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 a b s t r a c t

Computational understanding of documents is focused on visual and text analysis, building upon computer vision 
and natural language processing. With the advent of transformers document understanding is even more shifted 
from the actual comprehension of documents, which relies on concurrent perception of text, layout elements 
and document structure, to convoluted feature representations. Recent trends for providing unified access to 
such representations go towards Large Language Models (LLMs). However, these models have limitations: they 
lack explainability, demand significant resources for training and inference, and are not well suited for processing 
extensive inputs nor for direct application in specialized domains.
 This paper aims at creating a comprehensive interface for document analysis, enabling multi-layered explo-
ration and integrating diverse features and contextual information. By bridging diverse information, our work 
pursues the identification, characterization, and linking of visual elements to semantic and contextual data, lever-
aging LLMs for interoperability. This enables a unified access to textual, visual, and structural layers, embedding 
levels of structured knowledge directly in the LLM context. Recent advances in Retrieval Augmented Generation 
(RAG) are also exploited to address some LLM limitations related to context length, allowing access to latent 
information from document representations such as graph and vector embeddings. The association of structural 
information to visual data allows formal analysis of documents and is exploited in our model to enhance visual 
recognition, improved through multi-modal LLM correction supported by ontology-based constraint violation 
detection. The framework enables semantic retrieval over extracted information, providing direct access to the 
document structure which can be exploited in many applications such as Question Answering (QA) and document 
understanding.
 As a result of this work, the DocLap (Document Layout Parser) system for document analysis and retrieval 
is proposed, which enables the extraction of visual and semantic features from documents and makes them ac-
cessible through natural language in an integrated framework providing conversational reasoning. The system’s 
segmentation, error detection, and information retrieval capabilities are extensively evaluated through experi-
ments.

1.  Introduction

In recent years, document analysis has attracted significant atten-
tion, driven by the rapid growth of online media publishing and by com-
mercial interest in analyzing documents of specialized sectors such as 
medical, legal, and financial. Narrowing the field to scientific literature, 
readers are able to understand the document meaning exploiting differ-
ent kinds of contextual information like layout information and geomet-
ric properties of the elements which come along with text. The produc-
tion of scientific literature is typically shared with unstructured media 
like PDFs and accessing different types of knowledge requires users to 
make several separated queries, linking data from different sources and 
keeping the original context at the same time.
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This paper aims at extending the research field of Visual Document 
Understanding (VDU) in the scientific literature domain through the 
association of text semantics to visual features, merging them in a 
shared structure which allows multi-modal document exploration. The 
main challenges in this work can be found in the following three areas.

Semantic segmentation. The association of semantics to visual data 
is a prominent research problem in computer vision, including tasks 
like object recognition, image captioning, and image segmentation. 
In document analysis, the goal is to understand content by extracting 
the geometric properties of visual elements, such as figures, tables, and 
text, as well as layout components like columns, footnotes, and titles, and 
assigning them to semantic categories. Many document understanding 
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systems are limited to text blocks and figure/text classification, lacking 
domain specific recognition (e.g. keywords, formulas, and chemical 
structures). The scientific literature, with its variety of visual and 
textual content, is particularly suitable for semantic segmentation and 
offers an excellent environment for exploiting associations between 
representations. However, these representations are limited by their 
lack of interoperability and relying on images restricts document 
analysis to a single page. When considering the whole document, the 
problem becomes much more complex since inter-page relations and 
semantic regions spanning through multiple pages must be considered. 
Building on recent document segmentation architectures, our frame-
work provides multi-page annotations and, by combining different 
layers of information (visual information and semantic relations), is 
capable of improving their performance. This also plays a significant 
role in reducing the impact of automatic annotation errors and labeling 
errors in large-scale datasets, which are commonly used to finetune 
models for downstream tasks.

Semantic integration. The integration of different document 
attributes can be pursued by merging extracted information into 
shared structures. This is useful to retrieve information about visual 
and layout elements in the document, or to get context information 
about the publication such as the author or the DOI. The presence of 
a formal structure helps maintain and extend context. Relations can 
also be exploited to identify structural constraint violations, such as 
overlapping layout elements, and to allow category-based searches. To 
achieve such awareness multiple layers of the same data have to be 
considered and an exhaustive semantic characterization of the entities 
is necessary. By combining visual information with ontology-based 
relations, we propose a framework that is able to detect and correct 
recognition issues such as overlap errors and inconsistencies between 
layout classes. This is achieved by introducing a post-processing 
strategy based on formal semantics that improves segmentation quality 
across different engines.

Information access. Recent trends for navigating different layers of 
information go towards intelligent agents capable of understanding both 
the subject of the query and its broader context, as well as the back-
ground of the user. Such agents are able to understand questions and 
to provide coherent answers spanning through different layers of infor-
mation, adapting solutions and recommendations as the conversation 
evolves and learning what to say also from the dialogue. The reliance of 
visual question answering systems on document images results in lim-
ited awareness of the overall document and in the absence of contextual 
or domain-specific information. However, in real scenarios documents 
are mostly composed of multiple pages that should be processed alto-
gether.

One of the goals of this work is to link different layers of informa-
tion to visual media across the whole document and make them inter-
operable through conversational agents. We therefore propose a system 
that allows an interactive and conversational interface with documents 
from which different information layers (document annotations, struc-
ture and content) can be accessed.

This paper presents original contributions that advance the fields of 
analysis and interaction with scholarly documents by integrating differ-
ent document representations and making them easily accessible to the 
user.

In particular, our main achievements can be identified in:

• building a comprehensive interface to allow multi-page navigation 
and a conversational interaction with scholarly documents;

• performing explainable association of layout information to visual 
and text data;

• enhancing detection of visual recognition anomalies exploiting se-
mantic constraints and LLMs for their correction;

• allowing multi-layer interoperability through large language models.

To this end, we propose a framework that improves document seg-
mentation and corrects recognition anomalies using visual, textual, and 
semantic information, enhanced by semantic constraints analysis and 
LLMs. Our framework is provided with a comprehensive interface for 
multi-page interaction, both navigational and conversational. It per-
forms associations between layout and content and supports multi-layer 
interoperability to enhance access to scholarly documents.

Although the results of our research are primarily realized and eval-
uated within the context of existing pipelines, we aim to demonstrate 
their generality beyond the specific technologies used in our prototype. 
To this end, we quantitatively evaluate these improvements across mul-
tiple systems. This supports the view that our findings can be generalized 
across different pipelines and instantiated within a broad range of archi-
tectures. Consequently, the proposed system should not be interpreted 
as a novel end-to-end pipeline for segmentation and question answering, 
but rather as a reference implementation illustrating how targeted im-
provements can enhance existing pipelines performing the same tasks, 
independently of the specific components employed.

In particular, the main contributions of this work are to show how 
segmentation outputs can be improved through the application of ex-
plicit formal constraints, and how question answering performance can 
be improved by optimizing the context provided to an orchestrating LLM 
through automatic user query classification. The segmentation optimiza-
tion mechanism detects inconsistencies arising from unintended spatial 
overlaps between semantically disjoint elements (e.g., a table over its 
caption). In such cases, the system detects the violation and enforces its 
correction through LLMs, that are also used for query classification.

2.  Related work

The review of the state of the art focuses on three distinct and related 
research areas: computer vision, knowledge representation, and Natural 
Language Processing (NLP). Comprehensive processing and interaction 
with scholarly documents requires addressing current limitations in doc-
ument layout segmentation systems (Section 2.2), semantic and context 
processing (Section 2.3), and question answering systems (Section 2.4). 
General purpose and domain specific datasets provide essential comple-
mentary resources in this context and are reviewed in Section 2.2.

Examining these areas allows us to place our work within the cur-
rent literature and to contextualize our contributions, which improve 
document segmentation through semantic coherence checks and formal 
constraints analysis, while enabling multilayer document exploration 
through conversational agents that mitigate LLM long context limita-
tions through question classification.

2.1.  Text and layout segmentation

Text extraction from scholarly documents can be approached 
through multiple strategies, some of which aim to preserve the logical 
and structural organization of a document. Relations among layout ele-
ments are commonly inferred by associating visual cues such as spatial 
position and typographic features with document components (Xu et al., 
2020), Park et al. (2019). In other cases, when suitable source files are 
available, the neded information can be obtained by converting docu-
ments into structured representations such as XML (Lopez, 2009). While 
effective for downstream processing, these approaches inevitably intro-
duce conversion errors, limiting the reliability of the extracted struc-
tures.

To mitigate this issue, several works leverage the original document 
sources (when available), where structural information is explicitly en-
coded and can serve as a faithful reference. Many of these solutions rely 
on text and LaTeX parsing, which are able to preserve logical structures 
more accurately than visual extraction methods. In this direction, exist-
ing datasets and tools for scholarly document analysis primarily focus on 
layout analysis, text and visual element extraction and structure iden-
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tification, often addressing challenges related to layout variability and 
interoperability.

Representative tools for converting LaTeX into XML include Pan-
doc (MacFarlane, 2012–2025) and NIST’s LaTeXML (Ginev et al., 2011), 
Ginev and Miller (2013), Ginev et al. (2014), the latter serving as the 
backbone of the recent Ar5iv project (Müller, 2023). LaTeXML con-
verts LaTeX documents into XML while retaining a substantial portion 
of the original semantic markup, enabling further transformation into 
formats such as HTML, EPUB, JATS, and TEI. This semantic fidelity 
distinguishes it from other LaTeX-to-XML processors and motivates its 
use in maintaining continuously updated corpora of ArXiv documents. 
Alternative approaches prioritize human-readable unicode output from 
LaTeX sources, but typically do so at the cost of reduced structural ex-
pressiveness (Grimm, 2008).

Overall, existing approaches expose a trade off between visual flex-
ibility and semantic coherence, while lacking explicit mechanisms for 
validating structural accuracy. This gap motivates the exploration of 
methods that integrate source-aware representations with semantic con-
sistency checks.

2.2.  Document segmentation

Various approaches exist for identifying layout elements in visually 
structured documents, typically targeting specific layout classes like ta-
bles, formulas, or bibliographic references. Logical structure identifica-
tion is often driven by visual features, though some methods use text and 
font features with transformers and transfer learning. Most approaches 
rely on OCR and TEI-XML conversion (Tkaczyk et al., 2015); for multi-
page documents, current methods process pages independently with 
Mask R-CNN and language models, aggregating structure afterward.

The complexity of document structure induction from PDFs has led 
some efforts in the NLP community towards manual annotation of docu-
ments (Neumann et al., 2021), LabelImg (2022), which is inconvenient 
given the amount of data needed to train recent machine learning mod-
els. To this end, data augmentation can also be performed (Pisaneschi 
et al., 2023) on these datasets.

With respect to automatic segmentation systems, there are several 
different approaches for identifying and classifying layout elements. A 
large number of them is specific for a single layout class like tables 
(Shafait & Smith, 2010), charts (Tanasă & Oprea, 2025), formulas (Tran 
et al., 2021), bibliographic references (Lopez, 2009) and many others.

According to Tkaczyk et al. (2018), Grobid is a well established 
tool for extracting bibliographic data from document images; it allows 
multi-page analysis and it is able to extract also other data related to 
title, authors, abstract, paragraphs, section headings, etc. Logical structure 
recovery is usually performed exploiting visual features, with few ex-
ceptions that rely only on text and font features (Huang et al., 2022a), 
Kashyap and Kan (2020), Shinyama (2015) making use of transformers 
and transfer learning. Some approaches try to extract the logical struc-
ture of visually structured documents by using OCR tools and R-CNN- 
based approaches. The problem can be seen as the prediction of transi-
tion arc labels among text blocks that are mapped to a tree (Koreeda & 
Manning, 2021).

Whole document analysis increases the problem complexity, requir-
ing to take into account relations between elements in different pages or 
semantic regions that span through multiple pages. To this end, some ef-
forts (Arif Demirtaş et al., 2022) attempted to extract inter-page depen-
dencies in the form of triples like [head page, next, continuation and 
[head page, back, back page using a neural-based dependency parser 
built upon SpaCy. These strategies are multi-modal, as they rely on 
visual feature extraction for both structure and text features. In fact, 
approaches like DocParser (Rausch et al., 2021) and DocStruct (Wang 
et al., 2020) succeed in extracting several semantic regions and their 
relations from documents, although being based on document render-
ings limits the extraction to a single page. DocParser is also exploited in 

HRDOC (Ma et al., 2023) to evaluate the hierarchical multi-page docu-
ment reconstruction.

More recent segmentation approaches make use of LLMs and include 
multi-modal reasoning, that is particularly relevant for complex layout 
classes such as tables and figures. Approaches like M-LongDoc (Chia 
et al., 2025) demonstrate that long documents require specific strategies 
to maintain robustness when reasoning over multi-modal documents. 
Architectures like MDocAgent (Han et al., 2025) leverage specialized 
agents for text and images to integrate visual and textual cues, improv-
ing the detection of figure/caption and table/caption associations and 
enhancing overall segmentation accuracy. DocKylin (Zhang et al., 2025) 
addresses the computational challenges of high resolution visual layouts 
by performing slimming at pixel and token level, enabling more efficient 
and focused processing of dense tables and charts. Liu et al. (2025) 
proposes an approach that preserves document structure by encoding 
document elements using the LaTeX paradigm. This method maintains 
hierarchical and spatial relationships, guiding attention toward semanti-
cally meaningful regions and reducing errors in segmentation and ques-
tion answering. Finally, Docopilot (Duan et al., 2025) provides a native 
multi-modal model capable of handling multi-page dependencies with-
out external retrieval, improving coherence and accuracy for complex 
document structures.

Effective solutions for layout extraction can be found in commercial 
and open source systems. MinerU (Wang et al., 2024b), He et al. (2024) 
is able to detect titles, body paragraphs, images, image captions, tables, table 
captions, image table notes, inline formulas and formula labels (Zhao et al., 
2024), Wang et al. (2024), and discard classes (such as headers, footers, 
page numbers, and page notes). While MinerU is designed primarily to 
convert PDFs to structured content, alternative approaches offer end-to-
end pipelines: the recent PP-StructureV3 (Cui et al., 2025a) is a leading 
example that integrates PaddleOCR (Cui et al., 2025b), layout analysis, 
table and formula recognition, and document reconstruction, supporting 
a wide range of document intelligence applications.

Among commercial solutions, Amazon Textract (Amazon Web Ser-
vices, 2025) delivers excellent results, being able to extract layout 
classes such as title, header, footer, section title, page number, list, figure, 
table, key value (formula) and text, also offering question answering func-
tionalities. However, these systems primarily focus on accurate content 
extraction and readability, with limited emphasis on validating the se-
mantic coherence of extracted layout relations or supporting structured, 
document-level interaction.

Even if HRDoc and DocStruct address hierarchical reconstruction at 
different granularities, they remain limited to structural recovery and 
do not provide mechanisms for validating the semantic coherence of 
layout relations across pages. Furthermore, although several systems 
such as DocStruct can generate multi-page annotated datasets or extract 
parent-child relations between visual elements, they often lack interac-
tive interfaces that enable multi-page navigation, inspection, or conver-
sational access to document content. Solutions like MinerU offer strong 
capabilities for layout annotation and content extraction but focus post-
processing on improving accuracy, ordering, and readability rather than 
structural and semantic validation.

2.3.  Semantic linking

Since the semantic web era, the most effective technologies for link-
ing data to concepts have been Linked (Open) Data and ontologies, 
which provide abstract knowledge representations and allow inference 
through relations among entities. Such formal structures represent rela-
tions among document elements independently of the underlying data, 
enabling scalability and supporting reasoning that derives additional re-
lations from those explicitly defined in the model. Ontologies can also 
be extended to link concepts across domains, enabling retrieval of data 
conceptually related to an entity even if not explicitly part of it. Popu-
lating ontologies with data can be automated using NLP and computer 
vision techniques to extract information from raw text and images.
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Fig. 1. The SPAR ontologies (Constantin et al., 2016).

There are both technical and pragmatic reasons (Ciotti, 2018) to 
represent document structures (e.g., TEI-XML) with ontologies (Bedini 
et al., 2011), Eide (2014). Extracting searchable content via NLP and 
computer vision alone does not guarantee preservation of the original 
visual or logical structure, which is essential for performing contextual 
analysis and structured queries. Without a formal structure, all data 
attributes must be explicitly declared, leading to redundancy in stor-
age and computational cost. Modern systems (Formal et al., 2024) use 
indexes and pre-trained models to retrieve large volumes of data effi-
ciently, but they do not provide scalable semantic consistency at low 
computational cost. By defining a structure capable of hosting extracted 
data it is possible to maintain the context and enable its expansion using 
relations that are defined in the structure.

Formal structures can be exploited to detect violations of structural 
constraints, such as overlapping layout elements linked by a disjoint re-
lation, and can support query expansion with semantically related terms 
(Massai, 2024). In scholarly documents, distinguishing a person’s role as 
the author of the paper versus the author of a cited work often relies on 
visual cues such as page location or section placement. Metadata from 
sources like CrossRef (Hendricks et al., 2020) can further enrich missing 
information, linking entities to an extended context.

Significant efforts toward unified ontological modeling include the 
SPAR ontologies project (Peroni & Shotton, 2018), Persiani et al. (2022), 
which integrates several ontologies (Fig. 1), including the Document 
Components Ontology (DoCo) (Constantin et al., 2016), the Pattern and 
Discourse Elements Ontologies (DEO), bibliographic resources and cita-
tion ontologies (Peroni & Shotton, 2012), among others. DoCo combines 
a rhetorical layer describing logical entities such as references, results, re-
lated work, etc with a structural layer linking them to more granular enti-
ties such as title, figure, table, figures, etc. Entities define relations one to 
each other; for example, Sentence includes DiscourseElement when it 
occurs with the attribute inline (Sentence ⊆ deo:DiscourseElement
∩ po:inline). The ontology is populated using PDFX (Constantin et al., 
2013), which extracts 19 layout classes with geometric coordinates from 
PDFs, and Di Iorio et al. (2013) to convert them into Utopia Documents 
XML (Attwood et al., 2010).

Ontology-based approaches demonstrate the value of formal seman-
tics for checking consistency, yet they are typically not designed to en-
hance segmentation robustness or to detect anomalies such as not ad-
missible overlaps or class inconsistencies

2.4.  Visual question answering

Visual Question Answering (VQA) is one of the main points of con-
tact between the communities of natural language processing and com-
puter vision. VQA is often addressed with vision language pre-training 
approaches, which include image to text, computer vision, and video to 
text tasks (Gan et al., 2022). VQA can be exploited to address problems 
like question reasoning, object recognition, and design of conversational 
agents (Achiam et al., 2023).

Most VQA approaches rely on deep learning and multi-modal rea-
soning architectures. Systems such as MDETR (Kamath et al., 2021) and 
CLIP (Radford et al., 2021) use Convolutional Neural Networks (CNNs) 
for object detection paired with BERT models (Devlin et al., 2019) to ex-
tract features from captions and learning visual concepts from natural 
language supervision. Although these architectures effectively learn vi-

sual concepts from natural language supervision, they primarily operate 
at the image level and, with few exceptions (Deng et al., 2025), offer-
ing limited support for document-scale structure and context extraction. 
Also, user-generated data can be used as a large data source for train-
ing, exploiting repositories like ArXiv.; however, relying on completely 
arbitrary layouts can lead to annotation errors. The SPIQA dataset (Pra-
manick et al., 2025), built from 25,859 ArXiv documents and focused 
on images and tables, exemplifies this trend, providing scale at the cost 
of reduced control over semantic consistency and cross-page dependen-
cies.

Natural language provides the most intuitive interface for navigat-
ing and interacting with linked data, motivating the widespread inter-
est in conversational agents and chatbots (Mishra et al., 2022). Although 
these systems can integrate neural models with ontologies (Massai et al., 
2019) and exploit graph reasoning mechanisms (Zhang, 2023) to extend 
the effective context of large language models, their reasoning capabili-
ties remain strongly dependent on the quality and structure of the under-
lying representations. The aims of natural language processing systems 
include intent understanding, dialogue management, and the generation 
of context-aware responses based on conversational cues (e.g., sensor 
data and user preferences); however, these mechanisms alone are not 
sufficient to compensate the errors introduced by large-scale, automat-
ically annotated training data.

Question answering systems can be integrated and trained to respond 
to questions of type Who, What, Where, When, Why on both visual and 
contextual information and can also operate as recommender systems 
by suggesting related topics, authors, or journal information upon data 
ingestion.

Retrieval-augmented generation (RAG) (Yu et al., 2024), Li et al. 
(2022), Gao et al. (2023) can enhance these capabilities by combin-
ing retrieval mechanisms with generative models and enabling access 
to external or domain-specific knowledge bases. However, the effective-
ness of these strategies depends on the quality and coherence of the 
underlying structure, which is hard to construct without supervision 
and difficult to keep up to date. Recent RAG techniques, such as Tool-
former (Schick et al., 2024), exploit APIs to access external tools that 
supplement answers and partially compensate for inherent LLM limi-
tations like long-context issues. Similarly, KnowledGPT (Wang et al., 
2023) integrates structured knowledge bases using program-of-thought 
prompting, enabling responses to questions requiring broader contex-
tual knowledge. Applications of RAG to scholarly articles include Chat-
DOC1 and PaperQA (Lála et al., 2023), which demonstrate the potential 
of these agents for scientific question answering. Despite leveraging ex-
ternal tools and knowledge bases, these approaches do not necessarily 
improve the quality or reliability of the answers produced; furthermore, 
integrating these systems into larger pipelines remains challenging, par-
ticularly when LLM outputs vary unpredictably, potentially compromis-
ing stability and reproducibility.

Unlike standard NLP tasks, which operate on unstructured text, 
vision-language tasks process visual elements jointly with textual con-
tent. Document images pose additional challenges due to their spatial or-
ganization and heterogeneous visual-textual composition. Models such 
as LayoutLMv3 (Huang et al., 2022b) address these challenges by build-

1 https://chatdoc.com/
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ing on the transformer architecture, incorporating 2D positional embed-
dings and unified visual-text representations and leveraging pre-training 
objectives such as image-text alignment.

Recent surveys on understanding visually rich documents emphasize 
not only deep learning frameworks that integrate text, layout, and vi-
sual features, but also the design of interfaces enabling interactive explo-
ration and structured query over documents (Ding et al., 2024). In the 
context of document visual question answering, work reviewing meth-
ods that combine layout and language understanding highlights persis-
tent challenges in supporting multi-page reasoning and contextualized 
interaction, which is directly related to interface design (Barboule et al., 
2025). Additionally, studies on natural language and dialogue-driven 
interfaces for data visualization demonstrate mechanisms for intuitive 
query and interaction, providing insights that can be transferred to in-
terfaces for document VQA (Shen et al., 2022).

The commitment of major leading companies in developing com-
mercial systems reflects these trends. Google NotebookLM2 supports 
question answering over user-provided PDFs, offering summarization 
and concept mapping functionalities. Amazon Textract3 offers solid seg-
mentation and question answering capabilities for structured documents 
such as pay stubs, financial records, vaccination cards, forms, etc; how-
ever, it supports a limited set of layout classes and operates primarily 
at single-page level, without enabling multi-page reasoning. ChatPDF,4 
currently based on GPT-3.5, offers effective QA over multi-page PDFs 
with strong comprehension of natural language, also featuring summa-
rization and detection of AI-generated content.

While achieving good performance on page-level and standard tasks, 
existing VQA and conversational systems remain largely constrained by 
their reliance on single-page image representations, which limits multi-
page reasoning and the preservation of structural and semantic coher-
ence. Initial efforts have been proposed to address these limitations 
(Napolitano et al., 2024), yet comprehensive document-level reasoning 
and robust long-context support remain open challenges, highlighting 
key areas for further investigation.

2.5.  Datasets

Several multi-purpose datasets exist in the area of scholarly doc-
ument analysis, focusing on layout analysis, text and visual elements 
extraction and document structure identification. The broader datasets 
must deal with the variability of layouts of scholarly articles, addressing 
the difficulties of storing different data types into suitable structures. For 
this reason the most extended datasets rely on flexible data containers 
like XML and JSON formats, which allow versatility for managing such 
a variety of descriptive data.

Among recent datasets for scholarly documents layout analysis 
DocBank (Li et al., 2020) and Publaynet (Zhong et al., 2019) are consid-
ered the most relevant, although they exhibit limited variability in con-
tent and layout, respectively. Moreover, while providing an XML coun-
terpart for the analyzed PDFs, DocBank and PubLayNet cover a few lay-
out categories compared to other smaller datasets and are both based on 
single-page conversion, which excludes applications in whole-document 
tasks like document question answering and document generation. Still 
limited to single-page documents, while having more layout variability 
with respect to Publaynet and Docbank, Doclaynet (Pfitzmann et al., 
2022) presents a document layout annotation dataset in COCO format, 
containing 80k pages manually annotated with 11 layout classes, while 
Markewich et al. (2022) distinguish 43 different layout classes.

Recent datasets like HRDOC (Ma et al., 2023) support document 
structure reconstruction by converting multi-page documents into hi-
erarchical representations, using OCR to generate XML and covering 

2 https://notebooklm.google.com/
3 https://aws.amazon.com/en/textract/
4 https://www.chatpdf.com/en

14 classes. VQA datasets supporting multi-page documents are hard to 
find; among the most recent, comprehensive resources can be found in 
the MP-DocVQA (Tito et al., 2023), the GRAM (Blau et al., 2024) and 
the DUDE datasets (Van Landeghem et al., 2023). These datasets are 
focused on document VQA tasks and aim at fulfilling general purpose 
objectives such as domain generalization and task-agnosticism of the 
understanding process. The DUDE dataset includes a wide range of doc-
ument types and sources. It covers diverse topics and layouts, giving 
full support for multi-page analysis unlike other multi-purpose datasets 
like (Minesh et al., 2020), however having limited layout semantics. 
The lack of valuable multi-page datasets can also be addressed through 
document generation (Pisaneschi et al., 2023).

To the best of our knowledge, the most comprehensive dataset 
is the Semantic Scholar Open Research Corpus (S2ORC) dataset (Lo 
et al., 2020), which is composed by 8.1M open-access PDF-parsed pa-
pers across different academic disciplines. The S2ORC corpus is triple-
size with respect to the open-access subset of Pubmed Central in 2020 
(Roberts, 2001) and the whole dataset is composed by 81.1M academic 
papers obtained from the Semantic Scholar literature corpus (Ammar 
et al., 2018) using ScienceParse and Grobid. Similarly to other relevant 
datasets like (Kershaw & Koeling, 2020) and Bozsolik et al. (2024), infor-
mation is described in JSON format. The lexicon is based on the S2ORC 
data categorization, which has ground in the Microsoft Academic Graph 
and more recently in the Semantic Scholar Academic Graph (S2AG), 
Wade (2022). 1.5M of documents in the corpus are also LaTeX-parsed 
providing near-perfect citation, reference, caption, section header, and 
equation extraction. In the S2ORC repository5 can be found the python 
scripts to parse TEI-XML and LaTeX source into the S2ORC JSON. S2ORC 
can also be exploited for language model pre-training, using citation 
contexts to address tasks like bibliometric analysis and similar papers 
identification.

Other resources take into account LaTeX data as source for integrat-
ing the extracted information. Saier and Färber (2019) use the LaTeX 
source to extract text, citation spans, and bibliography entries, linking 
papers to references extracted with NeuralParscit (Prasad et al., 2018), 
using the Microsoft Academic Graph for metadata resolution. The result 
is the UnarXive dataset (Saier et al., 2023), composed by 1M JSON files 
generated from all ArXiv submissions, which are approximately 1.4M. 
UnarXive exploits LaTeXML for LaTeX parsing and metadata extraction, 
making also use of LaTeXpand6 for aggregating different sources in a sin-
gle XML file. In the most recent version of this dataset full-text, tables, 
figures and equations are also available and the number of documents 
rises to 1.9M. Tralics7 is also preferred over LaTeXML for generating 
the XML data and Grobid replaces NeuralParscit for reference parsing, 
consistently with Tkaczyk et al. (2018) evaluation. Since the Microsoft 
Academic Graph is no longer maintained, OpenAlex (Priem et al., 2022) 
is chosen for reference resolution. An interesting application for this in-
formation source is that it seems well suited for extracting high quality 
plain text and accurate citation information from documents. In fact, it 
has been used to generate ground truths for the evaluation of PDF-to-text 
conversion tools (Bast & Korzen, 2017).

The S2ORC and the UnarXive datasets are the most comprehensive 
and heterogeneous resources, even if both lack geometric information 
about layout elements. A similar purpose resource exhibiting also geo-
metric coordinates can be found in the Article Regions Dataset (ARD) 
(Soto & Yoo, 2019) which has few (~100) single-page documents while 
having a discrete number (9) of different classes.

Although these datasets provide a valuable basis for layout, content, 
and multi-page reasoning, their scale precludes exhaustive manual vali-
dation, and automatic annotation inevitably introduces errors that per-
sist in the data. Existing resources rarely incorporate effective mech-

5 https://github.com/allenai/s2orc
6 https://ctan.org/pkg/latexpand
7 https://www-sop.inria.fr/marelle/tralics/
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anisms for systematic post-processing or quality control, which limits 
their reliability for model training and evaluation. Approaches leverag-
ing formal semantic models for automated validation and refinement 
could substantially enhance dataset consistency and support more ro-
bust document-level analysis.

In conclusion, the analysis of current methods reveals four main 
gaps:

1. the lack of interoperability among different document representa-
tions and associated information

2. limited support for improving document segmentation with formal 
validation of the resulting layout

3. limited availability of interactive interfaces supporting multi-page 
analysis, navigation, and question answering

4. long-context issues in LLM-based interaction.

These gaps define the areas that we investigate in this work and that we 
address in developing our framework.

3.  System architecture

All the shortcomings identified in Section 2 are addressed in an ap-
plication scenario by designing an architecture (Fig. 2) capable of per-
forming document layout analysis and interaction. The proposed system 
aims at extracting different layers of information from multi-page schol-
arly articles, making them accessible through state of the art computer 
vision and natural language technologies and performing formal valida-
tion of the results.

Multi-page segmentation capability and how its limitations are dealt 
with is described in Sections 3.1 and 5. The architecture relies on a se-
mantic structure for accounting relations among the extracted layout 
elements; the way it is integrated into the architecture and exploited to 
improve segmentation is described in Sections 3.2 and 5. The interoper-
ability among document representations and the access to the associated 
information are addressed through a specifically designed user interface 
that exploits conversational agents based on language models. Its com-
ponents are described in Sections 4 and 3.3.

3.1.  Document segmentation module

To extract geometric information, a segmentation strategy is pre-
sented to identify layout elements and their properties. The PDF articles 
are converted to the TEI-XML format through the Grobid API8 in or-
der to extract the PDF structure as an XML tree. The resulting output 
contains the recognized regions that belong to 17 categories: title, doi, 
keywords, abstract, authors, authors data, emails, tables, figures, captions, 
formulas, dates, sections/subsections, acknowledgements, bibliographic en-
tries and raw text blocks.

Positional information includes page number and is present for most 
classes. Some structures have deeper characterization in the Grobid pro-
cessing, for instance, author consolidation is performed through integra-
tion with the CrossRef APIs (CrossRef, 2024).

The system also supports LaTeX input: to this end, the LateXML tool 
is exploited to generate the XML representation of the TeX source. The 
output of the LateXML conversion is then serialized through Beautiful 
Soup (Richardson, 2007) and the information that is extracted from the 
LaTeX source (mostly tags and text) is represented as key-value pairs and 
stored to support the rest of the processing steps. In the case of LaTeX 
input, the sources are then compiled and the pipeline for processing PDF 
files is applied.

The output of Grobid processing is parsed through Beautiful Soup to 
extract TEI tags and serialize the information into key-value pairs that 
are enriched by semantic processing (Section 3.2) and improved through 
LLM-based correction (Section 5). The recognized semantic regions are 

8 https://kermitt2-grobid.hf.space/

then associated to coordinates, extracted through Grobid as well, that 
are later used to draw bounding boxes on the original document. The 
hierarchy of the document is also extracted to better characterize its 
structure.

The layout elements associated with geometric information are used 
in the interface to draw different colored layers on the input PDF. The 
information that is not provided with spatial data is visually associated 
to them through linked pop-ups (Fig. 3).

Within the proposed architecture, document segmentation is im-
proved through a post-processing phase that enforces structural and 
semantic constraints among layout elements (Section 3.2). Unlike ap-
proaches such as HRDOC (Ma et al., 2023) and DocStruct (Wang et al., 
2020), which primarily reconstruct hierarchical relations, DocLap seg-
mentation is refined by validating the coherence of spatial and class-
level relations, enabling the detection of invalid overlaps and incom-
patible layout configurations. As in HRDOC, segmentation operates at 
multi-page level, while differing from page-centric systems such as Doc-
Struct. MinerU (Wang et al., 2024b) provides comparable segmentation 
outputs to DocLap (Table 3), also offering a post-processing phase to im-
prove segmentation. In systems like MinerU the post-processing phase 
focuses on improving accuracy, ordering, and readability of extracted 
content; by contrast, our architecture targets structural and semantic 
validation to explicitly address segmentation errors.

3.2.  Semantic linking module

The semantic characterization assigned to the extracted informa-
tion is derived from the Document Components Ontology (DoCO) (Con-
stantin et al., 2016). The DoCO ontology, which is described in Sec-
tion 2.3, is a specialized ontology designed for modeling layout elements 
of scholarly documents. As described in Section 5, the properties of lay-
out elements included in the ontology are leveraged to improve segmen-
tation capabilities. This is achieved by using the logical relationships 
among ontology classes to identify not admissible overlaps.

The semantic network provided by DoCO is imported into the sys-
tem, enabling a structured and standardized representation of document 
components. To ensure compatibility, a detailed mapping process is per-
formed between the Grobid tags and the corresponding DoCO classes. 
This mapping is carried out by aligning the intended meaning of tags, 
ensuring semantic coherence and consistency across the extracted data.

3.3.  Question answering module

The question answering module is managed by exploiting LLMs, 
specifically the open source LLaVA 1.6 model (Liu et al., 2024) through 
the Ollama9 API. This model has been chosen for its lightweight multi-
modal capabilities and its seamless integration in production frame-
works. The question answering module is designed to allow the LLM to 
access both the page images extracted from the input and the serialized 
output of Grobid.

The conversation context is given to the LLM as key-vaue pairs ex-
tracted by the system, corresponding to the relevant sections of the Gro-
bid output and the images on which they occur. The results obtained 
with LLaVA ensure understanding of the questions in relation to state of 
the art systems, given the resources provided and their eventual lack.

The user question is augmented and proposed to the LLM with the 
prompt:

“You are given a question about a research article. Consider the following 
context extracted from it: key_value_pairs. Now answer this question:
input. (Please answer in one sentence only)”.

In this statement, key_value_pairs represents the output of the 
modules described in Sections 3.1–3.3 and input is the query that the 
user can write in the interface.

9 https://ollama.com/
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Fig. 2. Overview of the DocLap architecture. The left side shows document segmentation and LaTeX processing modules, which process both PDF and LaTeX inputs 
to extract key-value pairs. The semantic linking module shows how the DoCO ontology is exploited to extract the semantic constraints that are used to improve 
segmentation. The central assembly phase reconciles these outputs and prepares the data for error detection and LLM correction. The right side depicts the information 
access component, showing the user interface supported by the LLM question answering module with context classification.

The context length for LLaVA is 4096 tokens, which can be restrictive 
considering the images and the key-value pairs resulting from the out-
put of the segmentation and semantic linking modules. To address the 
LLM context length issues and limit the context to the part that is most 
pertinent to the question, the user interface described in Section 4 fea-
tures an LLM question classifier module that exploits the gpt-oss:120b-
cloud engine10 to provide context for the question answering function-
ality. The LLM context is classified into 12 classes: General info, Header 
data, Abstract, Figures, Tables, Formulas, Sections, Links, Notes, Acknowl-
edgements, References, and Phrase, that are referenced in the prompt as
class_list.

The aim of this component is to provide information for filtering the 
serialized output of Grobid based on the LLM question classification, 
that is performed with the prompt:

“You are given a phrase from a research article. Classify it using one 
of these structure labels (comma-separated): class_list. The label Header 
data includes the article title and author names.

Note: The correct class label will most likely appear in the phrase. Out-
put format (no extra text): [your selected label]. Now classify this phrase: 
question”.

As can be seen in Fig. 3, the system also includes the ability for the 
user to disable this functionality and autonomously provide a classifica-
tion of the question, choosing any combination of the labels listed above. 
These classes correspond to TEI-XML tags, which are afterwards associ-
ated with the DoCO ontology entities. The labels classified by the system 

10 https://openai.com/index/introducing-gpt-oss/

or provided by the user are exploited to split the context that is given to 
the LLaVA engine, retaining only the portions that are considered rele-
vant for answering the user question. A comprehensive evaluation of the 
question answering capabilities of DocLap, including the details of the 
MP-DocVQA dataset used for evaluation, can be found in Section 6.3.

4.  User interface

The DocLap system is freely available at: https://github.com/
lmassai/DocLap and consists of five web pages interacting with a Python 
server that routes the user choices, exploiting custom utilities and rou-
tines aimed at managing the system’s functionalities. Through the inter-
face (Fig. 3) the user is able to upload a PDF document (Upload page) 
and process it (PDF processor), extracting information that the LLM can 
exploit to provide answers.

The system also supports LaTeX input (LaTeX processor): the TeX 
source is compiled and the flow remains the same of the PDF input; 
also, the key-value pairs extracted from the XML representation of the 
TeX source are available for the rest of the processing steps. Upon PDF 
processing, the document augmented with layers of colored bounding 
boxes spanning the classes described in Section 3.1 is shown to the user. 
The whole process is completed in variable time, mainly depending on 
the length of the PDF paper and network capabilities, since Grobid is 
used as a cloud service. In our experiments, processing a 10/20-pages 
paper takes a few seconds while longer papers may require more than 10 
seconds. The serialized information is used as context for the LLM, which 
is included in the interface to ease user interaction and exploration of 
the system’s functionalities. The LLM computation time for each ques-

Expert Systems With Applications 333 (2027) 133839 

7 

https://openai.com/index/introducing-gpt-oss/
https://github.com/lmassai/DocLap
https://github.com/lmassai/DocLap


L. Massai and S. Marinai

Fig. 3. User interface of the PDF processor. The interface is divided into two main sections: on the left, the input PDF is overlaid with different colored bounding boxes 
corresponding to layout classes; contextual pop-ups displaying element metadata (e.g., Author) appear on mouse hover. On the right, the conversational endpoint 
shows user queries and system responses, along with the automatically inferred question classification, which can be manually overridden to control the LLM context 
(best viewed in color).

Fig. 4. Detection of non admissible overlaps based on semantic constraint analysis. The figure shows a semantic overlap highlighted in the Overlap annotator view, 
caused by a geometric intersection between table and footnote elements, which are defined as disjoint classes in the DoCO ontology (best viewed in color).

tion varies according to local GPU capabilities, generally taking a few 
seconds.

Since the LLM-based question classifier (Section 3.3) can signifi-
cantly influence the final answer by filtering the extracted question con-
text, the user is allowed to disable the automatic classification from the 

interface and select it manually. In this case, the user can provide an au-
tonomous classification of the question selecting any number of labels, 
as described in Section 3.3. The interface provides a graphical preview of 
the input data, displaying PDF pages with overlaid bounding boxes that 
correspond to the layout elements identified by Grobid, each associated 
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Table 1 
General axioms of the DoCO ontology; the layout elements in each row are disjoint from each other. 
The classes generating the not admissible overlaps in Fig. 4 are underlined.
 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,
 table of contents;
 label, paragraph, subtitle, title;
 list of authors, list of contributors, list of organizations;
 sentence, simple run-in quotation, text chunk;

with its spatial coordinates and semantic label. In addition, informative 
pop-ups containing all data retrieved by data processing are shown.

The user interface also includes a specific view (Overlap annotator) 
that is designed to outline the semantic integration described in Sec-
tion 5. The purpose of this view is to highlight the layout elements that 
overlap and violate the ontology constraints. This view also allows the 
user to keep track of the highlighted elements. From this view, the over-
lapping bounding boxes that are drawn on the PDF can also be selected 
to store their coordinates in a separate file for further processing.

5.  Constraint violations analysis

To understand how the relations defined in an ontology can be ap-
plied to visual elements and how they can improve their classification, 
we consider the DoCO ontology.11 The idea is to exploit the ontology 
relations to check the admissibility of some specific geometric relations 
that may occur among layout elements.

Since ontology axioms may involve entities that lack geometric infor-
mation in the Grobid XML, while being associated with other metadata, 
relations are evaluated exclusively among entities for which spatial co-
ordinates are available. Then, semantic properties can then be applied 
to such objects for detecting visual recognition errors such as overlap 
errors (Fig. 4).

We distinguish between geometric and semantic overlaps. Geometric 
overlaps are two bounding boxes that intersect. Semantic overlaps are 
geometric overlaps whose associated labels violate a constraint defined 
in the ontology. Building on the intuition that some geometric over-
laps are admissible (e.g., Name and Author) and semantic overlaps are 
most likely recognition errors (e.g., Title and Figure), we try to estab-
lish a correlation between semantic overlaps and recognition errors. 
To perform such correlation, we exploit the DoCO ontology relations; 
in particular, to express the fact that an overlap is not admissible, the
owl:disjointWith relation is considered.

To identify overlapping elements, they are described as rectangles 
with the following properties:

• Page: the page number (two elements on different pages cannot 
overlap)

• x, y: the coordinates of the top-left corner of the rectangle
• width, height: the width and height of the rectangle.

Overlap Criterion
Two elements overlap if and only if their rectangles intersect. Given 

two rectangles defined by:

1. Rectangle A: 𝑥𝐴, 𝑦𝐴, width𝐴, height𝐴
2. Rectangle B: 𝑥𝐵 , 𝑦𝐵 , width𝐵 , height𝐵
To check for overlap, we verify that there is no separation between 

the two rectangles in both the horizontal and vertical dimensions.

11 https://sparontologies.github.io/doco/current/doco.html#d4e145

Conditions for Non-Overlap

1. The rectangles do not overlap if one is entirely to the right of the 
other:

𝑥𝐴 +width𝐴 ≤ 𝑥𝐵 or 𝑥𝐵 +width𝐵 ≤ 𝑥𝐴

2. The rectangles do not overlap if one is entirely below the other:

𝑦𝐴 + height𝐴 ≤ 𝑦𝐵 or 𝑦𝐵 + height𝐵 ≤ 𝑦𝐴

Then, two rectangles 𝐴 and 𝐵 overlap if none of the above condi-
tions are true. Formally, they overlap if all the following conditions are 
fulfilled:

𝑥𝐴 < 𝑥𝐵 +width𝐵 , 𝑥𝐵 < 𝑥𝐴 +width𝐴
𝑦𝐴 < 𝑦𝐵 + height𝐵 , 𝑦𝐵 < 𝑦𝐴 + height𝐴.

To identify the errors we focus on the rectangles that overlap. For 
each overlapping pair we classify it as admissible or not admissible. An 
overlap is not admissible when it involves classes that are disjoint in the 
ontology general axioms12 as reported in Table 1.

The Overlap annotator section of the user interface described in Sec-
tion 4 is intended to highlight the bounding boxes associated to classes 
that are not allowed to overlap (Fig. 4).

The overlapping bounding boxes are tuples in the format [Lay-
out_class, Page, x, y, w, h], and are exploited also in the document seg-
mentation module (Section 3.1) to improve the overall recognition ca-
pabilities of the system. This is performed by giving their coordinates 
to the constraint violation analysis and LLM correction module, which 
implements unsupervised interaction with the open source multi-modal 
LLaVA 1.6 model (Liu et al., 2023).

The LLaVA model is included in the system through the Ollama API. 
The model temperature is set to 0 for maximum determinism. Its contri-
bution occurs at the end of the segmentation phase: the system gener-
ates annotations that are specific for semantic overlaps, containing the 
bounding boxes and the corresponding labels of the elements that are 
detected as semantic overlaps. These annotations are also used in the 
interface to draw on the PDF paper only the semantic overlaps (Figs. 4, 
6). The annotation files and the corresponding pages are then converted 
to images that are used to feed LLaVA with the prompt:

“Given the attached image, which represents a page from a research arti-
cle, it contains some overlapping bounding boxes, each associated with a label 
and coordinates in the format: label,page,x,y,w,h. The label and coordinates 
of two of the overlaps are given below: lines”.

where lines is the set of (label, bounding box) pairs that overlap and 
violate a semantic constraint. The LLM is asked to classify as correct or 
incorrect the bounding boxes that participate in each overlap on a page, 

12 https://sparontologies.github.io/doco/current/doco.html#generalaxioms
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Table 2 
Class mapping among different segmentation engines wrt ground truth.
 DocLap  Grobid  MinerU  Textract  PP-Structure-V3  DAD (GT)  DoCO ontology
 Article_title  title  title  LAYOUT_TITLE  doc_title  title  title
 Figure  figure  image  LAYOUT_FIGURE  image,chart  figure  figure
 Caption_{Figure,Table}  Caption_{Figure,Table}  {image,table}_caption  LAYOUT_TEXT  {table,figure}_title  caption  {table,figure} label
 Table  table  table  LAYOUT_TABLE  table  table  table
 Abstract  abstract  text  LAYOUT_TEXT  abstract  abstract  abstract
 Acknowledgements  Acknowledgements  text  LAYOUT_TEXT  text  Acknowledgements  Acknowledgements
 Author  author  text  LAYOUT_TEXT  text  list of authors  list of authors
Reference reference text LAYOUT_TEXT

 reference,
reference Reference reference_content

Formula formula interline_equation LAYOUT_KEY_VALUE
 formula,

formula formula formula_number
Section section_title title LAYOUT_SECTION_HEADER paragraph_title

 section_heading,
section title subheading

Link
 Link,

text - text citation Link ref_to_elem
 phrase  phrase  text  LAYOUT_TEXT  text  core_text  sentence
Note Footnote text LAYOUT_FOOTER

 footer,
Footnote footnote footnote

specifying the meaning and expected content of each layout class in the 
prompt:

“For each block, one of the two is correct, the other is wrong. The goal 
is to verify which block is wrong. Correct means that it encloses only the 
expected content defined by the label (neither too much nor too little)”.

To ensure correct integration with the workflow and avoid halluci-
nations, the prompt is completed with the statement:

“Return only the wrong bounding box in the format label,page,x,y,w,h. In 
the output please double-check that the block that you give is one of the two 
given as input, without any change neither in the label nor in the numbers. 
No explanation, no extra text, no comments.”.

The overlapping bounding boxes that are classified by the LLM as 
incorrect are then excluded from the system’s output. As shown in Sec-
tion 6.1 this operation, that is a light classification task, enhances the 
overall classification capabilities of the system.

In the landscape of document layout analysis systems several ap-
proaches that employ post-processing strategies for similar purposes are 
present, such as Non-Maximum Suppression (NMS) and heuristics to de-
tect overlapping regions. Some of these strategies are employed in re-
cent frameworks such as MinerU 2.5 (Niu et al., 2025), PaddleOCR, and 
PP-Structure-V3 (Cui et al., 2025a), Cui et al. (2025b). However, our 
semantic validation goes beyond.

NMS and geometric heuristics operate exclusively on spatial infor-
mation, whereas the proposed method exploits semantic knowledge en-
coded in an ontology. Consequently, the two approaches address differ-
ent aspects of the problem and should be regarded as complementary. 
The ontology-based validation is intended as a semantic post-processing 
layer that complements existing detection pipelines.

While NMS and layout-specific heuristics address geometric ambi-
guities, our method targets semantic inconsistencies that remain unde-
tectable when only spatial information is considered. In these cases, on-
tology constraints provide an additional source of information that is 
unavailable to standard NMS procedures.

Furthermore, explicit heuristic rules are usually handcrafted for spe-
cific spatial configurations (e.g., captions below figures, authors below 
titles). Our approach derives admissibility conditions directly from on-
tology relations, making the validation process independent of specific 
page layouts and at the same time explainable and extensible by updat-
ing the semantic model only.

6.  Evaluation

Evaluating the performance of DocLap requires a comparison with 
state of the art systems in the main topics addressed by the system, 
which are document segmentation (Section 3.1), semantic overlap detection
(Section 3.2), and question answering (Section 3.3).

This chapter presents a comprehensive assessment of DocLap capa-
bilities in these three main topics using publicly available datasets and 
benchmark tools. The evaluation criteria focus on accuracy, efficiency, 
and robustness in handling multi-page scholarly documents.

6.1.  Document segmentation

In this section are evaluated the segmentation capabilities of Do-
cLap. For segmentation capability is intended the ability of the system 
to extract the coordinates of bounding boxes corresponding to layout 
elements from document pages and associate them to semantic classes 
(i.e. title, author, table, caption, etc).

Several challenges related to the availability of annotated multi-page 
datasets, to the output format comparability, and to layout class hetero-
geneity are discussed. Constraint violation analysis is a core component 
of the segmentation module; its assessment is shown in Section 6.2.

6.1.1.  Methodology
The ability of the system to extract bounding boxes and their class 

must be evaluated against datasets of scholarly articles that maximize 
layout variability, original source availability, annotation format ver-
satility, page number traceability, and the number of covered layout 
classes.

The dataset that best fits these requirements is the Dense Article 
Dataset (DAD) (Markewich et al., 2022) which is annotated by hand 
and contains various document layouts from several publishers.

The DAD dataset is also rich in layout classes, making feasible the 
evaluation of DocLap capabilities in recognizing a wide range of layout 
classes across different domains. As can be seen in Table 5 it spans differ-
ent journals and publishers, maximizing the variety of different layouts 
that can be found across multiple disciplines and publishers.
Ground truth construction Since the DAD dataset is annotated by hand, 
it is suitable to be used as ground truth (GT). The dataset is composed 
of images that represent the document pages and associated JSON files 
that contain the annotations, which include page dimensions, region co-
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Table 3 
Segmentation performance of different engines (match: 𝐼𝑜𝑈 ≥ 0.9).

 Model  Precision  Recall  Accuracy  F-measure  mAP@IoU
 DocLap  0.82  0.93  0.77  0.87  0.74
 Grobid  0.81  0.91  0.75  0.85  0.59
 Textract  0.64  0.56  0.42  0.60  0.42
 PP-Structure-V3  0.66  0.70  0.51  0.68  0.59
 MinerU  0.89  0.59  0.55  0.71  0.80

ordinates, and semantic labels. Citation annotations maintain the same 
format of main annotations.

To fit the data format of DocLap and allow a reliable comparison, 
the DAD annotation files have been merged and represented in the for-
mat: [File_name, Layout_class, Page, x, y, w, h, Publisher, Journal, Year, 
Area, Article_number_in_volume], where coordinates refer to the bound-
ing boxes of layout elements.

All the original documents of the DAD dataset are traced performing 
OCR on the first page of each document; this allows us to leverage the 
PDFs that have been used to build the dataset without relying on the 
images that are included into the dataset.

The labels and coordinates of layout elements are extracted from the 
annotation files and further integrated with annotation data from the 
dataset to fit the above format.

It is to be noticed that, like most datasets available online, DAD relies 
on single-page images. However, for our purposes the multi-page nature 
of the original documents needs to be recovered. This is viable in the 
DAD dataset since each annotation file refers to a single (image) page 
and page numbers are encoded into the image filenames.

This allows us to retrieve the original documents and to associate 
the annotation to the page number. Additional relevant information, 
such as the DOI, can be extracted from the filenames, while details 
like journal and publisher can be obtained from the annotation folder
names.

Assessment. To ensure consistency when comparing the DocLap output 
with the DAD annotation format, it is necessary to perform a normaliza-
tion step on both formats.

The coordinates of the bounding boxes are normalized in the range 
[0, 1] with respect to the original page dimensions, which are extracted 
from PDFs in the case of DocLap and from images in the case of DAD 
annotations. With respect to all class labels covered by the DAD dataset 
and by the DoCO ontology, and also considering the distribution of class 
labels among the adopted datasets, the name space is reduced to 12 
classes.

The semantic units are aligned by their label (Table 2) and classes 
without associated coordinates are pruned. The elements emphasized in 
Table 2 refer to semantic units that are recognized by the engine with 
a more general label with respect to the ground truth (i.e. the abstract
class in DAD corresponds to text in MinerU).

The elements that are not recognized by the engine are not mapped 
(marked with – in the table), that is the case of the Link class 
for the Textract engine. Since DAD does not separate figure cap-
tion and table caption labels, for the engines that are able to recog-
nize them, these classes are mapped to the more general DAD class
caption.

The same is done, in reverse, for the section heading and subheading
classes, which are commonly referred as a single class. In this context, it 
is to be noticed that although MinerU is able to detect a discrete layout 
element, it does not define a section heading class and instead maps it 
to title.

Positional matching is performed exploiting Intersection over Union 
(IoU) between DocLap and DAD bounding boxes, with threshold set 
to 0.9%; also, since the annotation level of DocLap is performed at 
row level, for larger areas the total inclusion of a bounding box with 
corresponding label is considered a match.

Table 4 
Class precision values for DocLap layout classes.
 System class  Precision  Correct / Total
 phrase  0.89  354,307 / 397,179
 reference  0.93  58,493 / 62,585
 link  0.25  11,653 / 45,928
 caption_figure  0.46  13,345 / 28,858
 abstract  0.84  7775 / 9286
 section  0.89  7256 / 8118
 figure  1.00  6708 / 6714
 formula  0.75  3168 / 4247
 acknowledgements  0.85  3159 / 3706
 caption_table  0.60  1484 / 2457
 author  0.77  1656 / 2148
 article_title  0.94  1130 / 1208
 table  0.93  1095 / 1181
 note  0.25  222 / 898

With these assumptions, we define:

• a true positive is a row of the DocLap output which, with respect to 
the DAD ground truth, has the same File_name, the same Page, the 
same Layout_class,13 and one of the following:
– bounding box 𝐼𝑜𝑈 ≥ 0.9;
– bounding box entirely included in a larger one with the same 
Layout_class;

• a false positive is a bounding box in the DocLap output that does not 
match any valid ground truth box according to the above-mentioned 
criteria;

• true negatives are not considered in this evaluation due to the nature 
of the task. Cases where neither the system nor the ground truth have 
a bounding box are not accounted (i.e. background, margin, spacing, 
etc);

• a false negative is any ground truth box that remains unmatched after 
processing all bounding boxes extracted by DocLap, meaning that 
the system was unable to detect it.

These counts are used to measure the performance metrics of preci-
sion, recall, accuracy, F-measure, and mean Average Precision at fixed 
threshold (mAP@IoU).

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

Accuracy = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

F-measure = 2 ⋅ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

mAP@IoU = 1
𝐶

𝐶
∑

𝑐=1
𝐴𝑃𝑐

where 𝐴𝑃𝑐 is the average precision for class 𝑐, and 𝐶 is the total number 
of classes.

In this case, precision represents the number of correctly detected 
bounding boxes among all bounding boxes predicted by the system. Re-
call represents the number of correctly detected bounding boxes among 
all bounding boxes. The F-measure is the harmonic mean of precision 
and recall, whereas accuracy quantifies the ratio of correctly detected 
bounding boxes with respect to the total number of relevant bounding 
boxes considered.

6.1.2.  Results
In Table 3 are reported the DocLap capabilities in the segmentation 

task. The results are consistent with the state of the art performance 
of similar purpose multi-page segmentation engines. It is to be noticed 

13 with relaxed constraints for caption_figure/caption_table and section_head-
ing/sub_heading
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Fig. 5. Class distribution of labels participating to semantic overlaps (removed).

that some evaluated engines define additional classes with respect to the 
ground truth. Classes that cannot be mapped to the ground truth tax-
onomy (e.g., header, aside_text in PP-Structure-V3, LAYOUT_LIST, PAGE
in Textract) are treated as false positives in the evaluation. The mean 
Average Precision (mAP) at IoU=0.9 is computed independently for 
each layout class, then averaged across the number of classes of each 
dataset. For each class, average precision is defined as the ratio be-
tween correctly matched predictions and the total number of predic-
tions. This macro-averaging highlights how segmentation performance 
is distributed across the layout categories, showing how well the system 
recognizes different classes. Table 4 reports DocLap precision values at 
class level.

As shown in Table 3, DocLap improves the segmentation output of 
the underlying engine, which in this case is Grobid, being able to remove 
overlap errors that occur during recognition. Since Grobid is used as the 
base segmentation engine, DocLap performance is comparable to that 
of Grobid, while the application of semantic constraint analysis enables 
the resolution of semantic overlap errors.

In Fig. 5 is reported the distribution of the labels associated with 
bounding boxes that participate in an overlap classified as not admissi-
ble and removed by the system. It is to be noticed that most of the cor-
rections are performed in presence of tables and table captions, which 
are considered the hardest layout classes to detect and classify (Gemelli 
et al., 2022).

The evaluation script and the annotation files to assess each engine’s 
performance are available at this link.

6.2.  Semantic overlap detection

The evaluation of semantic overlap detection capabilities aims at 
demonstrating the correlation between semantic overlaps and recogni-
tion errors that is exploited to perform visual recognition enhancement. 
The assessment shows the ability of DocLap to find errors that occur 
in overlapping bounding boxes, which are not directly related to recog-
nition errors (i.e. link over abstract). The identification of this class of 
errors aims at improving the recognition capabilities of segmentation-
based systems in general.

6.2.1.  Methodology
For the same reasons discussed in Section 6.1.1, the DAD dataset is 

found to be adequate and adopted for this evaluation as well.
The purpose of this assessment is to express the correlation between 

semantic overlaps, and recognition errors. The assessment shows the 
capability of the system to find annotation errors independently of the 
recognition engine.
Ground truth construction To evaluate the capabilities of DocLap to de-
tect and correct overlap recognition errors, it is necessary to build a 
ground truth of potential errors. To build such a resource, all PDF files 

are processed performing OCR on the first image of each document in 
the DAD dataset.

To align the annotation format of the DAD dataset with our system’s, 
its lexicon is standardized to match both our terminology and the DoCO 
taxonomy. Specific scripts have been implemented for each annotation 
set, with the purpose of extracting the information needed to fit the 
format used in Section 6.1.1. Labels, coordinates, page numbers and 
other metadata are extracted likewise.

In this scenario, semantic overlaps are computed using a custom 
overlap detection view in the interface (Fig. 4), specifically designed 
to accept PDF input and show semantic overlaps.

Through this interface an annotator is able to visualize the extracted 
bounding boxes and store them as actual errors for the ground truth. In 
summary, the evaluation data for the semantic linking module consist 
of three data sources, which are the cumulative annotations, the cu-
mulative semantic overlaps and the ground truth data, which are made 
available online14 for research purposes.
Assessment By comparing with the ground truth it is possible to compute 
precision, recall, F-measure, and accuracy.

In this case, precision represents the capability of the semantic link-
ing module to detect actual errors which are annotated in the ground 
truth. This allows us to demonstrate the correlation between semantic 
overlaps and recognition errors.

Recall is used to measure the system’s capability to retrieve all the 
overlap errors that are present in the annotated documents.

F-measure is defined according to the standard definition and accu-
racy quantifies the ability of the classifier to match the expected results.

The metrics defined in Section 6.1.1 are calculated considering the 
number of True Positives (TP), False Positives (FP), False Negatives (FN) 
and True Negatives (TN) as follows:

• a true positive is considered a bounding box detected by DocLap as 
part of a semantic overlap that is also present in the ground truth;

• a false positive is considered a bounding box detected by DocLap as 
part of a semantic overlap that is not contained in the ground truth;

• a true negative is considered a bounding box that is not detected by
DocLap as part of a semantic overlap and is not contained in the 
ground truth as well;

• a false negative is considered a bounding box that is not detected by
DocLap as part of a semantic overlap and the ground truth contains 
its coordinates.

However, false negatives never occur in this analysis due to the 
ground truth construction method, which involves the annotation of 
detected overlaps.

In Fig. 6 an example of some of the above-mentioned cases is re-
ported: the table (green) bounding box overlaps with several table_label
bounding boxes (dark red), thus DocLap highlights all of them. The 
same happens with the formula (blue) and the section_title (red) bound-
ing boxes. The list of overlaps detected by DocLap contains all these 
bounding boxes, a subset of which is also included in the ground truth, 
containing the errors. In this case, all the table_label and the formula
bounding boxes are identified as TP, having been identified by the sys-
tem as semantic overlaps that are also contained in the ground truth as 
errors. The section_title and table bounding boxes are, in contrast, identi-
fied as FP since they are identified by the system as part of an overlap, 
while not being errors.

6.2.2.  Results
Table 6 shows the relation between semantic overlaps and recogni-

tion errors, expressing DocLap performance in detecting errors among 
overlapping bounding boxes. These values refer to the subset of errors 
involving semantic overlaps, which is different from the system’s overall 

14 https://drive.google.com/file/d/1nFzwtiXEkcXj7V4dpLO-239O2lNhR3lf/
view?usp=sharing
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Table 5 
Frequencies (%) of different layout classes among journals.
 Journal  Ack.  Link  Ref.  Abstract  Fig.  Fig.label  Foot.  Math  Authors  Section  Tab.  Tab.label  Title
 Advanced Science  4.32  23.92  25.51  6.71  9.53  22.18  0.9  0.49  3.23  2.22  0.1  0.23  0.65
 Advances in Mech. Eng.  0.65  15.11  25.29  4.25  10.75  33.15  0.26  3.84  1.12  3.07  0.65  1.03  0.83
 Ampersand  1.86  33.52  37.98  3.13  1.20  12.81  0.93  0.24  0.54  4.42  1.03  1.80  0.55
 Asia Pac. Policy Stud.  2.19  26.99  45.79  8.45  0.66  5.50  1.50  0.50  0.94  4.05  0.72  1.75  0.96
 Brain and Behavior  0.14  13.27  41.56  4.22  0.01  32.08  0.26  0.24  1.11  3.73  0.26  2.68  0.44
 Int. J. Eng. Sci.  2.09  33.67  19.10  4.16  4.16  14.24  0.16  16.67  0.83  3.68  0.27  0.49  0.50
 Lang. Testing in Asia  1.69  36.21  36.40  9.73  0.26  1.37  0.34  0.18  0.88  8.18  1.56  2.15  1.04
 Prot. Control Mod. Power Syst.  1.29  27.49  35.04  5.86  1.95  9.48  0.21  6.72  1.16  6.63  1.06  2.16  0.96
 Research in Eng. Design  3.91  30.93  42.26  5.43  1.00  5.67  0.58  0.69  0.75  5.85  0.81  1.73  0.39
 Results in Eng.  2.48  25.39  29.02  6.15  7.22  18.04  0.10  1.84  1.36  5.52  1.00  1.02  0.86
 Sage Open  0.48  25.38  51.48  4.46  0.96  7.13  0.36  0.30  0.85  4.89  0.87  2.10  0.75
 Trans. Affect. Comput.  2.55  32.98  46.96  2.83  1.61  3.79  0.56  1.55  0.78  4.07  0.75  1.21  0.37
 Trans. Cloud Comput.  2.78  26.75  42.96  4.36  0.75  8.28  0.60  1.81  0.98  6.73  0.94  2.48  0.56
 Transactions on Computers  3.46  24.30  28.67  4.24  2.99  20.63  0.61  4.40  1.02  5.58  0.81  2.36  0.92
 Trans. Mobile Comput.  2.72  24.43  28.54  3.35  3.97  22.53  0.42  4.20  0.85  5.58  0.71  2.24  0.45

Fig. 6. Interpretation of the evaluation measures (best viewed in color).

Table 6 
DocLap overlap error detection 
performance.

 Measure  Value
 Precision  0.78
 Recall  0.57
 Accuracy  0.49
 F-measure  0.66

error detection capability; therefore, they must be interpreted in relation 
to the number of semantic overlaps detected by the system.

Tables 7 and 9 report the number of overlapping layout errors by 
journal and publisher. The results in these tables show the number of 
semantic overlaps compared to the number of actual recognition er-

rors (i.e. 180 semantic overlaps are detected in the Brain and Behav-
ior journal documents involving the Table label class and 146 of these 
bounding boxes are errors).

The comparison of the values highlights that there is a high correla-
tion between semantic overlaps and actual errors.

Furthermore, the distribution of layout classes among journals must 
be taken into account (i.e. overlap error values for class label Math have 
meaning only in a scientific context); these values are expressed as lay-
out class frequencies among journals in Table 5.

As expected, the most error-prone layout classes are Table and Table 
label, due to their textual similarity and spatial proximity. For example,
IEEE and Wiley show high error rates in Table label (129 and 180, re-
spectively), in particular in some of their journals that are Brain and 
Behavior and Transactions on Computers, which report 146 and 
73 Table label errors, respectively. These overlaps are expected in dense 
layouts or biomedical content, where the disposition of captions over 
tables is not standard and more difficult to predict.

Conversely, regions such as Acknowledgements, Figure, and Figure la-
bel are more stable, with low error rates across publishers and journals. 
This is likely due to their isolated placement, often at section boundaries 
or end-of-document positions. Journals with a more structured layout, 
such as Transactions on Affective Computing and Transactions 
on Cloud Computing, are less affected by recognition errors, while 
visually dense sources such as Wiley journals show frequent layout 
conflicts, particularly in caption-heavy regions. Fig. 7 shows the most 
frequent layout classes in the detected semantic overlaps.

The evaluation script and the annotation files to assess the system 
performance are available at this link.

6.3.  Question answering

In this section, we evaluate the question answering capabilities of
DocLap. The goal is to assess how effectively DocLap extracts relevant 
information from documents to answer specific questions.

6.3.1.  Methodology
The DocLap capability in answering questions over multi-page 

scholarly documents is evaluated using the multi-page MP-DocVQA 
dataset (Tito et al., 2023). MP-DocVQA is selected since it is one of the 
few publicly available benchmarks supporting question answering over 
multi-page documents, whereas most existing document VQA datasets 
are restricted to single-page settings (Cho et al., 2025). Although MP-
DocVQA is not specifically designed for scholarly documents, it includes 
a substantial subset of scholarly articles and contains questions that ex-
plicitly target document layout elements that are directly addressed by 
our system, making it a suitable benchmark for our evaluation.

A well recognized limitation in this area is the scarcity of publicly 
available datasets providing question-answer annotations specifically 
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Table 7 
Number of recognition errors wrt detected semantic overlaps by journal.
 Journal  Ack.  Link  Ref.  Abst.  Fig.  Fig.label  Foot.  Math  Auth.  Section  Tab.  Tab.label  Title  Total
 Advanced Science  0/0  0/0  0/0  0/0  1/2  0/4  2/2  3/3  0/0  4/4  4/7  7/10  0/0  21/32
 Advances in Mech. Eng.  4/4  0/0  2/2  0/0  0/1  0/0  2/2  3/3  0/0  1/4  2/2  19/19  0/0  33/37
 Ampersand  0/0  0/0  4/4  0/0  0/1  21/21  4/5  0/0  0/0  5/7  19/21  59/66  0/0  112/125
 Asia Pac. Policy Stud.  0/0  0/0  1/1  0/0  1/1  0/0  2/4  0/0  0/0  0/1  5/8  27/30  0/0  35/45
 Brain and Behavior  0/0  0/0  0/0  0/2  0/0  18/26  7/8  2/2  0/0  5/13  15/22  146/180  0/0  193/253
 Int. J. Eng. Sci.  0/0  0/0  0/0  0/0  0/0  0/0  3/3  4/7  0/0  6/6  2/4  2/2  0/0  17/22
 Lang. Testing in Asia  0/0  0/0  0/0  0/0  0/0  0/0  2/2  0/0  0/0  0/0  3/3  5/5  0/0  10/10
 Prot. Control Mod. Power Syst.  2/2  0/0  4/5  0/0  0/0  0/0  1/1  5/5  0/2  0/16  7/8  23/30  0/0  42/69
 Research in Eng. Design  0/0  0/0  5/5  0/0  0/0  0/0  5/5  2/2  0/0  14/14  13/15  8/14  0/0  47/55
 Results in Eng.  0/0  0/0  3/3  0/0  1/1  0/0  2/2  1/1  0/0  1/1  3/4  3/5  0/0  14/17
 Sage Open  0/0  0/0  2/2  0/0  0/0  0/0  3/3  0/0  0/0  0/2  3/7  19/20  0/0  27/34
 Trans. Affect. Comput.  0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  1/2  1/2  0/0  2/4
 Trans. Cloud Comput.  0/0  0/0  0/0  0/0  0/0  0/0  1/1  1/1  0/0  0/0  3/3  3/8  0/0  8/13
 Trans. Computers  0/0  0/0  0/0  0/0  0/0  0/5  5/5  3/4  0/0  6/7  6/7  73/74  0/0  93/102
 Trans. Mobile Comput.  0/0  0/0  0/0  0/0  0/0  0/1  6/6  3/3  0/0  1/5  10/13  52/54  0/0  72/82

Fig. 7. Top 10 frequent semantic overlap errors in the DAD dataset documents.

Table 8 
Occurrence of semantic overlaps (𝐼𝑜𝑈 ≥ 0.1) over leading document 
datasets (excluding generic text boxes).
 Dataset  Docs  Classes  # boxes  Overlaps  (%)  Semantic overlaps (%)
 DocBank  156k  13  6,72M  0.17  0.08
 Publaynet  118k  5  3.26M  0.03  0.01
 Doclaynet  3k  11  2.21M  53.92  2.03
 HRDOC  1k  18  653k  26.31  4.44

for multi-page scholarly documents (Xia et al., 2024), which makes rig-
orous domain-specific evaluation challenging for any system operating 
in this setting. Using the scholarly subset of MP-DocVQA therefore rep-
resents a pragmatic compromise aligned with current practice in the 
field. An additional caveat introduced by this choice is that MP-DocVQA 
consists of scanned documents rather than digital-born PDFs. Since Do-
cLap relies on document segmentation to extract the context provided to 
the LLM (Fig. 2), segmentation errors on scanned documents inevitably 
propagate to the downstream QA task, negatively impacting the perfor-
mance of our system.

Given these premises, the main steps performed in this evaluation 
are as follows:

• Dataset filtering and integration
• Ground truth construction (segmentation, context extraction and 
QA)

• Assessment (segmentation, context extraction and QA).

Dataset filtering and integration Original MP-DocVQA dataset consists in 
46K questions defined on 48K document images, which are limited for 
this evaluation to those containing one of the layout labels covered by 
the DocLap system, which are title, author, abstract, caption, figure, ta-
ble, formula, section, link, note, acknowledgements and reference. It is to be 
noticed that these layout categories can be found only in the scholarly 

article domain. Original PDFs are extracted by hand and filtered by their 
compliance with the scholarly article domain. The resulting set is eval-
uated by means of the system’s segmentation, context extraction and 
question answering capabilities; the evaluations are then correlated.
Ground truth construction

• The segmentation ground truth is obtained exploiting a custom-made 
labeling tool (available at this link) based on PyMuPDF15 that allows 
annotating MP-DocVQA PDFs by drawing the bounding boxes di-
rectly on the PDF and storing the annotation in the usual evaluation 
format (Section 6.1.1).

• The ground truth for the question classification is built using the 
layout labels that determined the question filtered from the MP-
DocVQA dataset. Each question is associated to a context class that 
is therefore already contained in the question.

• The ground truth for question answering is also obtained from the 
MP-DocVQA dataset. The filtered question-answer pairs were ver-
ified by human assessors and used as ground truth. The resulting 
data is then converted to the format: [File_name, question, context, 
answer]. The same is done for the answers provided by DocLap.

Assessment

• The DocLap annotations and the assessment of the segmentation 
capabilities for the PDFs of the QA evaluation are obtained in the 
same way as described in Section 6.1.

• The system’s question classifications, which identify the context pro-
vided to the LLM, are also evaluated. The question classifications 
are compared with the layout labels that determined the question 
filtered from the MP-DocVQA dataset.

15 https://github.com/pymupdf/pymupdf/
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Table 9 
Number of recognition errors wrt detected semantic overlaps by publisher.
 Publisher  Ack.  Link  Ref.  Abst.  Fig.  Fig.label  Foot.  Math  Auth.  Section  Tab.  Tab.label  Title  Total
 Elsevier  0/0  0/0  7/7  0/0  1/2  21/21  9/10  5/8  0/0  12/14  24/29  64/73  0/0  143/164
 IEEE  0/0  0/0  0/0  0/0  0/0  0/6  12/12  7/8  0/0  7/12  20/25  129/138  0/0  175/201
 SAGE  4/4  0/0  4/4  0/0  0/1  0/0  5/5  3/3  0/0  1/6  5/9  38/39  0/0  60/71
 Springer  2/2  0/0  9/10  0/0  0/0  0/0  8/8  7/7  0/2  14/30  23/26  36/49  0/0  99/134
 Wiley  0/0  0/0  1/1  0/2  2/3  18/30  11/14  5/5  0/0  9/18  24/37  180/220  0/0  249/330

Table 10 
Answer quality evaluation with different engines.
 Model  Precision  Recall  Accuracy  F-measure  ANLS  ANLSn
 DocLap  0.54  0.94  0.51  0.68  0.14  0.25
 NotebookLM  0.69  0.86  0.62  0.77  0.21  0.59
 ChatPDF  0.48  1.00  0.48  0.65  0.18  0.41
 Textract  0.93  1.00  0.93  0.96  0.86  0.92

• The question answering capabilities are evaluated comparing the QA 
pairs of DocLap with those of the ground truth, assessing the quality 
of the answer by considering the inclusion of the DocLap response 
terms within the MP-DocVQA answer.

To provide direct comparison with established benchmarks, we 
include the evaluation of the standard Average Normalized Leven-
shtein Similarity (ANLS) (Biten et al., 2019), which is computed as:

ANLS = 1
𝑁

𝑁
∑

𝑖=0

(

max
𝑗

𝑠(𝑎𝑖𝑗 , 𝑜𝑞𝑖 )
)

𝑠(𝑎𝑖𝑗 , 𝑜𝑞𝑖 ) =

{

(1 −𝑁𝐿(𝑎𝑖𝑗 , 𝑜𝑞𝑖 )) if 𝑁𝐿(𝑎𝑖𝑗 , 𝑜𝑞𝑖 ) < 𝜏
0 if 𝑁𝐿(𝑎𝑖𝑗 , 𝑜𝑞𝑖 ) ⩾ 𝜏

where 𝑁 is the total number of questions in the dataset, 𝑀 is the 
total number of GT answers per question, 𝑎𝑖𝑗 are the ground truth 
answers where 𝑖 = {0,… , 𝑁} and 𝑗 = {0,… ,𝑀}, and 𝑜𝑞𝑖  is the sys-
tem’s answer for the 𝑖𝑡ℎ question 𝑞𝑖. 𝑁𝐿(𝑎𝑖𝑗 , 𝑜𝑞𝑖 ) is the normalized 
Levenshtein distance between the strings 𝑎𝑖𝑗 and 𝑜𝑞𝑖  with threshold 
𝜏 = 0.8 to mitigate the penalization of verbose answers that actu-
ally contain the answer. Since ANLS is optimized for short extrac-
tive responses, it may downweight long generative responses even if 
containing the correct answer. In our experiments, LLMs frequently 
produce natural language answers where the expected information 
is wrapped inside longer sentences. To better reflect answer correct-
ness in these cases, as done for other measures, we also considered 
a containment-based matching criterion (ANLSn), assigning a true 
positive when the ground truth answer appears as a substring of the 
generated response. The results are included in Table 10.

6.3.2.  Results
The DocLap document question answering capabilities with respect 

to state of the art technologies are reported in Table 10. This table 
presents a comparative analysis of PDF chatbots, including commercial 
solutions such as Amazon Textract, Google NotebookLM, and ChatPDF. 
All considered platforms provide document segmentation, navigation, 
and question answering capabilities.

Results are heavily dependent on the question classification and seg-
mentation performance over the documents under evaluation, which 
are lower than those observed for digital-born documents (Table 3). It 
is to be noticed that Amazon Textract requires the specification of the 
page to analyze for processing the question, which significantly impacts 
the quality of the answer. Also, Textract OCR capabilities mitigate the 
shortcomings of the question answering module. Moreover, DocLap is 
the only open source system among the considered solutions.

In Table 11 are reported the task-specific performances of DocLap
contributing to the question answering results.

Table 11 
DocLap task-specific performance on MP-DocVQA 
(match: 𝐼𝑜𝑈 ≥ 0.5).

 Segmentation  Classification  QA
 Precision  0.43  0.76  0.54
 Recall  0.60  1.00  0.94
 Accuracy  0.34  0.76  0.51
 F-measure  0.50  0.86  0.68

Fig. 8. Correlation between segmentation, classification and QA performance 
on the MP-DocVQA dataset.

Fig. 8 shows the correlation between segmentation, question clas-
sification and QA capabilities for the selected MP-DocVQA documents, 
highlighting the impact of segmentation and classification on the mea-
sures registered for the question answering task.

In this setting, DocLap underperforms on the question answering 
task primarily due to the impact of document segmentation on the 
overall pipeline. Furthermore, MP-DocVQA consists of scanned docu-
ments rather than digital-born PDFs, and many of its documents are 
old, exhibiting non-standard layouts. Since segmentation performance is 
known to degrade under these conditions, errors introduced at this stage 
propagate to the downstream QA component, ultimately lowering the 
reported performance. However, MP-DocVQA is one of the few publicly 
available benchmarks supporting multi-page document reasoning and 
also includes a scholarly subset with layout-oriented questions, making 
it a suitable evaluation setting for our system. These factors should be 
taken into account when interpreting the results.

To support the reliability of our QA evaluation we identified the 
LongDocURL dataset (Deng et al., 2025) as another likely suitable re-
source. LongDocURL includes long documents that partially resemble 
scholarly articles, such as theses among other document types, and also 
provides the original PDFs which can be directly processed by our sys-
tem. Performing experiments on LongDocURL, we followed the same 
protocol adopted for MP-DocVQA, and conducted a QA evaluation on a 
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Table 12 
Document segmentation and error correction performance across different document lengths and configurations.
 Length  Segm. time (s)  Segm. time (s)  Segm. time (s)  Sem. overl.  Error fix time (s)  Error fix time (s)
 (pages)  @test  @prod  @cloud  (avg)  (per-error) @test  (per-error) @prod
 5–10  52.5 ± 0.5  16.56 ± 0.5  22.03 ± 0.5  0.5  16.12  5.28 ± 0.5
 10–15  102.6 ± 0.5  41.70 ± 0.5  33.34 ± 0.5  0.5  19.75  5.78 ± 0.5
 15–20  84 ± 0.5  37.51 ± 0.5  37.30 ± 0.5  0.3  20.54  15.24 ± 0.5

Table 13 
Question answering performance across different document 
lengths and configurations.
 Length  QA latency (s)  QA latency (s)  QA latency (s)
 (pages)  @test  @prod  @cloud
 5–10  90 ± 0.5  20.64 ± 0.5  19.77 ± 0.5
 10–15  187 ± 0.5  30.43 ± 0.5  38.65 ± 0.5
 15–20  92 ± 0.5  22.84 ± 0.5  24.40 ± 0.5

Fig. 9. Distribution of SUS scores across participants (histogram and boxplot).

Fig. 10. SUS score vs. mean task duration per participant, with a linear trend 
(𝑟 = −0.51).

representative sample to assess the system’s behavior on this dataset as 
well. The results showed no noticeable differences in performance with 
respect to MP-DocVQA, demonstrating the robustness of the approach 
beyond a single benchmark. Additional experiments carried out with 
different LLMs like Llama3 and DeepSeek-R1 show performance below 
20% and are not reported for this evaluation, while being available as 
supplementary data.

7.  Experimental setup, time efficiency and usability analysis

The response time of the system mostly depends on the number of 
pages (images) on which the relevant information is presumed to be and 
on the number of semantic overlaps which are detected and corrected. 
The time required may vary between seconds and minutes depending 
on local installation resources. All our experiments are conducted on 
a workstation equipped with Intel Core i7-10750H CPU@2.60GHz, 16 
GB of RAM, and NVIDIA GeForce GTX 1650 with Max-Q Design (laptop) 

GPU with 4 GB of VRAM. Additional evaluations to assess the system’s 
performance on a production environment are performed on Intel Core 
Ultra 9 275HX CPU, 32 GB of RAM, and NVIDIA GeForce GTX 5080 
(laptop) GPU with 16 GB of VRAM.

Evaluations of time efficiency for segmentation and question answer-
ing across different models and document lengths are reported in Ta-
bles 12 and 13. The local model for question answering is llava:latest
(Liu et al., 2024) that is currently v1.6; the cloud model is qwen3-
vl:235b-instruct-cloud (Bai et al., 2023), both leveraged through the 
Ollama API v0.13.416 ,17. All the experiments are conducted under cold 
start conditions.

These experiments use the same dataset employed in the QA evalua-
tion (Section 6.3.1), which consists of documents uniformly sampled 
across different document length ranges. The reported values corre-
spond to average timings computed over the entire dataset. As expected, 
segmentation latency exhibits an approximately linear growth with re-
spect to the average number of pages and to the number of semantic 
overlaps to correct. These two factors are correlated, as longer docu-
ments are more likely to contain a higher number of errors. The vari-
able presence of semantic overlaps is the factor that impacts the most on 
overall efficiency, since DocLap performs automatic correction of these 
errors and each correction is carried out by an LLM call. It is to be no-
ticed that in the considered documents the short and medium length 
categories contain, on average, more errors per document than long 
documents (Table 12). This explains why, for the local model, medium 
length documents can take longer to process than longer documents. In 
contrast, the cloud model remains efficient across all document lengths 
as each LLM request for corrections is completed in a few seconds com-
pared to the several minutes required by the local configuration. These 
measurements include the time required by the system to render anno-
tation layers on the original PDFs in the interface.

Time complexity analysis for question answering shows that latency 
generally increases from short (5–10 pages) to medium length docu-
ments (10–15 pages), not scaling linearly for long documents (15–20 
pages). This behavior occurs because the time required for answer gen-
eration is driven more by the number of content elements relevant to 
the query than by the total number of pages and because both local and 
cloud models exploit internal optimizations such as caching, that reduce 
the impact of less relevant pages.

For this evaluation, the computational complexity of question classi-
fication must also be taken into account. Question classification is han-
dled by the gpt-oss:120b-cloud model which processes only the user 
questions, that are typically short textual inputs; as a result, its response 
time remains consistently low (1–2 seconds) and independent of docu-
ment length, relatively contributing to overall latency. In contrast, the 
latency of the response generation is strongly influenced by both the 
document length and the system configuration.

The local models show an evident increase in time complexity, that 
becomes high as document length and number of overlaps grows, in-
dicating limited scalability when reasoning over extended multi-page 
contexts. Conversely, the cloud models maintain lower response times, 
particularly benefiting from scenarios presenting more semantic over-
laps, which are resolved more efficiently.

16 https://ollama.com/library/llava
17 https://ollama.com/library/qwen3-vl:235b-instruct-cloud
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Table 14 
Per-task completion rate, timing @test, and error statistics (𝑁 = 15 participants per task).
 Task  Description  Success  Partial  Fail  Mean dur. (s)  Median dur. (s)  Mean errors
 T1  Process the document  47%  53%  0%  106.1  88.1  15.80
 T2  Locate a specific element  73%  13%  13%  24.0  17.1  0.27
 T3  Ask a contextual question  87%  13%  0%  83.4  79.1  0.13
 T4  Ask a question on layout elements  33%  27%  40%  97.3  91.7  5.60
 T5  Ask a question on layout elements (filtered context)  20%  27%  53%  111.2  77.1  4.60
 T6  Find an overlap violation  93%  7%  0%  78.8  43.0  0.00
 T7  Process a LaTeX document  47%  20%  33%  131.7  88.3  2.13

Fig. 11. Task-level results: completion time, outcome distribution, and observed errors for each of the seven tasks T1-T7.

Fig. 12. Per-item SUS means with polarity correction (higher values = better 
usability).

The latency observed in the test deployment is to be interpreted in 
the context of an experimental setup. To assess the impact of hardware 
resources on the system’s efficiency, the experiments that are reported 
in Tables 12 and 13 include a production configuration capable of sup-
porting high-concurrency workloads. In this setting, results show a sig-
nificant reduction in execution times, with performance comparable to 
that obtained using cloud-based models. These experiments show that 
worst-case latencies are largely influenced by the experimental hard-
ware configuration and may benefit from both production-level hard-
ware resources and code-level optimization.

The evaluation script and the annotation files to assess each engine’s 
performance are available at this link.
Usability analysis. We conducted a usability evaluation on the local test 
installation with 𝑁 = 15 participants drawn from different backgrounds 
and not previously aware of the system’s functionalities.

During the session, participants self-reported their familiarity with 
PDF manipulation tools and with LLM-based tools on a 5 point scale, 
allowing us to relate previous experience to observed outcomes. Each 

participant completed the same set of seven tasks T1-T7 (Table 14) on 
PDFs randomly chosen from the DAD dataset, covering document pro-
cessing, element location, contextual question answering, layout-related 
queries (with and without filtered context), detection of overlap viola-
tions, and processing of LaTeX documents.

For each task, we logged the completion time (local processing), the 
number of errors observed, and a categorical outcome (success, partial, 
or fail). After task completion, participants completed the System Usabil-
ity Scale (SUS) (Lewis, 2018), a standard 10-item, 5 point Likert ques-
tionnaire, from which a 0–100 score per participant is derived using a 
polarity-corrected scoring procedure (odd items scored as response−1, 
even items as 5−response, summed and multiplied by 2.5). We report 
descriptive statistics for the SUS score (mean, standard deviation, me-
dian, range), map the sample mean onto the Sauro-Lewis curved-grading 
scale norms (Sauro & Lewis, 2016) to obtain a qualitative grade, and as-
sess the internal consistency of the 10 items via Cronbach’s 𝛼. At the 
task level we report, for each task, the proportion of success/partial/fail 
outcomes, mean and median completion time, and mean error count 
(Fig. 11). Finally, we compute pairwise Pearson correlations between 
background-familiarity variables and the outcome measures (SUS score, 
mean task duration, total errors).

The sample obtained a mean SUS score of 74.8 (𝑆𝐷 = 15.5, median 
= 77.5, range [45.0, 95.0]), corresponding to a letter grade of B on the 
Sauro-Lewis curved grading scale, placing the system at the ∼70th per-
centile (good usability) (Fig. 9). Internal consistency is slightly above 
the conventional acceptability threshold (𝛼 = 0.85 > 0.70), supporting 
the reliability of the per-item breakdown (Fig. 12); the lowest rated 
item concerns perceived usefulness (𝑀 = 3.00), while complexity, cum-
bersomeness, and pre-requisites are rated most favorably (𝑀 = 4.47, 
𝑀 = 4.33, 𝑀 = 4.53 respectively). At the task level (Table 14), success 
rates ranged from 20% (T5, layout-element questions with filtered con-
text) to 93% (T6, overlap violation detection), with T4 and T5 show-
ing the highest fail rates (40% and 53% respectively) and, together with 
T1, the most frequent errors (in the case of T1, segmentation errors). 
In the local test installation setting, mean completion times vary sub-
stantially across tasks (24 − 132 s), with T7 and T1 the slowest and 
T2 the fastest on average. In a production setting, we expect the sys-
tem’s efficiency to scale in line with the results reported in Tables 12 
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and 13. Across participants, SUS score correlates negatively with mean 
task duration (𝑟 = −0.55) and positively, though weakly, with total er-
rors (𝑟 = 0.21), while duration and error count are negatively associated 
(𝑟 = −0.39) (Fig. 10), suggesting that participants who completed the 
tasks faster tend to perceive the system as more usable. Self-reported 
LLM-tool familiarity shows a moderate negative association with total 
errors (𝑟 = −0.36), while PDF-tool familiarity shows only weak associa-
tions with all outcomes (all |𝑟| ≤ 0.16), indicating that prior experience 
with LLM-based tools, more than with PDF tools, may partially reduce 
error frequency in this sample.

The usability test scripts and the resulting data are available at this 
link.

8.  Conclusions and future work

Conclusions

This paper extends scholarly document understanding and document 
question answering by integrating visual, semantic, and contextual in-
formation into a unified, modular, and open source framework that 
supports multi-layer exploration through interactive visualization and 
LLM-based interaction. Linking semantic information to documents is 
challenging from a research perspective: most recent solutions exhibit 
limited domain awareness, considering only basic relations between text 
chunks. Our approach addresses several limitations identified in the cur-
rent literature, including interoperability across document representa-
tions, support for layout validation, multi-page capabilities, and long 
context issues when performing multi-page question answering. Interop-
erability is achieved by integrating heterogeneous representations such 
as PDF, LaTeX, XML, and ontologies, enabling complementary naviga-
tion and analysis strategies. This integration enables mutual improve-
ment among components, aiding both system performance and user ex-
perience. Segmentation remains a pivotal component, providing the ge-
ometric information required for document representation and answer 
generation. In particular we leverage the Document Components ontol-
ogy, that is rich in layout variability, focusing on semantic relations to 
detect visual overlap errors and paving the way for more sophisticated 
layout coherence analysis. The proposed approach is based on the use 
of disjointness relations that may exist between overlapping regions. 
This relation is analyzed and interpreted as an indicator of potential 
recognition errors, providing a systematic way to identify and address 
inconsistencies in detected layout structures.

By incorporating semantic validation, our pipeline improves segmen-
tation quality, providing more reliable input to the question answering 
module, and supporting the generation of high-quality datasets. Unlike 
purely generative conversational systems, whose quality is largely de-
pendent on training data, our approach bases its validation mechanism 
on a formal knowledge model. Being independent of data, this model 
provides an additional and less biased layer of verification.

While general purpose systems such as ChatGPT, NotebookLM, and 
ChatPDF can perform effective question answering over multi-page 
PDFs, they do not explicitly validate the consistency of the document 
representation that they build internally. By introducing an ontology-
based layer that enables the system to reason about the structural co-
herence of document components, our work enables explainable seman-
tic validation and interoperability of document representations. This is 
particularly relevant in scholarly document processing pipelines, where 
downstream tasks such as question answering rely on document rep-
resentations that are learned from highly variable layout structures. In 
such settings, a formal semantic model provides explicit constraints on 
valid document interpretations, reducing the propagation of recognition 
errors and making downstream applications more robust. Moreover, the 
ontology provides a representation that can be extended with inference 
mechanisms, supporting more refined reasoning.

We exploit LLMs both for context length optimization and to enhance 
the accessibility of diverse information which is not directly available 

from data. This enables navigation of different representations from an 
integrated interface and allows us to study the role of structured context 
in LLM-based QA. Moreover, in our setting, LLMs are employed only 
for the narrowest possible tasks (classification and correction), while 
separable computations are delegated to other components using RAG, 
reducing ambiguity in the associated tasks.

Future work

Currently, DocLap allows exploration of visual data that is extracted 
through the document segmentation module and the LaTeX processing 
module. As future work, having a tool capable of effectively associating 
different representations of document layout elements with precise co-
ordinates enables the automatic construction of class-specific datasets 
(e.g. formula and chemical structure datasets). Moreover, the custom-
made user interface described in Section 4 allows flexible adjustment 
of the underlying engines to enhance both recognition capabilities and 
question answering performance.

An important direction for future research emerging from this work 
is to address the lack of multi-page scholarly document datasets anno-
tated with question-answer pairs. Such resources are currently scarce, 
and their absence limits the systematic evaluation of document-level QA 
systems that rely on semantic segmentation and structural reasoning.

With regard to the proposed semantic-based enhancements, the vari-
ety of ontology relation employments can be extended to identify more 
than just overlap errors. To this end, parent relations can be exploited to 
detect misclassifications and elements missing paired classes (i.e. figures
and captions, bibliography elements and section). In addition, the presence 
of an ontology layer enables the possibility of extending the present 
structure with broader context ontologies (Hendricks et al., 2020) and 
also exploiting reasoning capabilities to expand actual relations with 
inference.

The DocLap overlap detection capabilities can also be easily ex-
ploited to compute and enhance the most widely used datasets for layout 
analysis like DocBank and PubLayNet (Massai & Marinai, 2026) which, 
as shown in Table 8, are not immune to such issues. Moreover, question 
answering performance would increase both by improving the segmen-
tation capabilities as described above and by employing language mod-
els with more parameters. Since the proposed approach supports and 
optimizes the processes handled by LLMs for question answering, over-
all system performance is expected to enhance significantly as models 
advance and computational capabilities improve.
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