving the COCO format, proposing an improved
version in which geometric inconsistencies are fixed by adjusting coordinates or merging unpaired
bounding boxes; sequential violations are corrected according to the learned follows/precedes relations,
and semantic conflicts are resolved through the ontology based checks.

3.4. Discussion

We conducted exploratory analysis on a limited subset of the DocBank dataset (1000 pages). Within
this sample, our study reveals several annotation inconsistencies among geometric and semantic layout
constraints. Beyond early feasibility analysis, quantitative evaluation (including large-scale precision
estimates and downstream DLA experiments on original versus cleaned data) is left to future work,
as it requires curated ground truth and dedicated experimental protocols. Although the scale of the
experiments does not allow for statistically significant conclusions, our early results show that structural
inconsistencies can be systematically detected through the application of explicit layout constraints.
The current results indicate that the system can automatically identify and resolve identified violations,
suggesting that extending the analysis to the entire data set could improve structural coherence. To the
best of our knowledge, this is the first approach that explicitly addresses structural layout inconsistencies
in large-scale DLA datasets by formalizing layout relations and combining them with multimodal LLMs;



prior pipelines that aim to improve model outputs rely on implicit heuristics and do not reason explicitly
about layout relational coherence. Although the current prototype employs a very large LLM, many
violations admit simpler resolution strategies, performing lightweight classification tasks (e.g. wrong
labels or proximity errors). These cases can also be handled using less demanding models, or even
purely symbolic methods, which may suffice for most corrections. Our choice is motivated by the
cloud-based availability of the model, which avoids the local computational overhead.

Quantitative downstream evaluation is left for future work; the present contribution focuses on dataset
inspection and correction. The results illustrate the potential of explicit layout constraints to support
the analysis and improvement of internal consistency in large-scale document layout datasets. The
framework is designed to be extensible, supporting future large-scale evaluations and the development
of cleaner, semantically consistent resources for training vision-language document models.

4. Conclusions and future work

This work introduces a relational and multimodal strategy for assessing and ensuring the structural
coherence of large-scale document layout datasets. Instead of treating layout elements as independent
annotations, we model their mutual dependencies through geometric, sequential and semantic relations,
and use these relations to reveal incoherent or implausible configurations in automatically generated
ground truth, exploiting relations learned directly from data. The proposed system combines heuristic
relation extraction, statistical confidence modeling, and a multimodal vision/language LLM that operates
as a corrective layer over existing annotations. In a preliminary proof of concept on a small subset of
DocBank, this relational perspective showed effective in detecting typical sources of incoherence, such
as missing or misplaced captions and front matter elements, and in suggesting corrections that lead to
more consistent page structures. These early experiments performed on the DocBank dataset reveal that
even widely used resources are affected by non negligible structural noise stemming from PDF-to-XML
alignment, incomplete region labeling, and violations of expected reading order. Although the current
study does not aim at a definitive quantitative assessment, it describes the potential of relation-driven
post processing for dataset curation, introducing automatic corrections and explicit coherence indicators.
The definition of the framework and the DocBank based prototype lay the foundation for future cleaned
releases and for more extensive benchmarking on larger portions of DocBank and on additional corpora
such as PubLayNet and DocLayNet, with the broader goal of supplying more reliable training material
for document understanding models.

Future work

Future developments will extend this strategy in several directions. We plan to scale the coherence
analysis to full datasets such as DocBank, PubLayNet and DocLayNet, running the pipeline on all
pages, extracting more relations, and computing relevance metrics. This will allow a systematic
comparison of structural noise across corpora and the release of cleaned variants (e.g. DocBank-Clean,
PubLayNet-Clean, DocLayNet-Clean) together with relation analysis and evaluations.

We also aim to generalize the model to multilingual articles, specifically where reading order and
typographic conventions differ from Western layouts. By combining language aware signals with
geometric reasoning, we plan to study how relational distributions change across languages and how
coherence constraints must be adapted to support archives such as arXiv, HAL, and CNKL

Another direction concerns generative data augmentation. Diffusion based layout generators and
synthetic document simulators can be used to create controlled page structures with known relational
ground truth. The multimodal LLM will be extended to bounding box correction and multipage
reasoning, enabling detection and fixing of inconsistencies that span several pages (e.g. repeated
titles, displaced references, figure and caption misalignments). Document level attention and memory
mechanisms can be implemented to aggregate relational evidence and evaluate coherence beyond single
page layouts. Finally, we plan to integrate coherence constraints directly into model training, using the
coherence score as an auxiliary objective to encourage structurally consistent predictions. We also aim
to evaluate whether training on corrected datasets improves downstream tasks such as information
extraction or document parsing, and how such corrections impact overall performance.
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