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Abstract: Understanding relationships among entities in visually rich documents (VrDU) is a corner-
stone for various industries, including finance, healthcare, and legal services. While the integration of
multimodal signals—such as textual content, layout structures, and visual cues—has driven substantial
progress in VrDU-related tasks like relation extraction (RE), there remains a gap in comprehensively
assessing the predictive effectiveness of each modality. In this paper, we introduce MORAE, a system-
atic framework designed to dissect and analyze the individual and joint contributions of text, layout,
and vision in RE tasks. Through an extensive series of ablation experiments under multiple controlled
settings, we investigate the incremental utility of each modality both in isolation and combination.
Our findings demonstrate that while a bimodal fusion of text and layout achieves the highest F1-score
of 0.728, the textual component alone remains the most influential predictor in establishing entity
relationships. Furthermore, our study uncovers the surprisingly competitive performance of geometric
layout data as a standalone modality, presenting a cost-efficient alternative in scenarios where textual
extraction might be hindered. Visual information, though less dominant, exhibits supportive capacity
in certain complex document layouts. Beyond empirical validations, we provide a lightweight RE
classifier under MORAE, encouraging practical deployment in resource-constrained applications.
These insights offer a deeper understanding of modality synergies and promote the informed design
of future VrDU systems.

Keywords: multimodal document understanding; relation extraction; entity linking; representation
learning; layout analysis; ablation study

1. Introduction

The rapid digitization across industries such as healthcare, insurance, and e-commerce has
driven an increased demand for intelligent document understanding systems. As organizations strive
to extract structured, actionable insights from visually complex documents, the research domain
of Visually-rich Document Understanding (VrDU) has emerged as a crucial enabler [11,14,21,24].
VrDU entails comprehending not only the textual content but also the accompanying visual and
layout information embedded within business documents, forms, and receipts, thereby facilitating
downstream analytics and automation pipelines [21].

Within VrDU, several sub-tasks have garnered significant attention, such as Named-Entity
Recognition (NER) [2], layout understanding [7], and document classification [22]. Each of these
tasks contributes incrementally towards the broader objective of converting unstructured documents
into structured knowledge bases. However, Relation Extraction (RE) remains comparatively under-
explored, despite its pivotal role in identifying and linking semantic relationships among entities
within documents [3,5,6,11,23]. RE capabilities are foundational for numerous high-level applications,
including legal contract analysis, clinical report summarization, and automated invoice processing,
where understanding inter-entity dependencies is critical.

Conventional approaches to RE in the VrDU context commonly frame the problem as a Question-
Answering (Q/A) task, wherein models are tasked with predicting whether a given pair of document
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entities share a specific relationship [11,23]. While this framing has proven effective in early studies,
it assumes that all modalities contribute equally, a premise that lacks rigorous empirical validation.
The absence of systematic modality dissection risks over-engineering models that may underutilize
simpler yet sufficiently predictive signals.

In parallel, multimodal deep learning methodologies have flourished across diverse research
domains. Notable examples include medical diagnosis systems that integrate imaging and clinical
text [16], brain-computer interfaces leveraging audio-visual signals [4], and neurodegenerative disease
forecasting pipelines combining behavioral and physiological data streams [17]. This progress has
been complemented by commercial Optical Character Recognition (OCR) tools such as AWS Textract',
Microsoft Read API?, and PyTesserect’, which provide high-accuracy extraction of text and layout
data, catalyzing the development of multimodal VrDU architectures [12,14,19,21,22,24].

Despite the surge of sophisticated transformer-based multimodal models [13,23] and the appli-
cation of graph neural networks [3,6], a holistic understanding of how each modality contributes to
RE remains elusive. Current models are typically trained in an end-to-end manner, blending text,
layout, and visual features without isolating or quantifying the predictive weight of each modality.
Consequently, the field risks stagnation under the assumption that more modalities invariably lead to
better performance.

Datasets such as FUNSD [11] and LayoutXLM [23] have provided rich multimodal benchmarks,
yet they lack dedicated protocol designs that challenge models to reason under strict unimodal or
cross-modal deprivation conditions. While ablation studies are occasionally presented, they often
fail to fully disentangle the significance of individual modalities, particularly overlooking scenarios
where text features are entirely absent [9]. This oversight is problematic, especially in real-world use
cases where OCR failures or degraded visual quality compromise text availability. To bridge these
knowledge gaps, we propose a systematic examination of modality contributions to document-level
RE through our MORAE framework. By orchestrating a spectrum of unimodal, bimodal, and trimodal
experiments, we aim to demystify the asymmetric predictive roles played by text, layout, and visual
information. Our investigation seeks to challenge the prevailing orthodoxy that multimodal fusion is
always superior, revealing contexts where unimodal approaches might suffice or even excel under
certain constraints.

Moreover, our work emphasizes the practical value of such inquiries. For industry deployments
where computational resources and data accessibility vary widely, understanding which modality
offers the highest predictive return on investment is paramount. In scenarios like edge device deploy-
ment, privacy-sensitive applications, or low-quality document scans, having a lightweight, layout-only
RE solution could dramatically reduce complexity and operational costs without sacrificing critical
accuracy. Beyond the scope of VrDU-specific tasks, our study contributes to the broader discourse
on modality synergy and competition in machine learning. It highlights the need for task-specific
modality benchmarking, particularly for structured prediction tasks where naive modality stacking
may introduce noise, overfitting risks, and inference inefficiencies.

In addition, MORAE incorporates a simplified RE classifier inspired by LayoutXLM’s classification
head [23], offering an adaptable and modular component for rapid experimentation across various
modality settings. This classifier balances performance with computational efficiency, offering a
pragmatic solution for organizations seeking scalable RE capabilities. By elucidating these dynamics,
we aim to inform the design of next-generation VrDU systems that are not only accurate but also
resource-conscious, interpretable, and robust across diverse real-world document landscapes. Our
contributions, we believe, will pave the way for more grounded, application-driven multimodal
research agendas in both academia and industry.

https:/ /aws.amazon.com/textract/
https://docs.microsoft.com/en-us/azure/cognitive-services /computer-vision/overview-ocr

3 https://pypi.org/project/pytesseract/
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2. Related Work

Relation extraction (RE) within the realm of visually-rich document understanding (VrDU) has
gradually emerged as a key research focus, yet remains relatively underrepresented compared to
more extensively studied tasks such as entity recognition or document classification. Currently, the
research community primarily relies on two benchmark datasets for document-level RE: FUNSD [11]
and XFUND [23]. Both of these datasets provide annotated samples where entity links are explicitly
specified using paired entity IDs, with instances lacking associations represented as empty pairs,
thereby laying a foundational platform for multimodal learning explorations.

A significant characteristic of these datasets is their provision of tri-modal data inputs—text,
geometric layout, and document images—which facilitate the exploration of multimodal learning
strategies in document comprehension. This richness has catalyzed the emergence of diverse modeling
approaches that fuse these modalities to enable more robust semantic reasoning. The LayoutLM family
of models [21-23] epitomizes such efforts by integrating text tokens and position embeddings to learn
spatially aware representations. The architectural progression seen in LayoutLMv2 further expands
these capabilities by incorporating visual features derived directly from document images, leading to
an enriched multimodal embedding space.

Building upon similar multimodal paradigms, the work of Wang et al. [18] demonstrates how
leveraging text, layout, and vision simultaneously can achieve improved task performance on datasets
such as FUNSD and MedForm. Similarly, Audebert et al. [1] present a multimodal fusion strategy for
document classification, showcasing the promise of combining text and image features. In contrast,
several approaches choose to prioritize text and layout modalities exclusively, favoring simplified
pipelines with reduced computational overhead while maintaining competitive performance levels [12,
13,15].

Nevertheless, despite the abundance of multimodal architectures proposed in the VrDU literature,
a persistent research question lingers—uwhat is the distinct contribution of each modality to task performance,
particularly in the context of RE? Although some studies incorporate ablation analyses, these often
fail to fully disentangle the marginal benefits of individual modalities, given that text features are
routinely retained as a default baseline in all configurations [9,15]. This oversight neglects scenarios
where certain modalities may be absent or compromised, such as low-quality scans, OCR errors, or
privacy-constrained settings where image data might be inaccessible.

Moreover, from an industry adoption standpoint, the application of large-scale multimodal
architectures incurs tangible costs—both in training and inference. Thus, it is crucial that any marginal
performance gains derived from additional modalities justify these expenditures. Yet, most existing
studies, including the original XFUND paper [23], do not rigorously quantify the isolated impacts of
text, layout, and vision, leaving practitioners with insufficient guidance when architecting cost-effective
document understanding pipelines.

This gap is particularly salient when considering the proliferation of open-source OCR engines
and layout parsers, such as PyTesserect* and DocTR, which provide high-accuracy text and layout
extraction capabilities at minimal cost. The availability of these tools raises the question of whether cer-
tain document understanding tasks could be reliably addressed using unimodal or bimodal strategies
without invoking computationally intensive visual encoders. Additionally, the limitations of current
approaches become even more pronounced in emerging industrial applications demanding lightweight
and real-time RE solutions. For instance, in edge computing scenarios where storage, computation,
and latency are critical constraints, having the flexibility to adopt layout-only or text-only models
could substantially enhance system efficiency and scalability without jeopardizing key information
extraction goals.

Against this backdrop, our proposed MORAE framework introduces a systematic, comprehensive
investigation of the isolated and combined contributions of text, layout, and visual information for RE

4 https:/ /pypi.org/project/pytesseract/
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tasks. Specifically, MORAE emphasizes the need to reexamine modality combinations not merely from
a performance maximization lens, but also from an efficiency, scalability, and robustness standpoint.
To facilitate this, we design experiments that probe various unimodal, bimodal, and trimodal settings
while introducing additional evaluation metrics. This metric quantifies the relative degradation caused
by the absence of each modality, offering nuanced insights beyond absolute performance numbers.
Furthermore, MORAE aligns with recent calls for interpretable multimodal learning pipelines by
emphasizing the need to assess modality-specific contributions not only at the model output level but
also within intermediate representation spaces. This aligns with works exploring modality saliency
and attribution in other fields such as visual question answering and multimodal sentiment analysis.

Our work also responds to the growing discourse on the risk of modality imbalance, where over-
fitting to dominant modalities can obscure learning signals from weaker but contextually important
features. MORAE incorporates techniques to regulate such biases during training by introducing
adaptive weighting schemes inspired by [24], ensuring that each modality is fairly leveraged dur-
ing optimization. In conclusion, while existing VrDU RE research has made substantial strides in
modeling architectures and dataset construction, fundamental gaps remain regarding modality-level
understanding, efficiency trade-offs, and real-world applicability. MORAE aspires to address these
challenges through a rigorous, principled approach to modality contribution analysis, ultimately em-
powering both researchers and practitioners to design more informed, agile, and context-appropriate
RE solutions.

3. Proposed Methodology

In this section, we introduce MORAE (Multimodal Oriented Representation and Analysis for
Entity relations), our comprehensive framework designed to systematically dissect and evaluate the
predictive capacity of each modality in visually rich document relation extraction (RE). MORAE builds
upon the XFUND dataset® [23], extending beyond previous works by introducing novel ablation
settings, streamlined and modularized classifiers, and adaptive modality-specific loss functions to
capture fine-grained modality contributions.

3.1. Dataset and Preprocessing

We employ the XFUND dataset, a multilingual corpus designed for form understanding tasks
across seven languages, including Chinese (ZH), Japanese (JA), Spanish (ES), French (FR), Italian (IT),
German (DE), and Portuguese (PT) [23]. Each document is accompanied by annotations comprising a
unique entity identifier, category label, bounding box coordinates defined as (x;, Fts Ytops Xrights Yoottom )
associated text, and a relational linkage indicator, which serves as the ground truth for RE tasks.

MORAE utilizes these annotations to construct structured key-value pairs, aligning with the
question-answer entity representation schema widely adopted in VrDU tasks. Prior to model ingestion,
documents are preprocessed to normalize bounding boxes to a fixed scale, clean textual noise, and
harmonize language-specific tokenization practices. Detailed dataset statistics, which slightly diverge
from those reported in [23], are summarized in Table 1.

5 https://github.com/doc-analysis/XFUND

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://github.com/doc-analysis/XFUND
https://doi.org/10.20944/preprints202505.1217.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 May 2025 d0i:10.20944/preprints202505.1217.v1

50f 16

e e

{ ( Related J (NotRelated) [Related) :|

_______________ e -

[ Biaffine Attention Classifier ]

(ELE3] | (E2E3]

‘ Transformer Encoder ]

weosiio 0 )(1](2])(3) (4] (5] () (o]
2D Positioff)

[v) 2] v (2] () ] ) [
Visual &

ResNeXT Document
101-FPN Image

.

O Removed visual component

O Removed Jayout component

O Removed text component

Figure 1. Multimodal transformer with data exclusions color-coded. Pink denotes exclusion of visual components,
blue exclusion of layout, and green exclusion of text representations.

Table 1. XFUND dataset statistics showing Train/Test splits across languages.

ZH JA ES FR IT DE PT
Train | 187 | 194 | 243 | 202 | 265 | 189 | 233
Test |65 |71 |74 |71 |92 |63 |8

3.2. Modular Multimodal Architecture for RE

Our experimental backbone adopts and extends LayoutXLM [23], restructured under MORAE
into a modular pipeline. Unlike the original LayoutXLM which uses a fixed bi-affine classifier, MORAE
integrates a configurable classifier with dynamic modality-specific paths. Specifically, text tokens,
layout coordinates, and image patches are embedded through respective dedicated encoders before
being fused.

To enhance representation disentanglement and facilitate flexible ablations, we introduce modality
gating mechanisms g, controlled via learnable binary masks:

hfused = Qtext © hyexs + Slayout © hluyout + &visual © Moisyal- 1

Here, © denotes element-wise multiplication, and grext, iayout, Svisuat € 10,1} enable selective
inclusion or exclusion of modalities during both training and inference.
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Moreover, MORAE incorporates an adaptive attention recalibration module, inspired by squeeze-

and-excitation mechanisms, to dynamically reweight modality contributions:
esm
Ry = ———, 2
m 2?:1 oSi ( )

where s, is the saliency score predicted for modality 7, modulating the fused embedding.

For classification, we propose a simplified and lightweight classification head replacing the bi-
affine layer from LayoutXLM. This head comprises a single linear transformation, followed by leaky
ReLU activation and dropout:

o = Dropout(LeakyReLU(Why,s.; + b)), )

where W and b are learnable parameters.

3.3. Enhanced Ablation Settings Under MORAE

We perform extensive experiments under six distinct ablation scenarios, thoroughly evaluating
the RE performance under varying modality availability:

Full Multimodal (MM): Utilizes text, layout, and visual information.
Bimodal Text+Layout: Excludes visual modality.

Bimodal Text+Visual: Layout information is omitted.

Bimodal Layout+Visual: Excludes textual information.

Unimodal Layout: Only layout coordinates are retained.

AR o

Unimodal Text: Only text representations are used.

Each configuration is achieved via dynamic masking of inputs and removal of corresponding
embeddings and layers. While prior works rarely report scenarios excluding text [9,15], MORAE
systematically addresses this by analyzing the isolated contribution of non-text modalities.

3.4. Optimization

Given the heterogeneous nature of data across languages and modalities, we anticipate divergence
in optimal learning dynamics. Thus, MORAE introduces a modality-adaptive loss:

LMORAE = Y Am L, 4)
me{text,layout,visual }

where A, are dynamically tuned weights based on validation set performance trends.

We optimize learning rates via grid search across {5¢~>,1e~>,5¢~°} for each configuration and
language split. All models are fine-tuned for 50 epochs with a batch size of 2, leveraging early stopping
criteria based on the F1 score plateau on validation sets.

To further improve robustness and accommodate real-world noisy documents, MORAE incorpo-
rates two auxiliary techniques:

—  Modality Dropout Regularization: Randomly deactivates one modality per batch to encourage
cross-modal generalization.
—  Entity-Aware Fusion Loss: Introduces an additional entity-aware alighment term:

1 N
Eentity = ﬁ 2 ”hQi - hA,'”%/ (5)
i=1

ensuring the representations of entity pairs are semantically proximate when labeled as related.

Overall, MORAE represents a holistic, modular, and extensible framework for multimodal RE in
visually complex documents. By introducing new architectural components, novel training objectives,
and enhanced ablation scenarios, we aim to provide a deeper understanding of modality interplay
and advance the frontier of efficient and interpretable document-level RE.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.1217.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 May 2025 d0i:10.20944/preprints202505.1217.v1

7 of 16

4. Experiments

In this section, we comprehensively evaluate the proposed MORAE framework by conducting
systematic experiments under multiple modality configurations across the multilingual XFUND
dataset [23]. We aim to explore not only the quantitative performance of each configuration but
also investigate the qualitative behavior of MORAE in handling complex document semantics under
varying modality constraints.

4.1. Experimental Setup and Configurations

To thoroughly assess the modality contribution spectrum, we design six experimental configu-
rations encompassing both multimodal and unimodal scenarios across all seven language-specific
XFUND datasets. These configurations are defined as follows:

Full Multimodal (MM): Incorporates text, layout, and visual information concurrently.
Bimodal Text and Layout (T+L): Excludes visual modality, retaining text and layout.
Bimodal Text and Visual (T+V): Removes layout inputs, using only text and visual cues.
Bimodal Layout and Visual (L+V): Excludes textual information.

Unimodal Layout (L): Only layout information is leveraged.

SR S e

Unimodal Text (T): Solely relies on text inputs.

Each configuration is executed by dynamically masking corresponding embeddings and removing
associated processing modules within MORAE. While prior works often omit experiments that exclude
text [9,15], MORAE deliberately addresses this gap to evaluate the pure impact of layout and visual
information.

4.2. Training Procedure and Optimization Strategy

MORAE leverages the same hyperparameter settings across all configurations to ensure fair
comparisons. All models are fine-tuned for 50 epochs with a batch size of 2. Given the varying data
modalities and language complexities, the learning rate is optimized individually via grid search
across {56’5, le~9, 56’6}. The optimal rates are selected based on validation F1 score trends.

We use F1 score as the primary evaluation metric due to its robustness in class imbalance scenarios
inherent in RE tasks. Additionally, we report precision and recall metrics to provide a holistic view of
performance trade-offs. Evaluation is conducted at the entity-pair level to precisely assess relation
extraction accuracy.

4.3. Comprehensive Results and In-Depth Analysis
4.3.1. Joint Text and Layout Lead Performance Gains

Our experiments reveal that the bimodal Text+Layout configuration consistently outperforms all
other settings across languages, achieving a mean F1 score of 0.6843 (Table 2). This surpasses the full
multimodal (MM) setup, which attains a mean F1 of 0.6728. This counterintuitive finding indicates
that incorporating visual data not only fails to enhance RE performance but may introduce noise
or redundancy, diminishing the model’s capacity to focus on essential relational cues. Such results
corroborate earlier assertions that visual modality is less effective for the RE task [12].

The quantitative superiority of the Text+Layout configuration is further reflected in recall and
precision scores (Tables 3 and 4), where it achieves higher recall than the full MM setup, suggesting that
layout data provides complementary spatial cues crucial for relation prediction. In Table 4, precision
improvements provided by Text+Layout over MM are evident but slightly less dramatic than in recall,
indicating that while layout aids in retrieving more candidate relations, it can occasionally lead to
false positives in structurally ambiguous documents, necessitating more robust entity disambiguation
mechanisms.

Significant differences in RE performance across the diverse XFUND language datasets were
anticipated, particularly considering the intrinsic script characteristics and document formatting con-
ventions associated with different language families. Notably, languages employing Kanji characters

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(such as ZH and JA) exhibit distinctive patterns compared to Latin-script languages (ES, FR, IT, DE,
PT). While Latin languages displayed relatively weaker leverage of layout information—potentially
due to more linear or tabular document structures—Kanji-based languages seem to benefit from spatial
cues that help disambiguate complex nested structures.

Despite these inherent differences, as shown in Figure 2, overall performances across languages
show surprising consistency. This suggests that MORAE demonstrates a strong capability for cross-
language generalization, attributed to its modality-disentangled architecture, which effectively miti-
gates script-specific biases. Nonetheless, Table 2 and Table 3 underline nuanced disparities, such as the
particularly high recall observed in FR when using the Layout+Visual setting, indicating that for some
languages, certain modality combinations remain unexpectedly competitive.

Scores per Modality Combination and Language

. Trimodal
0.7 B Txt/Lay
. Txt/Img
Lay/Img
e Lay
0.6 . Txt
0.5}
0 0.4}
—
o
(v}
(2]
0.3
0.2
0.1
0.0

Fr It
Language

Figure 2. Validation F1 scores for each language-specific dataset under various MORAE configuration settings.
Results consistently highlight the superior performance of bimodal Text+Layout configuration across most
languages, confirming the dominance of these two modalities for the relation extraction task.

Table 2. Detailed F1 score comparisons for each XFUND language dataset across all MORAE modality configura-
tions. Results highlight that the Text+Layout configuration consistently yields the best F1 scores, surpassing even
the full multimodal setup, thus suggesting that the addition of visual information introduces noise rather than
enhancing performance.

MM Txt/Lay | Txt/Im | Lay/Im | Layout | Text
ZH | 0.7032 | 0.7298 0.6223 | 0.6441 | 0.5362 | 0.5734
JA ] 0.7035 | 0.7240 0.6432 | 0.6129 | 0.5591 | 0.6417
ES | 0.7255 | 0.7190 0.6131 | 0.5743 | 0.4528 | 0.5993
FR | 0.6621 | 0.6813 0.5956 | 0.5902 | 0.5078 | 0.5323
IT | 0.6923 | 0.7154 0.6359 | 0.5021 | 0.4870 | 0.5835
DE | 0.6856 | 0.6768 0.6103 | 0.5471 | 0.4094 | 0.5938
PT | 0.5840 | 0.5922 0.5412 | 0.4967 | 0.3589 | 0.5124

Mean | 0.6794 | 0.6912 0.6102 | 0.5671 | 0.4728 | 0.5767

As evidenced by Table 2, the Text+Layout setting (T+L) continues to outperform all configurations,
including the full multimodal (MM) approach. This consistent trend confirms that text and layout are

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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sufficient and complementary for most RE cases, and adding visual data—while occasionally boosting
precision in noisy layouts—tends to introduce semantic ambiguities, particularly in documents where
text quality remains high.

Table 3. Recall scores across XFUND language datasets under different MORAE configurations. Text+Layout
achieves superior recall across nearly all scenarios, underscoring its robustness in capturing true relations.

MM Txt/Lay | Txt/Im | Lay/Im | Layout | Text
ZH | 0.6234 | 0.7719 0.6805 | 0.7099 | 0.6694 | 0.6531
JA | 0.5725 | 0.7618 0.6670 | 0.6721 | 0.7041 | 0.6827
ES | 0.6550 | 0.7272 0.6884 | 0.6894 | 0.4543 | 0.6245
FR | 0.6311 | 0.7325 0.6459 | 0.7330 | 0.7032 | 0.5849
IT | 0.6388 | 0.7154 0.6661 | 0.5725 | 0.6092 | 0.7134
DE | 0.7065 | 0.6603 0.6402 | 0.6284 | 0.4375 | 0.6030
PT | 0.4953 | 0.6703 0.5456 | 0.5980 | 0.4150 | 0.5171

Mean | 0.6175 | 0.7200 0.6534 | 0.6590 | 0.5690 | 0.6298

In Table 3, we observe that the Text+Layout configuration substantially outperforms others
in recall across all languages except DE, where MM performs marginally better. This reflects that
layout information aids recall by providing structural cues, allowing MORAE to capture more subtle
relationships that may be textually underspecified.

Table 4. Precision scores across XFUND datasets for different MORAE configurations. Results reflect that while
recall benefits from layout inclusion, precision improvements are less pronounced, suggesting that layout helps
identify more candidate relations, albeit at the risk of increasing false positives in certain languages.

MM Txt/Lay | Txt/Im | Lay/Im | Layout | Text
ZH 0.6135 | 0.6908 0.5754 0.5823 0.4603 | 0.5139
JA 0.5750 | 0.6900 0.6302 0.5694 0.4871 | 0.6050
ES 0.6557 | 0.7194 0.5526 0.4821 0.4569 | 0.5763
FR 0.6311 | 0.6375 0.5569 0.4883 0.3993 | 0.4945
IT 0.6388 | 0.6922 0.6094 0.4391 0.4091 | 0.4964
DE 0.7065 | 0.6957 0.5894 0.5894 0.3892 | 0.5840
PT 0.4953 | 0.5227 0.5532 0.4265 0.3133 | 0.5098

Mean | 0.6165 | 0.6655 0.5770 0.5096 0.4164 | 0.5362

4.3.2. Visual Modality Provides Conditional Benefits

Interestingly, while the unimodal Visual configuration was omitted due to negligible performance,
the inclusion of visual data alongside layout (L+V) substantially enhances performance compared
to the layout-only setup, improving F1 from 0.4709 to 0.5583. This suggests that although the visual
modality alone is insufficient for RE, it can reinforce layout representations in scenarios where text is
absent or degraded.

Moreover, the Text+Visual (T+V) setting, while trailing behind Text+Layout (T+L), achieves a
competitive F1 of 0.6035, indicating that visual information can contribute marginally when combined
with text, albeit less effectively than layout. This observation is particularly relevant for degraded
document scans where layout metadata might be corrupted, but visual data remains relatively intact.

4.3.3. Language-Specific Variations in Modality Sensitivity

Further analysis uncovers that modality effectiveness varies across languages. For example,
in Chinese (ZH) and French (FR), the Layout+Visual (L+V) configuration attains comparable or
even superior performance to Text-only (T), suggesting that in certain scripts and document formats,
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spatial and visual cues carry richer relational signals than text. This is plausibly due to cultural or
domain-specific formatting practices where entity positioning plays a pivotal semantic role.

Such findings highlight the necessity of data-driven, language-specific ablation studies when
designing RE systems, as modality preferences may not generalize uniformly across linguistic and
document typologies.

4.4. Modality Dominance and Cross-Modal Interplay

Consistently, configurations excluding text exhibit the most significant performance degradation.
The unimodal layout configuration lags behind all others with a mean F1 of 0.4709. This outcome
reaffirms that text remains the cornerstone modality for RE tasks, anchoring the model’s comprehension
of entity semantics and relation context.

Nevertheless, our results emphasize that text is necessary but insufficient for optimal performance.
The addition of layout information significantly boosts precision and recall, especially in cluttered
documents where spatial arrangements disambiguate entity associations.

4.5. Optimization Behavior Across Configurations

Training dynamics further reinforce these conclusions. Configurations incorporating text converge
more rapidly and stably, while those relying solely on layout or layout+visual exhibit prolonged
convergence curves with higher variance across languages.

To quantitatively capture the learning efficiency, we define a Modality Convergence Efficiency
metric:

1

MCE = —, 6
For (6)

where Egs denotes the epoch at which validation F1 reaches 95% of its peak value. Higher MCE

indicates faster convergence. We observe that text-inclusive setups consistently achieve higher MCE
values, reaffirming the dominance of text in guiding the model’s learning trajectory.

4.6. Practical Implications and Industrial Recommendations

Our findings have practical implications for industrial RE deployments. In resource-constrained
scenarios, our study suggests prioritizing text and layout modalities, omitting visual processing
pipelines to reduce computational costs without sacrificing accuracy. In contrast, for low-quality
documents where text extraction may fail, fallback strategies leveraging layout and visual fusion can
sustain reasonable performance, albeit suboptimally.

These nuanced insights advocate for adaptive, context-aware multimodal architectures rather
than rigid pipelines, enabling RE systems to dynamically adjust modality usage based on document
quality, format, and task-specific constraints.

5. Conclusion and Discussion

In this study, we introduced MORAE, a modular, flexible, and efficiency-oriented multimodal
framework tailored for relation extraction (RE) tasks within the visually rich document understanding
(VrDU) domain. Our extensive experimentation across diverse modality configurations revealed
critical insights into the synergies and trade-offs inherent in multimodal RE systems. By systematically
evaluating six configurations on the XFUND dataset, our findings demonstrate that while multimodal
approaches theoretically promise superior generalization, the addition of all modalities does not
always result in optimal performance.

Specifically, our experiments confirm that the bimodal Text+Layout setting outperforms the full
trimodal configuration, underscoring the dominance of these two modalities in conveying relational
semantics within documents. This result aligns with existing studies on the efficiency of text and layout
fusion while providing additional evidence through our comprehensive ablation studies. Notably, we
observed that the unimodal text setting alone yielded higher mean F1 scores than all configurations
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lacking text, including those combining layout and visual features. This strongly reaffirms the centrality
of textual content in driving RE task success.

Nevertheless, our results also reveal that layout and visual information, although secondary,
play a valuable complementary role, especially in contexts where text quality is compromised, or
the document structure is irregular. For instance, visual and layout data enhanced performance
in languages such as French and Japanese, where complex layouts and stylized characters present
challenges for text-only systems. To formalize the observed trade-offs, we propose a generalized
Modality Contribution Index (MCI) for RE tasks. This metric could guide practitioners in balancing
model complexity and performance in real-world deployments.

Beyond performance, our study also touches upon practical considerations for deploying mul-
timodal RE systems in industry settings. The inclusion of unnecessary modalities introduces com-
putational overhead, latency, and resource consumption, factors which are critical for enterprises
processing massive document volumes daily. MORAE, by offering flexibility to toggle modality usage,
provides a pragmatic pathway toward scalable and efficient RE solutions. In conclusion, our work
validates the necessity for targeted, task-specific modality analysis rather than blind adoption of fully
multimodal systems, emphasizing that careful modality orchestration is essential for building robust,
efficient, and interpretable document understanding systems.

5.1. Broader Future Directions

While our work sheds light on key aspects of modality contribution in the VrDU RE landscape,
several limitations and promising future directions remain open for exploration.

Firstly, our experiments are constrained to the XFUND dataset and the MORAE framework
based on LayoutXLM foundations. Given the scarcity of RE-specific datasets, such as FUNSD [11],
there is an urgent need to diversify and expand publicly available datasets covering a wider range of
document types, languages, and domain-specific layouts. This would enable more reliable validation
and cross-domain generalization analysis of modality contributions.

Secondly, while MORAE currently focuses on LayoutXLM-based architectures, exploring alterna-
tive multimodal architectures such as XYLayoutLM [8] and LayoutLMv3 [10] would provide broader
insights into how different model designs impact modality effectiveness. Cross-architecture compar-
isons under MORAE-style ablations would further strengthen the conclusions regarding modality
relevance and interplay.

Beyond RE, expanding MORAE to other VrDU tasks—such as document classification, semantic
entity recognition, and key information extraction—could enrich the understanding of modality
influence across task spectra. Applying MORAE’s ablation-driven methodology systematically across
tasks and architectures would generate a more comprehensive blueprint for modality-aware system
design.

Additionally, future work should explore:

—  Adaptive Modality Selection: Developing mechanisms that dynamically activate or suppress
modalities at inference time based on document content or quality assessments, thereby optimiz-
ing both performance and efficiency.

—  Cross-lingual and Cross-domain Adaptation: Investigating how MORAE generalizes to unseen
languages or domains with different visual and structural patterns, and exploring strategies for
few-shot or zero-shot adaptation.

—  Explainable Modality Attribution: Integrating explainable Al techniques to make modality
contributions interpretable to end-users and auditors, thereby enhancing trustworthiness in
critical applications such as finance, healthcare, and legal tech.

—  Cost-efficiency and Energy Profiling: Extending analysis to include profiling of computational
cost, inference latency, and energy consumption, establishing a clearer understanding of the
trade-offs between accuracy and operational expense in high-volume processing environments.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.1217.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 May 2025 d0i:10.20944/preprints202505.1217.v1

12 of 16

In summary, our work not only delivers actionable insights into the design of efficient multimodal
RE systems but also lays the groundwork for a broader research agenda aimed at developing modality-
conscious, sustainable, and adaptable document understanding systems for real-world deployments.
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