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Abstract

Multimodal Summarization requires the ex-
ploration of mutual information from multi-
modal data such as text and graphics. Al-
though this task has been well-studied on high
resource languages such as English, the devel-
opment in methodology of this task on low-
resource languages such as Vietnamese is lim-
ited. In this study, we introduce VilnfoSum, a
novel dataset for evaluating Multimodal Sum-
marization methods in Vietnamese. Evaluation
of baselines for abstractive text summariza-
tion and OCR-based image captioning methods
show that they are not effective in determining
correct entities from multimodal inputs, which
results in wrong summarization. To this end,
we propose VilnfoSummer, a novel method that
learn to indicate entities correctly from multi-
modal inputs which leads to performance im-
provement on the VilnfoSum dataset for Multi-
modal Summarization in Vietnamese.

1 Introduction

Infographics convey information through a com-
bination of visual and textual elements. Summa-
rizing such data therefore requires multimodal un-
derstanding and reasoning, which is substantially
more challenging than traditional text-only sum-
marization. Advances in this research area provide
fundamental techniques for downstream applica-
tions such as human—machine interaction, visual
analytics, and multimodal summarization.
Although this task has been extensively stud-
ied in high-resource languages such as English
(He et al., 2023; Zhu et al., 2021, 2018, 2020),
research on infographic summarization for low-
resource languages, including Vietnamese, remains
limited. Linguistic differences between English and
Vietnamese introduce unique challenges, necessi-
tating specialized techniques to effectively address
this task in Vietnamese and other typologically
similar languages. To this end, we introduce Vi-
InfoSum (Vietnamese Infographics Captioning),

a novel dataset for multimodal summarization in
Vietnamese. Furthermore, we evaluate existing
captioning and summarization methods on the pro-
posed dataset. Experimental results show that these
baseline approaches struggle to accurately identify
the main topic or subject of Vietnamese infograph-
ics. To address this limitation, we propose VilnfoS-
ummer, a novel model designed to more effectively
recognize infographic topics and generate high-
quality summaries in Vietnamese.

Our contributions can be summarized as
twofold:

* We introduce VilnfoSum, a new dataset for
Vietnamese infographic captioning and multi-
modal summarization, addressing the lack of
resources for low-resource languages.

* We propose VilnfoSummer, a novel model that
improves entity recognition for Vietnamese
infographic summarization.

2 Related Works
2.1 Datasets

Early research on image captioning primarily fo-
cused on describing objects and natural visual
contexts, with representative datasets such as MS
COCO (Lin et al., 2014). While these datasets es-
tablished a strong foundation for visual description,
they exhibit inherent limitations when applied to
text-rich images, as they lack explicit modeling of
characters and numerical information. Subsequent
datasets, such as TextCaps (Sidorov et al., 2020)
and Screen2Word (Wang et al., 2021a), introduced
OCR signals into the reasoning process. These
datasets implicitly define a form of visual grammar
based on non-linear spatial layouts, where infor-
mation is conveyed through the interplay of text,
charts, and graphical cues, which requires models
to integrate textual reading with visual context for
better caption and summarization generation.
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Summarization
cha dé cua ngay du lich thé gi®i 27/9/2020 la du
lich va phat trién néng thén . ngay nay la co hoi
dé nhin nhan vai trd va kha nang kién tao twong
lai cda du lich tai cac khu viyc néng thon (The
theme of World Tourism Day on September 27, 2020 was
“Tourism and Rural Development.” This day provided an
opportunity to reflect on the role of tourism and its potential to
shape the future of rural areas)
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nearly 750,000 jobs, equivalent to 25% of total

employment, if it leaves the European Union (Brexit)
without reaching any agreement)
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sea games 17 td chic tai
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20/6/1993 véi 29 mon thi dau
chinh thirc . indonesia dirng dau
bang téng sip véi 253 huy
chwong (The 17th SEA Games were
held in Singapore from June 12 to June 20,

1993, featuring 29 official sports. Indonesia
topped the medal table with 253 medals)

Figure 1: Some examples from the VilnfoSum dataset.

2.2 Methods for Image Captioning

Early image captioning methods primarily focus on
learning visual representations from images using
region-level (Anderson et al., 2018) or grid-level
features (Xu et al., 2015). While effective for nat-
ural image understanding, these approaches are
limited in text-rich scenarios. To address this limi-
tation, OCR-based image captioning methods ex-
plicitly incorporate text recognition as a core com-
ponent of the modeling pipeline (Yang et al., 2021).
A central challenge addressed by this paradigm
is the high prevalence of out-of-vocabulary to-
kens, including numerical values, named entities,
and domain-specific terminology. Inspired by the
Pointer Network framework (Vinyals et al., 2015),
(Hu et al., 2020; Singh et al., 2019) proposed novel
methods to align OCR tokens with visual represen-
tations.

Subsequent studies further enhance multimodal
reasoning by improving representation learning,
pretraining strategies, and structural modeling.
Anchor-Captioner (Xu et al., 2021) proposes a
keyword-driven generation strategy that supports
diverse semantic perspectives by conditioning cap-
tions on different textual anchors. In parallel, DE-
VICE (Xu et al., 2025) advances spatial modeling
by capturing fine-grained and hierarchical layout
structures within images, enabling deeper multi-
modal interactions. Despite these advances, exist-

ing methods remain largely focused on local entity
grounding, limiting their capacity for global seman-
tic aggregation and topic-level reasoning required
for holistic infographic summarization.

2.3 Methods for Abstractive Text
Summarization

For data with complex layouts and high text den-
sity, where conventional image captioning models
often fail to capture the full semantic context, a
promising direction is to extract textual content
via OCR and generate descriptions using abstrac-
tive text summarization models. This paradigm
is particularly suitable for text-rich visual data
such as infographics. Recent advances in abstrac-
tive summarization have been largely driven by
pretrained language models, including TS5 (Raf-
fel et al., 2020) and BART (Lewis et al., 2020),
which achieve strong performance across multi-
ple languages, including Vietnamese. Monolin-
gual Vietnamese variants such as ViT5 (Phan et al.,
2022) and BARTpho (Tran et al., 2022) further
demonstrate substantial improvements over ear-
lier approaches, enabling the generation of accu-
rate, fluent, and linguistically well-formed sum-
maries. However, these methods operate purely
on linearized text and do not take into account the
spatial structure of scene texts or the associated
visual content, making them inadequate for holis-
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tic infographic summarization, where layout and
visual-textual interactions play a critical role.

3 VilnfoSum Dataset

3.1 Dataset Construction

We collected high-quality infographics in Viet-
namese from the official website of the Vietnam
News Agency (VNA)'. This website includes in-
fographics whose visual and textual contents are
in the wide range aspects: Events and Characters
(EC), Science and Education (SE), National De-
fense and Security (NDS), Sports and Arts (SA),
Disasters and Accidents (DA), Sociality and Cul-
ture (SC), Politics and Diplomacy (PD), Social
Healthcare (SH), and Economy and Integration
(EI).
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Figure 2: Distribution (%) of infographics in VilnfoSum
according to the aspects.

Every infographic from the official website of
VNA is formatted as PNG and is associated by a
summarization written by the staffs of the VNA
(Figure 1). These summarizations were written
in news writing style. We preprocessed to remove
from them the date, tag, and location of publication.
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Figure 3: TTR and Total Tokens (%) according to the
aspects.

"https://infographics.vn/
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3.2 Overall Statistics

Statistically, the VilnfoSum includes 17,840 info-
graphics, each of them has at most one summa-
rization. The distribution of these infographics
according to the aspects is given in the Figure 2.
Most of the infographics in our dataset are relevant
to Economy and Integration, Social Healthcare,
and Politics and Diplomacy, while Education and
Science, and Events and Characters occupy the
smallest number. Finally, the dataset is then orga-
nized into three sets (train set, dev set, and test set)
following the ratio of 8:1:1.

In addition, we defined the metric TTR (Typed
Token Ratio) to determine the popularity of tokens
in the summarization in our VilnfoSum dataset. In
particular, TTR is calculated as:

TTS — number of unique tokens

)]

number of tokens

According to Figure 3, in terms of corpus size,
the Social Health (SH) domain dominates the
dataset in total token count, followed by Economics
and Integration (EI) and Politics and Diplomacy
(PD), whereas domains such as National Secu-
rity and Defense (NSD) and Science and Educa-
tion (SE) are considerably smaller. Examining the
TTR curve, we observe a clear inverse correla-
tion between corpus size and TTR: domains with
larger unique token volumes tend to exhibit lower
TTR values. This phenomenon is consistent with
well-established principles in statistical linguistics,
whereby increasing corpus size leads to higher rep-
etition of function words and domain-specific ter-
minology, thereby reducing the proportion of newly
introduced word types. Conversely, smaller do-
mains such as Events and Characters (CE) achieve
the highest TTR, largely due to the dense concen-
tration of named entities and unique proper nouns.

To assess the degree of overlap between caption
content and textual information directly appearing
in images, we extract textual features using Pad-
dleOCR (Cui et al., 2025) in combination with
VietOCR? . The overlap ratio is defined as the pro-
portion of tokens in a caption that also appear in
the OCR-extracted text.

The statistics reported in Figure 4 reveal a strong
correlation between caption content and OCR data.
Specifically, more than 80% of captions contain at
least 30% of their tokens overlapping with OCR
text. Notably, 40.36% of samples exhibit near-

Zhttps://github.com/pbcquoc/vietocr. git
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Figure 4: The degree of overlap (%) between tokens in
the summarization and the OCR in the infographic.

verbatim overlap (> 90%), indicating that reusing
textual elements present in the image is a dominant
pattern in this dataset. These findings suggest that,
in the context of this dataset, captioning and sum-
marization often rely heavily on lexical reuse rather
than purely abstractive generation.

4 Methodology

We introduce VilnfoSummer which is a novel ap-
proach that enhances entity-level consistency by
maximizing the similarity between predicted en-
tities and their ground-truth counterparts, while
simultaneously capturing critical visual layout in-
formation beyond the reliance on prominent textual
features in the input (Figure 5).

4.1 Feature Extraction

Patch Features. We employ LayoutLMv3 to ex-
tract visual patch features {xfﬁt}%zl along with
their corresponding bounding box coordinates
{Oh

Layout OCR Features. We adopt a three-stage
pipeline for textual feature extraction from info-
graphics: (i) layout detection, (ii) text detection,
and (iii) text aggregation. Given an input image,
layout regions {blffy N_| are detected using the
PaddlePaddle PP-DocLayout-L. model (Cui et al.,
2025). For each detected layout, we apply Vi-
etOCR to extract the corresponding textual content
{tfy N_,. To obtain semantic representations of
scene texts, we encode the extracted texts using
PhoBERT (Nguyen and Nguyen, 2020), resulting
in layout-level textual features {z§; ™ }V_, .

The input source text Ssource for the captioning
model is constructed by concatenating all layout
texts, ordered in a left-to-right, top-to-bottom man-
ner to preserve the natural reading flow. Layout

spatial features are modeled using 2D positional

embeddings by transforming each layout bounding

box bi?y into a normalized geometric representation
lay-trans .

bn, as follows:

lay-trans . . . . . . . Capye
by = [Tu5 Yus Tors Yer: Tots Yois Tors Yor; W5 ]

2
where (41, Y1), (Ter, Yer)> (o1, Ynt), and (Zpr, Yor)
denote the coordinates of the four corners of the
layout bounding box, and w, h represent its width
and height.

Finally, the layout feature representation
{2 }N_ is obtained by combining textual seman-
tics with spatial information:

PosEmbedding( bfy-trans)
10

o = Y W, 3)
where PosEmbedding(-) denotes a learnable 2D
spatial embedding of size 224 x d, implemented
via nn.Embedding, and W), € R?*4 are learnable
parameters.

4.2 Spatial Overlap Attention Module

Infographics typically contain dense textual con-
tent organized into multiple paragraphs that are
spatially arranged to form distinct visual layouts.
Treating OCR outputs as isolated single words,
as commonly seen in traditional OCR-based im-
age captioning approaches, has been shown to be
ineffective for capturing such structured seman-
tics. Rather than modeling relationships at the indi-
vidual OCR token level, our approach emphasizes
the semantic representation of textual paragraphs
within each layout region, allowing the model to
capture higher-level meaning across each layout,
where the final caption relies heavily on the ag-
gregated semantic content of OCR paragraphs and
their layout-aware organization.

To determine which layout regions should be
emphasized during caption generation, we design
a cross-attention mechanism between visual patch
features and layout features to identify layout im-
portance. First, we compute the Intersection-over-
Regions (IoRs) between a layout bounding box
b and b5, contains 3 main values: Intersection-
over-union (IoU), Intersection-over-patch (IoP) and
Intersection-over-layout (IoL). IoRs capture fine-
grained 2D semantic positional relationships by
quantifying how visual patches spatially intersect
with layout regions.
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Figure 5: The overall architecture

ToRs,,,, = IoU,,,,, + Iozmn + IoLn @

Inspired by Fang et al. (Fang et al., 2023), the
intersection ratios are embedded into a lookup ta-
ble implemented via an nn.Embedding layer of size
32x16, where 16 corresponds to the number of at-
tention heads. Since IoRs,,,, € [0, 1], we discretize
the overlap score to map continuous overlap values
into the discrete index space of the lookup table:

® = (IoRsyy, x 31) .long() S)

To perform cross-attention mechanism, we cal-
culate the query Q, key K, and value V as follows:

Q — xpatWQ
K = gl (6)
V = xl“va

where query Q € RM*4 and key K, value V €
RN*4_ Then, we can obtain the attention weights
matrix A by:
QK™
V'

where A € RM*N_ Moreover, to mitigate the
influence of outlier patches that are spatially distant
from any layout region, we introduce a Euclid Dis-
tance Matrix D that encodes the geometric distance
between b7 and b/ by:

A= 7)

Dy = — log (dis(bggt, bfgy)) )

Then, the output of this module is updated
through a residual connection with the original
patch features to preserve their semantic informa-
tion.

—> Overlap

patch features

o

Contrastive
Loss

Spatial

Ground Truth
Summarization

Attention

of the VilnfoSummer method.

o = 2P 1 softmax (A+ IoRs + D)V
)

4.3 Triplet Contrastive Loss Module

Following the approach of Zhang et al. (Zhang
et al., 2023) in the context of Named Entity Recog-
nition task, we design a Triplet Contrastive Loss to
explicitly enhance entity-level consistency between
generated captions and reference summaries. The
proposed loss function jointly optimizes three core
relationships that are crucial for accurate entity
generation:

* Word—Word (Word—Word): encourages se-
mantic similarity between predicted entities
and their ground-truth counterparts.

* Type-Type (TagType-TagType): enforces con-
sistency between entity types.

* Word-Type (Word-TagType): strengthens the
alignment between an entity’s semantic repre-
sentation and its corresponding entity type.

We employ PhoNLP (Nguyen et al., 2021) in
combination with VnCoreNLP (Vu et al., 2018)
to extract named entities and their corresponding
entity types from both the predicted caption and the
ground-truth caption. We first concatenate the list
of entities (Word) and entity types (TagType) using
whitespace separation. Leveraging the represen-
tational capacity of BARTpho (Tran et al., 2022),
the embed_tokens layer of the BARTpho Encoder
is used to encode entity sequence and entity-type
sequence extracted from the ground-truth caption
into dense vector representation. For the predicted
caption, entity sequence embedding is obtained
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from the last_hidden_state of the BARTpho De-
coder, while entity-type sequence is encoded using
the BARTpho Encoder.

Wordsqut = BARTphoE(Wordgt) (10)
Tagtype§, = BARTpho" (Tagtype,,) (11)
WordS,.q = BARTphoP****™ M (Word,yeq )

(12)
Tagtypepreq = BARTphoE(Tagtypepred) (13)

Due to the syllable-based nature of Vietnamese,
named entities and numerical expressions often
consist of multiple syllables. As a result, single
token may fail to capture complete semantic infor-
mation of word entity. To address this issue, we
apply a 1D convolutional layer with syllable win-
dow size k over the sequence of feature vectors,
allowing each token representation to incorporate
contextual information from neighboring syllables.

*gf = Convl1d(xg) (14)
“ored = ConvId(xfeq) (15)
where:
*g = { Wordy, TagTypey, } (16)
*gred = {Wordgred, TagTypegred} 17)

To ensure not only fluent generation but also
strict entity ordering and correctness, for each
entity position ¢ in the ground-truth caption, the
model is trained to maximize similarity with a
group of syllables/tokens within the range [i —k, i+
k| in the predicted caption.

Based on the three defined relationships, we for-
mulate positive contrastive losses as follows:

N : Gr , P
1 > e p exp (sim(wi ", w;)
Lww = — E log < €0 ( JP ))
=1

| P < Dkea, P (sim(wfT, wi))

ZkeAi exp (Sim(tiGTv te))

1 ilog <Zjepi exp (sim(tiGT7ij))>

ZkeAi exp (sim(t{", wf))

* Lw.w measures semantic similarity between
entities in the predicted caption and the refer-
ence summary.

* Lt enforces consistency between entity
types.

* Lt.w aligns entity semantics with their corre-
sponding types.

and
* P; denotes the set of positive positions

» A; includes both positive and negative posi-
tions.

The overall contrastive loss is computed as:

£Contrastive = /3 EWord—Word +'Y£Type—Type +0 ﬁType—Word
(18)
The final training objective combines contrastive
learning with the standard cross-entropy loss:
Ltotal = LcE + aLcontrastive (19)
where «, 3,7, and § are learnable weighting pa-
rameters. In particular, a controls the influence
of the contrastive objective, preventing the model
from over-optimizing entity generation at the ex-
pense of fluency and naturalness in the generated
captions.

4.4 Multimodal backbone

Following previous works, we adopt a BARTpho
(Tran et al., 2022) to encode all the obtained em-
beddings. Ssource 1S embedded by BARTphoE
layer. The input to the BARTpho backbone is de-
fined as x/ by concatenating 2P%* and 2%°"rce;

CCf — [xpatJr; :Esource]

(20)

4.5 Experiments
4.6 Baselines and Metrics

We compare the performance of multiple repre-
sentative approaches on the VilnfoSum dataset.
LSTM-R (Wang et al., 2021b), M4C-Captioner
(Sidorov et al., 2020), DEVICE (Xu et al., 2025),
Anchor Captioner (Xu et al., 2021), and LCM-
Captioner (Wang et al., 2023) are state-of-the-
art models for OCR-based image captioning, with
PhoBERT (Nguyen and Nguyen, 2020) as their
backbone for Vietnamese instead of the BERT base
(Devlin et al., 2019) for English. ViT5 (Phan et al.,
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# Method Be4 M R C

1 Anchor Captioner(Xu et al., 2021) 841 1843 22.13 51.52
2 LCM Captioner(Wang et al., 2023) 375 18.70 17.28 1549
3 MA4C Captioner(Sidorov et al., 2020) 3.94 19.18 18.19 16.44
4 DEVICE(Xu et al., 2025) 949 17.88 2370 4345
5 LSTM-R (Wang et al., 2021b) 7.89 16.86 1891 9.76
6 BARTPho(Tran et al., 2022) 35.76 31.30 5823 286.94
7  ViT5(Phan et al., 2022) 2249 2277 3794 127.99
8 mT5(Xue et al., 2021) 13.26 19.13 40.33 91.72
9 VilnfoSummer (ours) 3542 3148 59.26 306.34

Table 1: Experimental results of baselines and our proposed VilnfoSummer. The bolded numbers indicated the best
scores. B@4 stands for BLEU@4, M stands for METEOR, R stands for ROUGE, and C stands for CIDEr

2022), mT5 (Xue et al., 2021), and BARTPho
(Tran et al., 2022) serve as strong Vietnamese text
summarization backbones.

We assess performance using BLEU@4
(Papineni et al., 2002), METEOR (Lavie
and Denkowski, 2009), ROUGE-L (Au-

riemma Citarella et al.), and CIDEr (Vedantam
et al., 2015). While the first two measure word-
level overlap and ROUGE-L evaluates semantic
alignment, our primary benchmark is CIDEtr, as it
is the most closely aligned with human intuition
and emphasizes the unique, informative tokens that
define high-quality outputs.

4.7 Configuration

Patch features are extracted using LayoutLMv3
(Huang et al., 2022), resulting in a total of 196 vi-
sual patches per image. Each image is constrained
to a maximum of 15 layout regions. The maximum
encoder and decoder lengths are set to 128 and
50, respectively. The hidden size is fixed at 1024
to match the hidden dimensionality of BARTPho.
The weighting coefficients /3, ~y, and J are all set
to 0.33, while « is set to 0.5. The syllable win-
dow size k is fixed to 3. All models are trained
using a batch size of 64 on a single NVIDIA RTX
3090 GPU with 24GB VRAM, employing early
stopping. We adopt the AdamW optimizer with
an initial learning rate of 1 x 10~%, apply linear
warm-up during the first 10 epochs, and decay the
learning rate by a factor of 0.3 every 7 epochs.

5 Experimental Results

Table 1 presents the performance of baseline meth-
ods and our proposed VilnfoSummer across multi-
ple automatic evaluation metrics.

The first group, consisting of OCR-based image
captioning models (Anchor Captioner, LCM Cap-
tioner, M4C Captioner, DEVICE, and LSTM-R),
achieves relatively low performance on all met-
rics, especially CIDEr, indicating limited capabil-
ity to generate semantically rich infographic sum-
maries. Among them, DEVICE performs best, but
all OCR-based methods remain substantially infe-
rior to text-based approaches, suggesting that OCR
token grounding alone is insufficient for high-level
semantic understanding.

The second group includes text summarization
models (BARTPho, ViT5, and mT5), which con-
sistently outperform OCR-based methods, demon-
strating the importance of strong language mod-
eling for infographic summarization. BARTPho
achieves the strongest baseline performance, bene-
fiting from Vietnamese-specific pretraining. How-
ever, a clear performance gap remains between
these generic summarization models and our pro-
posed approach.

VilnfoSummer achieves the best overall perfor-
mance, obtaining state-of-the-art results on ME-
TEOR, ROUGE-L, and CIDEr. Although its
BLEU@4 score is comparable to BARTPho, its
substantially higher CIDEr and improvements on
recall-oriented metrics demonstrate superior se-
mantic coverage and content fidelity. These re-
sults confirm the effectiveness of VilnfoSummer in
integrating OCR-derived content with high-level
semantic reasoning, making it more suitable for
Vietnamese infographic summarization than both
OCR-based captioning and generic text summa-
rization models.
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# Method Acc P R F1

1 Anchor Captioner(Xu et al., 2021) 11.36 14.76 13.17 13.00
2 LCM Captioner(Wang et al., 2023) 11.13 1647 14.10 13.67
3 M4C Captioner(Sidorov et al., 2020) 13.48 17.66 1543 14.65
4 DEVICE(Xu et al., 2025) 11.18 1542 13.92 13.46
5 LSTM-R(Wang et al., 2021b) 9.96 21.29 14.18 15.20
6 BARTPho(Tran et al., 2022) 46.19 55.25 46.64 48.14
7 ViT5(Phan et al., 2022) 26.51 37.88 29.55 30.56
8 mT5(Xue et al., 2021) 28.01 4195 28.77 31.55
9 VilnfoSummer (ours) 46.43 56.03 46.56 48.48

Table 2: Performance of baselines and our proposed VilnfoSummer on giving correct entities in the summarization
of the infographics. Precision (P), Recall (R), and F1 are reported in macro average. Acc stands for Accuracy.

6 Analysis

Table 2 evaluates the ability of different methods to
generate correct named entities in infographic sum-
marization. OCR-based captioning models consis-
tently perform poorly across all metrics, with F1
scores remaining below 16%. Despite direct access
to OCR tokens, these models rely primarily on lo-
cal token-level copying and lack mechanisms for
global semantic filtering, making them vulnerable
to selecting irrelevant or noisy entities. This limi-
tation is particularly problematic in infographics,
where dense textual content often contains multiple
entities with varying degrees of relevance.

Text-only summarization models significantly
improve entity correctness, indicating that strong
language modeling and discourse-level reasoning
are essential for accurate entity selection. Among
them, BARTPho achieves the strongest perfor-
mance, reflecting the advantage of Vietnamese-
specific pretraining. However, these models oper-
ate on flattened textual inputs and therefore lack
explicit alignment between textual entities and their
visual or spatial context. As a result, they may
still include entities that are linguistically plausible
but weakly grounded in the underlying infographic
structure.

Our proposed VilnfoSummer achieves the best
overall performance by explicitly addressing these
limitations through its architectural design. The
Triplet Contrastive Loss encourages the model to
learn discriminative semantic representations by
pulling summaries closer to relevant content while
pushing them away from semantically irrelevant or
noisy text, thereby improving entity-level precision.
In parallel, the Spatial Overlap Attention module
explicitly models the spatial correspondence be-
tween OCR text and visual regions, enabling the

model to prioritize entities that are both textually
salient and spatially grounded. The resulting im-
provements in Precision and F1 demonstrate that
these two components work synergistically: con-
trastive learning enhances global semantic consis-
tency, while spatial overlap attention refines entity
grounding. Together, they enable VilnfoSummer
to more reliably select and integrate correct enti-
ties, leading to more faithful and informative info-
graphic summaries.

7 Conclusion

This paper addresses the task of multimodal sum-
marization of Vietnamese infographics, a chal-
lenging problem arising from complex layouts
and dense textual content in modern journalism.
We constructed a high-quality dataset of 17,840
image—summary pairs collected from Vietnam
News Agency infographics, representing the first
Vietnamese benchmark dedicated to abstractive
summarization under multimodal settings. Com-
prehensive statistical analyses on domain distri-
bution, text length, lexical diversity, and OCR—
caption correlation reveal a dataset rich in named
entities and numerical information.

Moreover, we propose a novel multimodal sum-
marization method for Vietnamese VilnfoSummer
that explicitly models spatial layout relationships
and incorporates a triplet contrastive loss to en-
hance the factual accuracy of entities and num-
bers in generated summaries. Experimental results
demonstrate that the proposed design effectively
mitigates hallucination and improves the reliability
of multimodal summarization, providing a strong
foundation for future research on text-rich visual
understanding in Vietnamese.
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A Ablation Study Components in
VilnfoSummer

Table 3: Ablation study on the Spatial Overlap Attention
(SOA) module and the Triplet Contrastive Loss (UCL)
of the proposed VilnfoSummer.

# SOA TCL BLEU@4 METEOR ROUGE-L CIDEr
1 X X 35.76 31.30 58.23 286.94
2 X v 35.42 31.38 59.11 305.58
3 v v 35.42 31.48 59.26 306.34

Table 3 presents the ablation study evaluating
the contributions of the Spatial Overlap Attention
(SOA) module and the Triplet Contrastive Loss
in VilnfoSummer. Starting from the base model
without either component, incorporating the Triplet
Contrastive Loss alone leads to consistent improve-
ments across all metrics, most notably on ROUGE-
L and CIDEr. This indicates that contrastive super-
vision effectively enhances semantic alignment be-
tween generated summaries and reference captions
by encouraging better discrimination of salient in-
formation. The gains observed with contrastive
learning suggest that global semantic consistency
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plays a critical role in producing high-quality info-
graphic summaries.

Adding the Spatial Overlap Attention module
on top of the contrastive objective further im-
proves performance, yielding the best results on
METEOR, ROUGE-L, and CIDEr. This demon-
strates that explicitly modeling spatial overlap be-
tween visual regions and textual elements helps
the model more accurately localize and aggregate
relevant information. While BLEU @4 remains rel-
atively stable across configurations, the improve-
ments in recall-oriented and consensus-based met-
rics indicate stronger content coverage and seman-
tic fidelity. Overall, the ablation results confirm
that the two components are complementary: con-
trastive learning enhances global semantic repre-
sentation, while Spatial Overlap Attention refines
fine-grained multimodal alignment, together con-
tributing to the superior performance of VilnfoS-
ummer.

B Ablation Study on the weight of Triplet
Contrastive Loss « in the Objective

Function
# o BLEU@4 METEOR ROUGE-L CIDEr
1 00  36.05 31.56 58.76 288.81
2 03 3487 31.02 57.49 295.29
3 0.5 35.42 31.48 59.26 306.34
4 07 3519 31.08 58.09 296.63

Table 4: Ablation study on the factor « of the Triplet
Contrastive Loss.

According to Table 4, when o = 0, the model is
trained solely with cross-entropy loss and achieves
strong BLEU@4 and METEOR scores, indicat-
ing effective token-level generation. However, its
CIDEr score is noticeably lower than configura-
tions that incorporate contrastive learning, sug-
gesting limited ability to capture global semantic
consensus with human-written summaries.

Introducing contrastive learning with a mod-
erate weight leads to consistent improvements in
semantic-oriented metrics. In particular, setting
a = 0.5 yields the best overall performance,
achieving the highest ROUGE-L and CIDEr scores
while maintaining competitive BLEU @4 and ME-
TEOR values. This demonstrates that the Triplet
Contrastive Loss effectively enhances high-level
semantic alignment and content selection when ap-
propriately balanced with the generation objective.

By contrast, assigning too small a weight to the

contrastive term (o« = (.3) provides insufficient se-
mantic regularization, while an overly large weight
(oo = 0.7) slightly degrades performance across
metrics, likely due to overemphasizing representa-
tion separation at the expense of fluent sequence
generation.

Overall, these results indicate that contrastive
learning acts as a complementary supervisory sig-
nal, and that o = 0.5 offers an optimal trade-off
between local generation fidelity and global se-
mantic consistency in VilnfoSummer.

C Effect of OCR on the Performance of
VilnfoSummer

B BLEU@4 ™ METEOR ROUGE-L ® CIDEr

100 800
75 600

(0]

(o))

©

£ 50 400

[0}

o

& 25 200

0 0

0% -30% 30% -50% 50% -70% 70% - 90%

Degree of overlap

Figure 6: Results of the proposed VilnfoSummer ac-
cording to the percentage of detected OCR tokens in the
ground truth summarization.

Figure 6 shows that the performance of Vilnfo-
Summer consistently improves as the overlap be-
tween OCR-extracted tokens and the ground-truth
summaries increases. All metrics (BLEU @4, ME-
TEOR, ROUGE-L, and CIDEr) rise monotonically
from the low-overlap range (0-30%) to the high-
overlap range (70-90%). This trend indicates that
VilnfoSummer can effectively exploit OCR infor-
mation when textual cues in the infographic are
relevant to the target summary, as well as demon-
strate the important of scene texts for multimodal
summarization on the VilnfoSum dataset.

D Quantitative Analysis

The quantitative results in Figure 7 reveal a clear
performance gap between BARTPho and the pro-
posed VilnfoSummer, underscoring the limitations
of applying generic text summarization models to
infographic summarization. Despite its strong Viet-
namese pretraining, BARTPho consistently under-
performs on all metrics, particularly those sensi-
tive to factual overlap and content fidelity. This
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Ground Truth:

c6 tht ca 3 ddi tuyén tirng doat chirc vé dich u23 chau . trong d6 iraq
nhat ban uzbekistan mi d6i vé dich mdt 13n (There are a total of three teams
that have won the AFC U-23 Championship. Among them, Iraq, Japan, and Uzbekistan have
each won the title once)

BARTPho:

u23 viét nam da vé dich u23 chau a ndi dung 2022 sau khi cé chién
thang 10 trwdc u23 yemen & ban két luot vé trén san my dinh (Vistnam
U-23 won the AFC U-23 Championship i the 2022 edition after a 1-0 victory over Yemen U-23
in the second leg of the semifinals at My Dinh Stadium)

: VilnfoSummer (ours):

u23 chau 4 c6 tat ca 3 déi tuyén da doat chirc vd dich u23 chau a .

¥ trong d6 u23 iraq nhat ban va uzbekistan mdi ddi vé dich mét lan afc
u23 championship nam 2018 (There are a total of three teams that have won the AFC

U-23 Championship. Among them, Iraq U-23, Japan U-23, and Uzbekistan U-23 have each won
the tile once, including at the 2018 AFC U-23 Championship)

Ground Truth

céc tiéu chi danh gia mot thwong hiéu bao gém kha
nang lam tang gia tri san pham mirc d6 anh hwéng
dbi véi quyét dinh mua clia khach hang chi phi xay
dung thwong hiéu thanh cong gia tri mua ban trén thi
trwong chirng khoan va kha nang tao ra lgi nhuan
clia thwong hiéu (The criteria for evaluating a brand include its
ability to enhance product value, its influence on customers’ purchasing

decisions, the cost of building a successful brand, is trading value in the
stock market, and the brand's capacity to generate profits)

BARTPho

nhiing thwong hiéu gia tri nhét viét nam (the most
valuable brands in Vietnarn)

VilnfoSummer (ours)

tai viét nam cac tiéu chi danh gia mét thwong hiéu
bao gém kha nang lam téng gia tri san phdm mirc d6
anh hwéng ddi véi quyét dinh mua ciia khach hang
chi phi xay dung thwong hiéu thanh cong gia tri mua
ban trén thi trwdng (in Vietnam, the criteria for evaluating a brand
include its ability to enhance product value, its influence on customers'
purchasing decisions, the cost of building a successful brand, and its
trading value in the market)

Ground Truth

dén 7h15 ngay 21/4/2020 da c6 211 quéc gia I ving
lanh thé trén toan cau ghi nhan truong hop méc dich
bénh viém dwong hé hap cap covid 19 (Asof 7:15a.m. on

April 21, 2020, a total of 211 countries and terrtories worldwide had
reported cases of the acute respiratory disease COVID-19)

QUOC GIA VA VUNG LANH THO
CO NGUOI MAC COVID-19
Tinh dén 7h15 ngdy 21/4/2020

(gid Vigt Nam)

2.479.691

B 10csconcosscamicaromsr I BARTPho

- m & o a0
w B Wvong /Camée amimms dén 11h ngay 27/4/2020 da cb 646.854 ngudi binh phuc
22/ 200210 do dich bénh covid 19 (As of 11:00 a.m. on April 27, 2020,
2u1s/ 101228 646,854 people had recovered from COVID-19)
o 20265/ 155383
# s/ rer06s .
S Em i SNz o VinfoSummer ours) ,
mémanr I ” 21079059 qen 9h5P ngay il6/4l;2020_d§ c6 211 quoc gia I'vﬂr_|g
o == | - B Il,aphhthg lré; tc}an ia'ur?'!'“ nrlan trwt_ydnggr\qp mac dich
- énh viém dwéng hé hap cép covil (As of 9:50 a.m. on
ovoc B | ol oa7ar April 16, 2020, a total of 211 countries and terrtories worldwide had
o w5/ 4z reported cases of the acute respiratory disease COVID-19)
P ©nem

Ground Truth

@bt rom ra 6 nhiém khéng khi tir hoat déng san xuét
cdng nghiép khi thai tlr phwong tién giao thong va bui
tr hoat dong xay dwng khién mirc dd 6 nhiém khéng
khi tang vot vao mua déng & khu vire delhi an dé
(Burning rice straw, air pollution from industrial production, emissions from
vehicles, and dust from construction activiies cause air pollution levels to
surge during the winter in the Delhi region of India)

© nhiém khong khi trm trong & Delhi, &n 53

BARTPho

vén dé cang trdm trong hon khi ngudi dan dét phao hoa
chao mirng 1€ héi anh sang diwali clia nguwoi hindu vao
cudi thang 10 hodc dau thang 11 . khi thai tir phwong
tién giao thong va bui tlr hoat dong xay dwng (The
situation becomes even more severe when people set off fireworks to
celebrate the Hindu Festival of Lights, Diwali,in late October or early
November, along with emissions from vehicles and dust from construction
acivities)

" VilnfoSummer (Ours)
khi thai tlr phwong tién giao théng va bui tir hoat
déng xay dung khién mirc d6 6 nhiém khéng khi tang
Vot vao muia déng & khu vire delhi 4n dé . van dé cang
trdm trong hon khi ngw&i dan dbt pha (Emissions from
vehicles and dust from construction activities cause air pollution levels to
surge during the winter in the Delhi region of India. The problem becomes
even more severe when people bur firecrackers)

Figure 7: Quatitative results of the BARTPho and our proposed VilnfoSummer. Green texts indicate the correct
entities while red texts denote the incorrect entities in the generated summarization.

behavior indicates that fluency-driven generation
alone is insufficient in this setting, as BARTPho
frequently produces plausible yet factually incor-
rect or incomplete summaries due to its lack of
explicit grounding in visually embedded textual
information. The resulting degradation in quanti-
tative scores highlights a fundamental mismatch
between text-only summarization objectives and
the information-centric nature of infographic data.

In contrast, VilnfoSummer demonstrates substan-
tially stronger quantitative performance by explic-
itly addressing the mismatch of entities through
contrastive learning and spatial information from
the visual context. By aligning OCR-derived con-
tent with summary generation and enforcing se-
mantic discrimination during training, VilnfoSum-
mer significantly improves content selection, fac-
tual precision, and global semantic consistency.
The consistent gains across all evaluation metrics
confirm that infographic summarization requires
more than linguistic competence; it demands ex-
plicit mechanisms for information extraction, align-
ment, and aggregation. These results establish
VilnfoSummer as a fundamentally more suitable
paradigm for Vietnamese infographic summariza-
tion, rather than a marginal extension of existing

text summarization models.
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