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Abstract

Question answering from visually rich documents (VRDs) is the task of retrieving the
correct answer to a natural language question by considering the content of textual and
visual elements in the document, as well as the pages’ layout. To answer closed-ended
questions that require a deep understanding of the hierarchical relationships between the
elements, i.e., the full document-level understanding (FDU) task, state-of-the-art graph-
based approaches to FDU model the pairwise element relationships in a graph model.
Although they incorporate logical links (e.g., a caption refers to a figure) and spatial ones
(e.g., a caption is placed below the figure), they currently disregard the semantic similarity
among multimodal document elements, thus potentially yielding suboptimal scoring of
the elements’ relevance to the input question. In this paper, we propose GRAS-FDU, a
new graph attention network tailored to FDU. GATS-FDU is trained to jointly consider
multiple document facets, i.e., the local, spatial, and semantic elements’ relationships.
The results show that our approach achieves superior performance compared to several
baseline methods.

Keywords: full document-level understanding; document element recognition; visually
rich documents; multimodal learning

1. Introduction
Querying visually rich documents (VRDs), such as PDF files or scanned document

images, is particularly challenging because they include a mix of textual and visual ele-
ments (e.g., textual paragraphs, headers, captions, figures, diagrams) arranged according
to arbitrarily complex layouts. Given a question posed in natural language, question
answering (QA) from VRDs entails retrieving the elements that are most relevant to the
input question and then generating the corresponding answer [1].

When dealing with closed-ended, multiple-choice questions, QA from VRDs can be
reformulated as a multilabel classification task [2]. Specifically, when the answer consists
of one or more elements appearing on the document page (e.g., Which figures contain a
boxplot?), the QA problem consists of document element recognition (DER) and can be
addressed as a content retrieval task. The relevance of every document element is estimated
first, and then the elements are ranked by decreasing relevance; finally, the top-ranked ones
are returned [3].

In this work, we are interested in questions that have a sequence of answers that
occur on multiple pages of the full document. Answering these questions also involves
identifying elements that are hierarchically related to those mentioned in the question
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(e.g., Which section describes a given figure?). The latter problem, commonly represented
by full document-level understanding (FDU), is a DER specialization that requires the
accurate detection of logical element relationships (e.g., A caption describes a given figure)
and spatial ones (e.g., A textual paragraph appears next to a given figure) [4].

State-of-the-art graph-based approaches to FDU model VRD elements and element
relationships as graph nodes and edges, respectively [3]. A graph neural network (GNN) is
trained to encode key information about document elements. Given a question, the GNN
returns the probability of every candidate element for prediction.

Alternative FDU approaches [5–9] rely on multimodal learning frameworks to estimate
the similarities between textual questions and multimodal document elements. Although
multimodal learning solutions are established for image–text retrieval tasks, they neglect
the logical and spatial relationships modeled by graph-based approaches, thus struggling
with documents characterized by complex layout structures.

In this work, we bridge the gap between graph-based and multimodal learning
approaches to FDU. We present Graph Attention Network-Based Semantics-Aware FDU
(GATS-FDU), a new graph attention network that integrates logical, spatial, and semantic
element relationships. First, we represent multipage documents as composite graphs that
encapsulate both content and layout information. Then, we train a GAT to predict, for every
candidate element within a target pair (question and VRD), the multifaceted relevance
score. Experiments conducted on a benchmark VRD collection demonstrate that our method
significantly outperforms five baseline methods in terms of exact matching accuracy.

The rest of this paper is organized as follows. Section 2 gives an overview of the
related work. Section 3 formalizes the FDU task addressed in the present work. Section 4
thoroughly describes GATS-FDU. Section 5 summarizes the main experimental results.
Finally, Sections 6 and 7 summarize the main findings, draw conclusions, highlight the
main limitations of the proposed method, and discuss the future research extensions of the
present work.

2. Related Works
Existing approaches to FDU can be classified as (1) Transformer-based architectures

and vision LLMs [8,10–14]; (2) text–image retrieval architectures [5–7,15,16]; and (3) graph
neural networks [3].

2.1. Transformer-Based Architectures and Vision LLMs

Layout-aware language models, such as LayoutLM [8] and LXMERT [10], are capable of
understanding both semantic similarity and layout information but require a computationally
intensive fine-tuning stage. For example, Hi-VT5 [12] relies on a hierarchical encoder–decoder
framework based on T5 [17], where each page is encoded independently. GRAM [18], instead,
extends an existing single-page model [13] to enable interpage interactions. Pix2Struct [14] fine-
tunes the single-page Doc2VQA model to select the most relevant page including the answer
based on question–page matching. More recently, LLM-based models, such as LayoutLLM [19]
and HRVDA [20], have been pretrained for complex semantic understanding from VRDs and
then specialized via instruction tuning. A more extensive review of Transformer-based and
vision LLM-based approaches can be found in [2].

2.2. Text-Image Retrieval

Image–text retrieval models leverage multimodal representations of images and text
to retrieve elements in the document that are semantically similar to those in the question.
Contrastive-based models, such as CLIP [7], are, in general, less computationally expensive
to fine-tune on domain-specific VRDs than Transformers.
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To evaluate the similarity between natural language questions and VRD content,
previous works have adopted (1) unimodal encoders, which separately embed text
(e.g., BERT [21], RoBERTa [22]) and visual content (e.g., VIT [23]), or (2) multimodal en-
coders, which jointly process visual and textual elements (e.g., CLIP [7], EVA-CLIP [24],
BLIP [25], E5-V [26], VisualBERT [15], ViLT [27], LXMERT [10]). MemSum-DQA [6] is,
instead, an extractive summarization model adapted to solve the FDU task. It first adds
prefixes to each text element in the VRD with the provided question and question type and
then selectively extracts text blocks as answers from documents. To perform the extractive
step, in [6], the authors explore the use of several cross-modal encoders.

2.3. Graph Neural Networks

LoSpa [3] is, to the best of our knowledge, the only graph-based model that incor-
porates both logical and spatial information. Although it is competitive against both
image–text retrievers and Transformer-based models, it ignores the semantic relation-
ships in the graph. Our solution, instead, opportunistically combines the semantic infor-
mation conveyed by multimodal learning models with hierarchical and layout-related
document features.

2.4. Position of Our Work

To the best of our knowledge, the integration of multimodal encoders into graph-based
networks tailored to FDU has never been investigated so far.

3. Full Document-Level Understanding
Let D be a VRD with a fixed layout structure. D’s elements E = {e1, e2, . . ., en} consist

of sections, subsections, and other elements, such as tables, figures, table captions, and
figure captions. Pairs of elements ex and ey in D may have hierarchical logical relationships,
such as a subsection is part of a section or a caption refers to a figure, or spatial relationships,
depending on the layout of the document’s pages. Examples of spatial relationships are
top, bottom, left, right, top-left, top-right, bottom-left, and bottom-right [3] (e.g., a figure is
on the left-hand side of a section).

Given a closed-ended question Q on D (e.g., Which figures contain a boxplot?), the
document element recognition task aims to identify the correct elements in E to return as the
final answer. VRD processing encapsulates both spatial, logical, and semantic information.

DER in multipage documents can involve reviewing the full document’s contents
to identify the elements that are hierarchically related to the queried elements in the
question [3]. For example, the question Which section describes a given figure? requires the
identification of the Section element whose content explicitly refers to the Figure element
mentioned in the question. This subtask, namely full document-level understanding (FDU),
is the main problem addressed in this work.

4. Methodology
We present GAT-BASED SEMANTICS-AWARE FULL DOCUMENT-LEVEL UNDERSTAND-

ING (GATS-FDU), a new graph-based approach to tackle FDU in multipage VRDs. A sketch
of the architecture is depicted in Figure 1.

GATS-FDU consists of four main steps:

1. Multimodal element encoding, whose goal is to generate vector representations of the
VRD’s elements in a shared latent space;

2. Graph modeling, which aims to represent logical, spatial, and semantic entity relation-
ships in a composite graph;
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3. Multifaceted graph attention network training, which learns from training triples of
questions, VRDs, and candidate elements and determines the relevance scores to be
assigned according to logical, spatial, and semantic facets;

4. Elements’ retrieval, whose aim is to apply the GAT trained for FDU and return a
shortlist of the most likely elements.

Visual 
Components

Textual 
Components

Multipage 
Document

Textual
Question

Multimodal 
Encoder

Question
Embedding

Text 
Embeddings

Visual
Embeddings

Logical Graph

Spatial Graph

Semantic Graph

GNN Training 

Predict a score for 
each page component
to classify if it is part of 

the answer or not

0.95

0.91

0.38

0.27

Answer

Figure 1. Sketch of the proposed GATS-FDU approach to full document-level understanding.

A more detailed description of each step follows.

4.1. Multimodal Element Encoding

Textual and visual elements are encoded into a shared latent space to allow the GAT
to capture semantic similarities between a multimodal VRD’s elements. We segment the
elements’ text to conform to the maximum token length. For scanned/PDF versions of the
documents, we extract tables and figures by detecting and leveraging their bounding boxes.
When an image is not associated with any descriptive text, we synthetically generate the
image caption using Qwen2.5VL [28].

GATS-FDU supports a number of different multimodal encoders, such as CLIP [7],
JINA-CLIP [29], EVA-CLIP [30], BLIP [25], and E5-V [26]. Based on our preliminary
experimental comparisons, we will consider E5-V as the default encoder unless otherwise
specified. The text of each question is encoded using the same encoder adopted for
document elements.

4.2. Multifaceted Graph Modeling

We build a composite graph G consisting of the three subgraphs Glo, Gsp, Gse, which,
respectively, represent the logical, spatial, and semantic relationships among the elements
in E. Notice that Glo, Gse incorporate both intra- and interpage elements’ relationships and
also account for relationships between questions and VRD elements.

As logical and spatial relationships, hereafter, we will consider those defined in the
PDFVQA benchmark [3]:

• Logical relationship types: parent and child relationships (e.g., title of section, caption of
figure, caption of table, list in text) and the opposite child relationships.

• Spatial relationship types: top, bottom, left, right, top-left, top-right, bottom-left, and
bottom-right.

Since the GATS-FDU framework is general, the above-mentioned list of relationship
types can be straightforwardly extended.

Oriented edges in Glo and Gsp, respectively, indicate the presence of a parent/child or
spatial relationship.
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Gse’s edges indicate the pairwise similarity between pairs of multimodal elements
in the embedding space. Given Gse’s nodes ex and ey, the bidirectional edge connect-
ing them is weighted by sim(ex,ey), where sim(·) is the cosine similarity between the
elements’ embeddings.

To avoid generating fully connected similarity graphs, which would likely include
noisy information and be costly in training GNNs, we prune the initial graph by main-
taining, for each node Gse, only the top-K outgoing edges in order of decreasing similarity,
where K is a user-specified parameter.

The question embedding is included as an additional node of the graph. Regardless of
the type of subgraph, the question encoding is always linked to all other nodes to ensure
that the document element embeddings are aware of the question’s semantic content.

4.3. Multifaceted Graph Attention Network

GATS-FDU employs a graph attention network (GAT) to process the composite graph,
including complementary, heterogeneous facets (i.e., logical, spatial, and semantic rela-
tionships). GAT training leverages the attention mechanism to process all subgraphs as a
shared representation space, where the contents of both VRDs and questions are embed-
ded [31]. The tight integration between multifaceted subgraphs, modeling logical, spatial,
and semantic graphs, ensures effective information fusion and alignment.

Given a VRD D, a question Q, and a candidate target element e ∈ E, the GAT is
trained to jointly return three separate probability scores corresponding to the following
relevance estimates:

• scorelo(D,Q,e): the relevance score of element e to Q on D according to the logical
relationships facet;

• scoresp(D,Q,e): the relevance score of element e to Q on D according to the spatial
relationships facet;

• scorese(D,Q,e): the relevance score of element e to Q on D according to the semantic
relationships facet.

The separate scores are optimized during training using the binary cross-entropy with
logits loss function and averaged to estimate the overall element relevance.

4.4. Element Retrieval

For each question Q and VRD D, the retrieval stage leverages the inference capabilities
of the trained GAT to estimate the relevance of every candidate element in E. All candi-
dates whose estimated probability of being part of the correct answer is greater than 50%
are returned.

5. Experimental Results
This section summarizes the main results achieved in the empirical evaluation of the

GATS-FDU model.

5.1. Hardware Settings

To run the experiments, we exploited a machine equipped with an 18-core Intel Core
i9-10980XE processor, an Nvidia A6000 GPU, and 128 GB of RAM.

5.2. VRD Contents

We analyze the collection of VRDs and questions released in the PDF-VQA chal-
lenge [4]. The benchmark consists of the PDF versions of VRDs retrieved from the PubMed
Central (PMC) Open Access Subset. The documents are annotated according to the in-
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dications reported in [3]. The main purpose is to accurately predict the index(es) of the
elements that can provide correct answers to the given questions.

The dataset consists of three main splits: training, validation, and testing. For each split,
it contains the questions and their corresponding ground-truth answers. Furthermore, for
each VRD, it includes the bounding box coordinates of each document layout component,
the textual contents inside each bounding box, and parent–child relationships.

A list of the PDFVQA dataset’s features (https://www.kaggle.com/competitions/
pdfvqa/data (latest access: 20 July 2025)) is given as follows:

• pmcid: identifier of the question–answer pair;
• question: text of natural language question;
• question type: logical relationship (parent or child relationship);
• answer: list of answer text contents;
• global id: global identifier of corresponding answers—if it is set to −1, then it means

that No subsection or No section can be found to answer this question.

5.3. Baseline Methods

We compare our approach against the following state-of-the-art methods supporting
multimodal element retrieval:

• Multimodal learning architectures: ViLT [27], VisualBERT [15], CLIP [5,7];
• Graph-based approaches: LoSpa [3];
• Layout-aware vision language models: LXMERT [10], M4C [11].

To ensure a fair comparison with our approach, for each baseline method, we perform
parameter tuning and consider the result of the best-performing settings. For all models,
we run the experiments with the corresponding open-source model version. Specifically, for
ViLT, VisualBERT, CLIP, and LXMERT, we rely on the latest HuggingFace model versions,
whereas, for LoSpa and M4C, we follow the indications provided by the respective authors.

5.4. Performance Metrics

Similarly to [3], we adopt the exact matching accuracy (EMA). It counts the number of
questions for which the FDU approach correctly predicts all elements associated with the
corresponding questions in the ground truth. Note that, for every question, the expected
elements may not be unique and could even be zero. Note also that, since each VRD
potentially contains hundreds of elements, in the classical FDU setting (which is an extreme
classification task), the EMA is, in general, preferable to per-class metrics, such as precision
and recall [1].

5.5. Reproducibility

The official repository of the research project is available online at https://github.
com/VaianiLorenzo/gat-doc (accessed on 20 July 2025). The repository includes all code
sources, the references to open data and tools, the settings used in the experiments, and the
main empirical results.

5.6. Configuration Settings

For GATS-FDU, we exploit AdamW [32] and tune the network hyperparameters to
define the best configuration settings: learning rate 5 × 10−5, decay 1 × 10−5, loss function
BCEWithLogitsLoss, learning rate γ = 0.5 every 10 epochs, learning rate scheduler with
step decay 10, combined weight decay λ = 10−5, and batch size 1.

We also test different encoding strategies and empirically verify whether the contents
of the tables and figures correctly match the corresponding captions. E5-V [26] is the most
effective encoder as it accurately matches all image captions and most table captions.

https://www.kaggle.com/competitions/pdfvqa/data
https://www.kaggle.com/competitions/pdfvqa/data
https://github.com/VaianiLorenzo/gat-doc
https://github.com/VaianiLorenzo/gat-doc
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The experiments have been executed across five different runs to compute statically rel-
evant metrics. We report the average results (with the corresponding confidence intervals).
More details are given in the public repository.

5.7. Results

Table 1 compares the EMA results for the best configurations of both GATS-FDU
and the baseline methods. It is worth noting that CLIP achieves competitive results
despite not being specifically designed for the FDU task. This performance can likely be
attributed to the strength of its joint visual–textual embeddings, which outperform the
BERT- and ResNet-based representations employed by LoSpa. As a result, CLIP is able to
retrieve relevant document elements effectively even without modeling logical or spatial
relationships explicitly. Compared to LoSpa, our proposed GATS-FDU further improves
the performance by integrating semantic relationships into the graph representation, in
addition to the logical and spatial ones. While LoSpa can effectively capture hierarchical and
layout-related dependencies, it cannot exploit the semantic similarity between multimodal
elements, which is crucial when the connection between a question and its answer extends
beyond explicit structural links.

Table 1. Performance comparison among different FDU approaches, with 95% confidence intervals.
The results of the best-performing methods are written in boldface.

Model Visual Text Logical Spatial Semantic Val Test
VisualBERT ✓ × × × × 21.55% (±1.20) 18.52% (±1.15)
ViLT ✓ × × × × 10.21% (±0.85) 9.87% (±0.80)
LxMERT ✓ × × × × 16.37% (±1.05) 14.41% (±0.95)
M4C ✓ ✓ × ✓ × 12.14% (±0.90) 13.77% (±1.00)
CLIP ✓ ✓ × × × 29.95% (±1.25) 34.52% (±1.35)
LoSpa ✓ ✓ ✓ ✓ × 30.21% (±1.10) 28.99% (±1.20)
GATS-FDU (ours) ✓ ✓ ✓ ✓ ✓ 31.50% (±1.05) 38.72% (±1.15)

5.8. Graph Ablation Study

We carry out an ablation study to analyze the effects of including different combi-
nations of relationship facets in the graph (logical, spatial, semantic). Figure 2 shows the
average results achieved for different combinations, together with the corresponding confi-
dence levels. The results obtained on the PDFVQA benchmark show that the combination
of logical and semantic information is the most beneficial, although the performance gap
is not statistically significant. Spatial relationships appear to be less discriminating in
predicting the correct answer, likely due to the high variability in the layout structure of
the documents analyzed.

Figure 2. Ablation study of the facet combinations (logical+spatial, logical+semantic, spa-
tial+semantic, logical+spatial+semantic) represented in the composite graph.
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5.9. Impact of Logical Graph Scope

To further investigate the impact of the logical graph’s scope, in our proposed solution,
we extend the original LoSpa configuration, which models logical connections only at the
page level, by including document-level connections between nodes. This enhancement
allows the model to capture hierarchical relationships spanning across different pages, thus
better reflecting the nature of multipage VRDs. As shown in Table 2, expanding the scope
from the page level to the document level yields a modest yet consistent improvement
in EMA (+0.86%), suggesting that cross-page logical dependencies contribute to a more
complete representation of the document structure and can benefit FDU performance.

Table 2. Comparison between page-level and document-level scope for the Glo graph.

Scope Mean Acc

Page level 26.33%
Document level 27.19%

5.10. Impact of Number of Attention Heads

We also analyze the effect of varying the number of attention heads in the GAT archi-
tecture, as reported in Table 3. Increasing the number of heads from one to four yields the
highest exact matching accuracy, suggesting that a moderate degree of multihead attention
is beneficial in integrating heterogeneous graph facets. Conversely, using a single head
limits the model’s ability to capture diverse relational patterns, while excessively increasing
the number of heads (8 or 16) slightly degrades the performance, likely due to the overfrag-
mentation of the attention space and the introduction of redundant computations. These
results indicate that balancing the diversity of attention mechanisms with computational
efficiency is crucial for optimal FDU performance.

Table 3. Validation performance of global GNN with Glo and Gse graphs for different numbers
of attention heads, including 95% confidence intervals. The result of the best setting is written
in boldface.

Number of Heads Mean Acc

1 30.45% (±1.10)
4 31.50% (±1.05)
8 30.46% (±1.12)
16 30.29% (±1.15)

5.11. Parameter Analysis

We analyze the effects of the selection of the top-K most relevant elements for each
input question. The results are reported in Figure 3. We vary the value of K between 1 and
10, achieving the best performance when K ranges between 3 and 6. When setting smaller
values, the system tends to discard candidate elements that are highly similar to the input
question (i.e., the average cosine similarity with the returned elements is around 70% when
k = 3). Conversely, when increasing the value of K, the selected candidates also include
outliers (i.e., the average cosine similarity decreases to 60% when K = 10).
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Figure 3. Effects of top-K selection.

6. Discussion
State-of-the-art FDU approaches currently face challenges in dealing with multipage

VRDs [3] for the following reasons:

• The performance is influenced by the document layout structure, which could vary
from one page to another and from one document to another. Visual language
models that are fine-tuned on specific layout structures are not easily portable to
different structures.

• The logical hierarchical relationships among VRD elements can occur both within a
single page and across different pages. While existing approaches primarily focus on
intrapage relationships, they often overlook those that span multiple pages.

• The similarity among VRD elements’ content is not embedded in the graph-based
VRD representation [3].

• Text-only FDU approaches are not capable of retrieving answers that include visual
content only.

• Image–text retrieval modules ignore the impacts of logical and spatial relationships.

In this work, we pave the way for new graph-based approaches combining logical,
spatial, and semantic element relationships. The key advantages are summarized below:

• Graph models are particularly effective in representing the inherent complexity of
multipage VRDs.

• Graph attention networks are suited to heterogeneous graph structures, modeling
multiple document facets.

• GNN training requires a more limited number of examples than visual LLM fine-tuning.

The main limitations of the current work are enumerated below:

• GATS-FDU has been tested on an FDU benchmark consisting of scientific articles. Its
portability to other domains has not yet been investigated and will be addressed in
future work.

• There is room for the extension of the proposal to the more complex DER task, i.e.,
when the questions do not refer to hierarchical element relationships, but this was
beyond the scope of the present work.

• The documents were all written in English and contained a limited number of visual
items. The applicability of the method to multilingual documents and to more complex
multimodal scenarios (e.g., presentation slides) is still under investigation.

7. Conclusions and Future Work
This paper presented a graph-based approach to full document-level understanding

in visually rich documents. The proposed solution outperforms existing multimodal
strategies, including former graph-based methods, thanks to the integration of multifaceted



Computers 2025, 14, 362 10 of 12

document relationship information, such as logical relationships, spatial relationships, and
semantic relationships. The integration of semantic similarity scores derived by multimodal
learning architectures boosts the model’s performance, particularly when the connection
between the posed questions and the candidate elements is ambiguous.

The empirical results demonstrate significant advantages in integrating different
document facets. First, the use of multimodal encoders addresses the limitations of text-
only methods. Secondly, combining logical and semantic information helps to prevent
the retrieval of logically relevant but irrelevant answers, thereby improving the model’s
precision. Finally, spatial relationships can sometimes be misleading, especially in the
case of multipage VRDs. In these complex scenarios, the fusion of spatial and semantic
relationships helps to maintain the quality of the extracted information.

In future work, we plan to pursue the following research lines:

• Explore new application scenarios (e.g., financial documents [33], news docu-
ments [34], legal documents [35]) and document types (e.g., charts [36,37], re-
ceipts [9,38], reports [39]);

• Extend the scope of the research to the more general document element recognition
task [9];

• Address challenging aspects related to FDU, such as scalability, real deployment, and
memory footprint;

• Design new graph-based architectures leveraging deep learning and reinforcement
learning strategies for content retrieval and refinement;

• Evaluate the portability of GATS-FDU to diverse languages and linguistic styles.
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