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Abstract

Millions of news articles published online daily
can overwhelm readers. Headlines and entity
(topic) tags are essential for guiding readers to
decide if the content is worth their time. While
headline generation has been extensively stud-
ied, tag generation remains largely unexplored,
yet it offers readers better access to topics of
interest. The need for conciseness in capturing
readers’ attention necessitates improved con-
tent selection strategies for identifying salient
and relevant segments within lengthy articles,
thereby guiding language models effectively.
To address this, we propose to leverage auxil-
iary information such as images and captions
embedded in the articles to retrieve relevant sen-
tences and utilize instruction tuning with vari-
ations to generate both headlines and tags for
news articles in a multilingual context. To make
use of the auxiliary information, we have com-
piled a dataset named XL-HeadTags, which
includes 20 languages across 6 diverse lan-
guage families. Through extensive evaluation,
we demonstrate the effectiveness of our plug-
and-play multimodal-multilingual retrievers for
both tasks. Additionally, we have developed a
suite of tools for processing and evaluating mul-
tilingual texts, significantly contributing to the
research community by enabling more accurate
and efficient analysis across languages.1

1 Introduction

The headline serves as a concise and attention-
grabbing summary of a news article. Articles with
compelling headlines are more likely to attract in-
creased views or shares (Gu et al., 2020; Song et al.,
2020). Unlike summaries, which provide a broad
overview (Nayeem et al., 2018), headlines aim to
produce brief and engaging statements that draw

* Equal contribution.
† Corresponding author.
1Our code, dataset, model checkpoints, developed tools

are available at XL-HeadTags.

“Global Pandemic Officially Over”

WHO, Public Health, Pandemic

Caption#1 Caption#2ImgRet

CapRet

Query 

Query 

Figure 1: Our content selection approach. Auxiliary
information, including images and captions, is used
as queries to extract salient and relevant sentences
from documents via two modules: ImgRet for images
(visual modality) and CapRet for image captions
(textual modality). Our modules are designed as
plug-and-play components that can be integrated with
language models of any size and type.

readers into the full article (Xu et al., 2019; Zhang
and Yang, 2023; Akash et al., 2023). They are often
the most-read part of the article, guiding readers
in deciding whether the content merits their time
(Bukhtiyarov and Gusev, 2020).

Another important feature of a news article are
topic tags or “semantic markers”, which serve as
dynamic connectors and navigational aids, enhanc-
ing the coherence and accessibility of information
across articles. The task of tag generation is related
to keyphrase generation (Meng et al., 2017). While
keyphrases summarize the main themes succinctly
of an article, tags provide a broader overview, guid-
ing readers to related articles and facilitating nav-
igation through connected themes. Despite their
significant role, the generation of news article tags
has remained unexplored in existing literature.

In this work, we introduce a unified framework
for generating headlines and tags for news arti-
cles in a multimodal-multilingual context, covering
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20 languages across 6 diverse language families.
Despite the emergence of open-source Large Lan-
guage Models (LLMs) like Llama (Touvron et al.,
2023) and Mistral (Jiang et al., 2023), multilin-
gual models such as mT5 (Xue et al., 2021) and
mT0 (Muennighoff et al., 2022), fine-tuned with
task-specific data, remain the preferred solution for
multilingual tasks, especially for low-resource lan-
guages (Ahuja et al., 2023; Zhao et al., 2024; Ag-
garwal et al., 2024). News articles often include ex-
tensive content, incorporating additional details, au-
thor quotes, historical context, and advertisements,
among others. This poses a challenge in identifying
article segments that are both salient and relevant
for the creation of highly concise outputs like head-
lines and tags. This complication leads to what
is known as the “Lost-in-the-Context” prob-
lem (Liu et al., 2023), wherein vital information
embedded within lengthy documents is frequently
overlooked by the models (Ravaut et al., 2024).

Fortunately, it is now very common for both
online and printed news media to use multimedia
content to enhance visibility, support, and context
for articles (Oostdijk et al., 2020). Digital assets,
like images, often serve as thumbnails across so-
cial media, blogs, and various platforms. Equally
important are the captions accompanying these im-
ages, which not only clarify and enrich the im-
age but also optimize articles for search engines
and make news more accessible to those with vi-
sion impairments (Liu et al., 2021). This has mo-
tivated us to utilize auxiliary information (images
and captions as illustrated in Figure 1) to distill
salient and localized information from news arti-
cles in a multimodal-multilingual context using
the CLIP-ViT-B32 model (Radford et al., 2021).
This model aligns text and images within a unified
dense vector space. Our method is inspired by the
Cognitive Load Theory (Sweller, 2011), reflect-
ing how humans employ visual cues and summaries
to understand the essence of lengthy texts without
being overwhelmed by information. Building on
this, with the contents selected using our multi-
modal retrievers, we utilize instruction tuning to
generate both headlines and tags for news articles
in a multilingual context.

Our contributions are summarized as follows:

• We compile the XL-HeadTags dataset for
headline and tags generation tasks, expand-
ing it to include 20 languages across 6 diverse
language families (§2.1).

• We present a new approach to content selec-
tion that utilizes auxiliary information from
both textual and visual modalities to identify
the most salient content within news articles
in a multilingual setting. Our modules are
crafted as plug-and-play components, al-
lowing for seamless integration with language
models of any size and type (§3).

• We utilize instruction tuning to generate both
headline and tag words. Our model is capa-
ble of producing tag words in both controlled
and unrestricted manners through instructions
(§3.2). Furthermore, we introduce novel tag
words evaluation metrics designed to evaluate
scenarios of both controlled and unrestricted
generation effectively (§5.1).

• We also develop tools by accumulating open-
source resources for processing and evaluat-
ing multilingual texts, making it an easy-to-
use one-stop destination. These tools include
(1) Multilingual ROUGE Scorer, (2) Multilin-
gual Sentence Tokenizer, and (3) Multilingual
Stemmer. These resources are invaluable to
the research community focusing on multilin-
gual NLP (§4).

2 XL-HeadTags: Dataset & Tasks

2.1 Dataset
Our study focuses on exploring techniques for mul-
tilingual and multimodal retrieval, aiming to extract
salient and localized information from documents.
This is intended to support the generation of suc-
cinct headlines and tags. Our goal is to utilize aux-
iliary information, such as images and image cap-
tions, as queries to retrieve salient information from
the document. To achieve our goals, we explore
existing large-scale multilingual and multimodal
datasets to identify auxiliary information, such as
images and their captions. Table 1 highlights sev-
eral well-known datasets that serve summarization
purposes. We choose M3LS (Verma et al., 2023)
and XL-Sum (Hasan et al., 2021) as our primary
data sources. Since both datasets share the BBC as
their source, we anticipate minimal distributional
and structural shifts, which could enhance the co-
herence and efficiency of our retrieval process.
M3LS is a large-scale dataset designed for Multi-

modal Multilingual Summarization, featuring head-
lines, articles, summaries, images, captions and tag
words. In contrast, XL-Sum focuses on Multilingual
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Resources Languages Datasets Models

High

English (en) 7,474 34,148

Chinese (zh) 896 3,389

French (fr) 800 3,093

Spanish (es) 632 2,416

Russian (ru) 596 1,685

Portuguese (pt) 444 1,313

Arabic (ar) 377 1,183

Low

Hindi (hi) 289 1,062

Turkish (tr) 280 1,042

Bengali (bn) 236 646

Persian (fa) 201 652

Tamil (ta) 189 581

Ukrainian (uk) 188 663

Telugu (te) 166 491

Urdu (ur) 149 555

Marathi (mr) 144 528

Gujarati (gu) 131 483

Indonesian (ind) 119 15

Panjabi (pa) 111 446

Nepali (ne) 98 429

Language Family Languages

Indo-European

English

Portuguese

Spanish

Russian

Ukrainian

Panjabi

Gujarati

Hindi

Marathi

Bengali

French

Turkic Turkish

Afro-Asiatic Arabic

Sino-Tibetan Chinese

Dravidian
Tamil

Telugu

Austroasiatic Nepali

Indo-Iranian
Persian

Urdu

Austronesian Indonesian

High Resource
Languages

Figure 2: Distribution of Datasets and Models Across Languages. Data were sourced from the Huggingface
resource ranking (https://huggingface.co/languages) as of February 5, 2024.

Abstractive Summarization, comprising headlines,
articles, summaries, and news links. It is notewor-
thy that although the M3LS dataset includes images,
captions, and tag words, these were not leveraged
for the development of their models. Instead of
recrawling the data points, we specifically utilized
the auxiliary information from M3LS, for our re-
trieval augmentation framework. Furthermore, to
expand our dataset to additional language families,
we incorporated Arabic, Turkish, and Persian from
the XL-Sum dataset. A notable limitation of XL-Sum
is its absence of images, image captions, and tag
words. To address this gap, we utilized the news
URLs provided in the XL-Sum dataset to gather
the necessary auxiliary information for our frame-
work. We employ a scrapy2 framework-based web
crawler to systematically collect detailed informa-
tion, including images, captions, and tag words
from news articles. Our criteria require the pres-
ence of key elements (headlines, articles, images,
captions, and tags) in each data point.

Our XL-HeadTags dataset consists of 20 lan-
guages across six diverse language families. De-
tailed statistics of our dataset are presented in Table
2 and described in the Appendix A. Additionally,
we have developed a mechanism to classify these
languages into high-resource and low-resource cat-
egories. Conneau et al. (2020) utilized Common-

2
https://scrapy.org

Auxiliary Information
Img Cap TagDatasets Multi-

lingual
Multi-
modal Task

A U A U A U
MSMO (2018) ✗ ✓ Summ ✓ ✓ ✓ ✗ ✗ ✗

E-DM (2018) ✗ ✓ Summ ✓ ✓ ✓ ✓ ✗ ✗

XSum (2018a) ✗ ✗ Summ ✗ ✗ ✗ ✗ ✗ ✗

CNN/DM (2017) ✗ ✗ Summ ✗ ✗ ✗ ✗ ✗ ✗

MMSS (2018) ✗ ✓ Summ ✓ ✓ ✗ ✗ ✗ ✗

MLASK (2023) ✗ ✓ Summ ✓ ✓ ✗ ✗ ✗ ✗

MLSUM (2020) ✓ ✗ Summ ✗ ✗ ✗ ✗ ✓ ✗

XL-SUM (2021) ✓ ✗ Summ ✗ ✗ ✗ ✗ ✗ ✗

M3LS (2023) ✓ ✓ Summ ✓ ✗ ✓ ✗ ✓ ✗

XL-HeadTags ✓ ✓ Headline & Tags ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of the XL-HeadTags (ours) dataset
with existing multi-lingual and multi-modal datasets. ‘A’
means whether the auxiliary information is “Available”
and ‘U’ indicates whether the information is “Utilized”
by the models. “Summ” denotes Summarization Task.

Crawl (CC) pretraining data, quantified in giga-
bytes (GB), to highlight the disparities between
high- and low-resource languages. This differen-
tiation is determined by examining the volume of
pretraining data used in developing pretrained lan-
guage models. In contrast, we define high-resource
and low-resource languages based on the availabil-
ity of task-specific resources. This includes both
datasets and pretrained and/or task-specific fine-
tuned models, as per the Huggingface resource
ranking3, which offers real-time and up-to-date in-
formation. Languages ranked in the top 10 of this
list are classified as high-resource, while the others
are low-resource. Figure 2 illustrates the distribu-
tion of datasets and models across languages.

3
https://huggingface.co/languages
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% of novel n-gramsLanguage
Family Languages #Samples Avg.

Word
Avg.
Sent

Avg.
Tok

Avg. H
Word uni bi tri quad CR Avg.

I / C
Avg.

Tag W
% Pre
Tag W

English 200,813 569 15.34 909 8.43 33.27 84.22 96.54 98.98 98.51 2.85 2.93 50.49
Portuguese 4,112 4,769 39.00 8,778 14.19 22.74 71.1 90.70 96.58 99.70 4.40 4.14 31.35
Spanish 28,406 3,745 34.94 6,084 17.82 22.34 66.03 86.71 93.87 99.52 5.10 4.00 33.04
Russian 28,272 709 30.79 1,516 9.48 42.32 85.46 96.33 98.83 98.66 3.38 3.54 19.24
Ukrainian 16,997 611 34.21 1,440 8.56 41.31 86.82 96.64 98.93 98.60 3.35 3.28 20.84
Panjabi 8,195 798 41.09 2,140 13.48 31.14 77.72 32.12 96.75 98.31 3.46 5.24 47.41
Gujarati 7,218 832 51.83 2,284 10.80 41.61 83.25 94.99 98.06 98.70 3.35 5.33 42.74
Hindi 7,191 1,251 65.17 2,579 13.10 23.48 68.09 88.58 95.82 98.95 3.36 4.35 65.31
Marathi 9,396 803 56.55 2,137 9.82 44.75 83.87 95.81 98.84 98.77 3.39 5.28 43.95
Bengali 12,954 530 36.51 1,388 9.49 35.17 81.49 94.66 98.20 98.20 3.41 3.43 60.32

Indo-
European

French 6,344 575 20.23 1,115 9.99 29.72 74.50 91.23 96.32 98.26 3.15 3.42 28.98
Turkic Turkish 5,031 556 26.72 1,225 10.29 39.70 80.53 93.55 97.53 98.14 2.28 3.46 44.67

Afro-Asiatic Arabic 6,922 653 65.80 1,499 11.43 36.35 81.04 94.16 97.88 98.25 2.60 4.47 46.65
Sino-Tibetan Mandarin 12,279 1,266 42.66 1,429 13.87 21.13 70.48 88.66 95.37 98.90 4.77 4.69 44.94

Telugu 9,579 536 51.50 1,568 9.02 50.95 87.51 96.80 98.99 98.31 2.69 5.07 38.42
Dravidian

Tamil 9,973 440 34.75 1,110 8.84 47.94 86.67 96.65 99.06 97.99 2.29 4.14 39.56
Austroasiatic Nepali 6,185 440 18.77 1,178 9.47 44.17 86.63 96.47 99.12 97.85 2.30 3.40 54.70

Persian 8,830 716 27.19 1,352 11.42 24.82 70.32 89.24 95.67 98.41 2.39 3.08 52.37
Indo-Iranian

Urdu 13,469 964 36.84 1,712 14.02 22.55 63.25 82.91 91.29 98.55 2.94 3.88 57.48
Austronesian Indonesian 12,951 779 36.74 1,432 11.38 29.34 76.65 93.18 97.78 98.53 4.82 3.04 34.55

Summary 415,117 902 27.17 1,632 10.13 33.60 80.83 94.37 98.89 98.88 3.21 3.47 44.64

Table 2: Statistics about our XL-HeadTags. ‘#Samples’ denotes the total number of samples. ‘Avg. Word,’ ‘Avg.
Sent,’ and ‘Avg. Tok’ represent the average number of words, sentences, and tokens per document (computed using
the BERT-multilingual model (Devlin et al., 2019)), respectively. ‘% of Novel N-grams’ (for n = 1, 2, 3, 4) indicates
the proportion of novel n-grams in headlines. ‘CR’ refers to the compression ratio of headlines. ‘Avg. I/C’ shows
the average number of image-caption pairs per sample. ‘Avg. Tag W’ signifies the average number of tag words per
document. ‘% Pre Tag W’ denotes the average percentage of present tag words in the documents.

2.2 Tasks

Our goal is to simultaneously generate headline
and tags for news articles. Given that headlines
provide a condensed summary and tag words serve
as semantic markers, we propose that these two
tasks can be effectively learned in a unified learning
framework. Formally, Given a news Article A con-
sisting of sequence of words {a1, a2,⋯, an}, our
objective is to generate an abstractive Headline, H
consisting of sequence of words {h1, h2,⋯, hm}
and a set of T Tag Words {{T1}, {T2},⋯, {To}},
where each T can be a word T = {t1} or a se-
quence of word T = {t1, t2,⋯, tp}. Thus the task
is XL-HeadTags(A) ⟹ H, T .

Controlled Generation During the tag word
generation phase, we introduce an additional set-
ting to control the number of tag word gen-
erations. This task is formally defined as
Con-XL-HeadTags(A,N ) ⟹ H, T con

1∶n . Here,
N acts as the control factor determining the number
of tag words to be generated, and T con

1∶n represents
the resulting set of n controlled tag words.

3 MultiRAGen

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020a) involves two key phases: first, re-
trieving contextually relevant information, and sec-

ond, using this information to guide the generation
process (Zhao et al., 2023). RAG has been applied
to various tasks such as machine translation (He
et al., 2021), dialogue generation (Cai et al., 2019),
and abstractive summarization (Peng et al., 2019).
Inspired by these applications, we leverage multi-
modal information like images and captions to se-
lect salient content from news articles, introducing
MultiRAGen (Multimodal Retrieval Augmented
Generation). MultiRAGen comprises two main
components: (1) Multimodal Retrievers (§3.1) and
(2) Instruction Tuning (§3.2).

3.1 Multimodal Retrievers (MultiRet)
Our approach utilizes auxiliary information, such
as images and captions, to extract salient and rele-
vant sentences from documents through two mod-
ules: ImgRet for images (visual modality) and
CapRet for image captions (textual modality).
Formally, these modules are described as follows:

MultiRet =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

ImgRet(A1∶n′ , I1∶m′ ,K,L) ⟹ AI
1∶k,

CapRet(A1∶n′ , C1∶m′ ,K,L) ⟹ AC
1∶k

where A1∶n′ represents the article consisting of n′

sentences, I1∶m′ and C1∶m′ denote the set of images
and image captions within the document, respec-
tively, with m

′ ⩾ 1. K is the number of sentences
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Algorithm 1: ImgRet

function ImgRet(Article, L, Images, K)
sentences ← SenSeg(Article, L)

for sen in sentences do
for img in Images do

scr ← SimScr(sen, img)
sim ← sim + scr

end
end
// Sort the sentences on sim
article ← sentences[1:K]
// Sort the sentences on order
return article

to be retrieved, AI
1∶k and AC

1∶k are the resulting
subsets containing k sentences selected based on
visual and textual modalities, respectively. Here,
k = K if K ⩽ n

′, otherwise k = n
′. L specifies the

language of the article.
We tokenize the documents into sentences us-

ing our Multilingual Sentence Tokenizer (in-
troduced later in Section 4) and use images and
captions as queries to compute semantic similar-
ity with the sentences. This process employs a
multilingual version of the OpenAI CLIP-ViT-B32
model4 (Radford et al., 2021), which maps text (in
50+ languages) and images to a shared dense vec-
tor space (Reimers and Gurevych, 2019), aligning
images closely with their corresponding texts. We
then retrieve the top K sentences from the docu-
ment based on the similarity scores.

Handling Multiple Images and Captions We
observed that a single document often contains mul-
tiple images and captions without a proper one-to-
one mapping between them. Consequently, we
treat each image and caption as distinct entities and
propose a greedy algorithm for aggregating mul-
tiple retrievals. The detailed procedural depiction
of one this simple yet effective algorithmic pro-
cesses is presented in Algorithm 1 and detailed in
Appendix B.

3.2 Instruction Tuning

Language models can be fine-tuned with super-
vised datasets containing natural language prompts
and their corresponding target completions (Wei
et al., 2022; Sanh et al., 2022; Ouyang et al., 2022;
Min et al., 2022). This process, known as “instruc-
tion tuning,” enhances the models’ ability to fol-

4clip-ViT-B-32-multilingual-v1

low instructions accurately. Typically, task-specific
prefixes are used to guide the model towards the
desired output format. Inspired by the adaptability
and success of these approaches in managing di-
verse tasks via a unified text-to-text framework, we
apply this methodology to generate headlines and
tags for news articles within a multilingual setting.
We introduce two instructional variations: one for
unrestricted and another for controlled tag word
generation along with headline.

Unrestricted Generation allows the model to
independently determine the optimal number of
tag words to generate. In the following input in-
struction, bold indicates the input prefix, while
underline signifies the selected content (described
below). Conversely, in the output instruction, bold
marks the output prefix, and underline denotes
the generated output, encompassing both the head-
line and a variable number of tag words (T1, T2, ...)
corresponding to each article. This approach aims
to simultaneously address two text generation tasks,
utilizing output prefixes to distinguish between the
outcomes of each task. The complete instruction
format is as follows:

Instruction for Unrestricted Generation

Input ➝ Generate Headline and Tag Words:
Selected Content.

Output ➝ Headline is: Headline. Tag words are:
T1, T2, ⋯, To.

Controlled Generation To tackle the challenge
of determining the correct number of tag words,
we have adjusted our unrestricted prefix. This mod-
ification allows us to directly specify the desired
number of tag words in the prefix. Our revised
input format for controlled tag word generation is:

Instruction for Controlled Generation

Input ➝ Generate Headline and N Tag Words:
Selected Content.

Here, N refers to the number of tag words to
generate. During model training, this number is
represented as the count of tag words associated
with the original article from the training dataset,
verbalized in natural language (such as One, Two,
Three, ...). The output format remains unchanged.

Selected Content For the input format of the in-
struction, we utilize three settings: (1) Article,
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where the original article is placed; (2) Top K sen-
tences retrieved by our MultiRet; and (3) Top K
sentences from our MultiRet concatenated with
the Article. MultiRet comprises two modules:
ImgRet, which retrieves relevant sentences using
images as queries, and CapRet, which uses image
captions as queries to retrieve pertinent sentences
from the input article as detailed in Section §3.1.

4 Multilingual Tools

We also develop tools by accumulating open-source
resources for processing and evaluating multilin-
gual texts, making it an easy-to-use one-stop des-
tination. These tools include (1) Multilingual
ROUGE Scorer, (2) Multilingual Sentence Tok-
enizer, and (3) Multilingual Stemmer. These re-
sources are invaluable to the research community
focusing on multilingual NLP, providing essential
support for accurate processing and evaluation5

(also detailed in Appendix C).

Multilingual ROUGE Scorer Hasan et al.
(2021); Chronopoulou et al. (2023) identified a
significant issue in evaluating multilingual summa-
rization performance: the absence of stemmers for
certain low-resource languages hindered the pro-
cessing of generated summaries, resulting in lower
ROUGE scores (Lin, 2004). Facing a similar chal-
lenge, Aharoni et al. (2023) calculated ROUGE
scores using a multilingual tokenizer. However, the
lack of word tokenizers for some languages still
presents a challenge for fair ROUGE score assess-
ment across different language families. To address
this issue, we developed a Multilingual ROUGE
Scorer that leverages Byte-Pair Encoding (BPE) to-
kenization from BERT-multilingual (Devlin et al.,
2019), ensuring more accurate evaluation across
104 languages.

Multilingual Sentence Tokenizer Sentence
tokenization aims to divide a given document into
individual sentences. To achieve this, we inte-
grated various open-source resources for multiple
languages into a unified library. This tool can per-
form tokenization in 41 different languages (details
of the sources in Appendix (Table 6)).

Multilingual Stemmer For evaluating the per-
formance of keyphrase generation, both generated
and reference keyphrases are normalized before
assessing exact matches (Meng et al., 2017; Chen

5These tools are available here XL-HeadTags, and can be
easily installed via ‘pip’.

et al., 2020). Given the need to evaluate generated
tag words across various languages, we developed
a Multilingual Stemmer that integrates open-source
stemmers for 18 distinct languages (as detailed in
Table 7 in the Appendix). However, open-source
stemmers for Chinese and Telugu are unavailable.
Therefore, when evaluating tag words in these lan-
guages, we report the scores without normalizing
the tag words.

5 Evaluating Tags Generation

The terms “Tag Words” and “Keyphrases,” while
sharing a common objective, differ in their appli-
cation. In the keyphrase generation process, a
model predicts a set of distinct keyphrases Ŷ =(ŷ1, . . . , ŷm) from a given source text, with these
predictions ŷi being ordered based on their rel-
evance (Yuan et al., 2020). The ground truth
keyphrases for the source text are denoted as Y .
It’s important to note that in the context of tag
words, the order of predictions does not necessarily
reflect the quality of each prediction. To measure
predictive performance, three standard evaluation
metrics—namely macro-averaged precision, recall,
and F-measure (F1)—are commonly used (Meng
et al., 2017). Formally, the metrics of precision,
recall, and F1 score are defined as follows:

P = ∣Ŷ ∩ Y∣∣Ŷ∣ , R = ∣Ŷ ∩ Y∣∣Y∣ ,

F1 =
2 ∗ P ∗R

P +R
.

(1)

5.1 Proposed Tag Words Evaluation Metrics

As detailed in Section 3.2, our work spans both
controlled and unrestricted tag word generation.
Inspired by Yuan et al. (2020), we introduce three
metrics for assessing performance.

Unrestricted Generation In unrestricted genera-
tion, a varying number of tag words are generated.
The evaluation employs the metric F1@M, where∣Ŷ∣ = M. Here, M varies with each article, re-
flecting the model’s autonomous decision on the
number of tag words.

Controlled Generation For controlled genera-
tion, the goal is to generate a fixed number of tag
words. We evaluate this using F1@K and F1@O.
K is predefined as 3 and 5, and O corresponds to∣Y∣, the actual number of tag words. This means
we assess controlled generation for producing ex-
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R1 R2 RL BLEU METEOR LR (↓) BERT Score
Models Baselines

mT5 37.86 17.20 33.53 12.95 25.55 0.84 75.79
mT0 38.33 17.66 33.90 14.64 26.44 0.94 75.83

FLAN-T5 31.46 12.73 28.15 8.75 24.61 0.71 70.87
LEAD-1 14.86 5.48 11.36 2.30 11.84 3.99 65.59

EXT-ORACLE 25.90 15.29 21.57 6.13 20.11 2.96 69.33
Gemini-Pro 20.02 10.10 17.99 5.68 11.15 0.62 68.36

Mixtral 11.15 3.63 10.26 1.58 7.14 0.86 64.70
Modality Models MultiRAGen (ours)

mT5
– w/C (K=5) 39.06 (+1.20) 18.35 (+1.15) 34.64 (+1.11) 14.19 (+1.24) 26.94 (+1.39) 0.87 (+0.03) 76.23 (+0.44)
– w/C (K=10) 39.04 (+1.18) 18.20 (+1.00) 34.51 (+0.98) 14.03 (+1.08) 26.86 (+1.31) 0.87 (+0.03) 76.20 (+0.41)
– w/C (K=15) 39.13 (+1.27) 18.30 (+1.10) 34.63 (+1.10) 14.16 (+1.21) 26.99 (+1.44) 0.87 (+0.03) 76.22 (+0.43)

mT0
– w/C (K=5) 39.07 (+0.74) 18.27 (+0.61) 34.62 (+0.72) 14.29 (-0.35) 27.06 (+0.62) 0.88 (-0.06) 76.17 (+0.34)
– w/C (K=10) 39.13 (+0.80) 18.35 (+0.69) 34.61 (+0.71) 14.29 (-0.35) 27.24 (+0.80) 0.88 (-0.06) 76.21 (+0.38)
– w/C (K=15) 39.13 (+0.80) 18.30 (+0.64) 34.63 (+0.73) 14.16 (-0.48) 26.99 (+0.55) 0.87 (-0.07) 76.22 (+0.39)

FLAN-T5
– w/C (K=5) 31.41 (-0.05) 12.66 (-0.07) 28.30 (+0.15) 8.52 (-0.23) 24.40 (-0.21) 0.69 (-0.02) 70.88 (+0.01)
– w/C (K=10) 31.65 (+0.19) 12.80 (+0.07) 28.44 (+0.29) 8.64 (-0.11) 24.59 (-0.02) 0.70 (-0.01) 70.89 (+0.02)

Text (Caption)

– w/C (K=15) 31.75 (+0.29) 12.93 (+0.20) 28.51 (+0.36) 8.74 (-0.01) 24.75 (+0.14) 0.70 (-0.01) 70.92 (+0.05)
mT5

– w/I (K=5) 39.17 (+1.31) 18.41 (+1.21) 34.77 (+1.24) 14.36 (+1.41) 27.03 (+1.48) 0.87 (+0.03) 76.22 (+0.43)
– w/I (K=10) 38.94 (+1.08) 18.17 (+0.97) 34.44 (+0.91) 14.08 (+1.13) 26.87 (+1.32) 0.87 (+0.03) 76.18 (+0.39)
– w/I (K=15) 39.03 (+1.17) 18.19 (+0.99) 34.56 (+1.03) 14.01 (+1.06) 26.90 (+1.35) 0.87 (+0.03) 76.19 (+0.40)

mT0
– w/I (K=5) 39.21 (+0.88) 18.49 (+0.83) 34.74 (+0.84) 14.51 (-0.13) 27.26 (+0.82) 0.88 (-0.06) 76.26 (+0.43)
– w/I (K=10) 39.16 (+0.83) 18.33 (+0.67) 34.61 (+0.71) 14.27 (-0.37) 27.11 (+0.67) 0.88 (-0.06) 76.22 (+0.39)
– w/I (K=15) 39.14 (+0.81) 18.38 (+0.72) 34.62 (+0.72) 14.27 (-0.37) 27.16 (+0.72) 0.89 (-0.05) 76.18 (+0.35)

FLAN-T5
– w/I (K=5) 31.56 (+0.10) 12.76 (+0.03) 28.38 (+0.23) 8.54 (-0.21) 24.49 (-0.12) 0.70 (-0.01) 70.89 (+0.02)
– w/I (K=10) 31.55 (+0.09) 12.82 (+0.09) 28.38 (+0.23) 8.65 (-0.10) 24.58 (-0.03) 0.69 (-0.02) 70.90 (+0.03)

Visual (Image)

– w/I (K=15) 31.46 ( 0.00) 12.70 (-0.03) 28.23 (+0.08) 8.55 (-0.20) 24.40 (-0.21) 0.70 (-0.01) 70.82 (-0.05)

Table 3: Headline Generation Evaluation. Selected Content (Important Sentences + Article). K denotes the number
of sentences retrieved for both text and visual modalities. (↓) indicates lower values for better performance. The
best results compared to their respective baseline models are marked in bold, and ∆ gains are shown in round
brackets and highlighted with green and red colors.

actly 3, 5, and ∣Y∣ tag words, as specified by a
natural language prefix.

6 Experiments

6.1 Data & Evaluation Metrics

Data To ensure a balanced distribution, our
dataset division for training, validation, and test
sets across all languages consists of 95% (394,353
samples), 1% (5,187 samples), and 4% (15,577
samples) respectively from our XL-HeadTags
dataset (detailed in Appendix (Table 2)). Our goal
is to enhance the task’s generalizability by devel-
oping a unified model capable of performing both
controlled (a fixed number of tag words) and un-
restricted (the model decides the number of tag
words) tag word generation (also elaborated in Sec-
tion 3.2). To achieve this, we introduce a prefix
mixture strategy during training, using a 70:30
allocation ratio. Here, 70% of the data is format-
ted for controlled tag word generation, while the
remaining 30% is free from such constraints. This
approach, applied consistently across training, vali-
dation, and test datasets for both baseline and our

models, aims to facilitate a model adept at navigat-
ing both task variations. Details on data processing
are presented in Appendix A.

Evaluation Metrics For the evaluation of gen-
erated headlines, we utilize F1 score of our
Multilingual ROUGE Scorer (§4) and the BLEU
score (Papineni et al., 2002), F1 BERT score
(Zhang* et al., 2020), METEOR score (Banerjee
and Lavie, 2005), and Length Ratio (LR). For as-
sessing tag words, we apply the metrics we have
proposed in Section 5.1 and normalize the tag
words using our Multilingual Stemmer (§4).

6.2 Models

Baselines We use mT5-base (Xue et al.,
2021), mT0-base (Muennighoff et al., 2022) and
Flan-T5-large (Chung et al., 2022) checkpoints
available in the Hugging Face (Wolf et al., 2020).
Notably, these models are multilingual and pre-
trained on the mC46 multilingual corpus. It is es-
sential to highlight that the mT0 model underwent
additional fine-tuning within a multitask frame-

6
https://huggingface.co/datasets/mc4
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work, utilizing the crosslingual task mixture xP3
(Muennighoff et al., 2022) dataset to enhance
crosslingual generalization. We conducted fine-
tuning of the mT5-base, mT0-base and Flan-T5-
large models using the original article in the in-
struction. Additional baselines like LEAD-1 and
EXT-ORACLE are detailed in Appendix D.

Gemini Pro and Mixtral We employed the Gem-
ini Pro (Team, 2023) and Mixtral (Jiang et al.,
2023) models for evaluating their efficacy in XL-
HeadTags multilingual tasks. This assessment oc-
curred in zero-shot prompting conditions, with in-
structions specifying input (i.e., article) and output
formats (§3.2). This encompassed sampling 50
instances from each language.

MultiRAGen (ours) For visual modality, we use
images, and for textual modality, we utilize image
captions. The number of sentences to retrieve is de-
termined by the parameter K, with explored values
of 5, 10, and 15, corresponding to the retrieval of
the top 5, 10, and 15 sentences, respectively. After
retrieval, we reorder the top-K sentences to their
original sequence in the article, ensuring the narra-
tive flow remains coherent. Our experimentation
includes two approaches: (1) inputting only the
top-K retrieved sentences and (2) combining these
sentences with the original article. We apply the
same set of hyperparameters for all the baselines
and our models, as detailed in Appendix E.

7 Results and Discussion

The evaluation results for headline generation are
detailed in Table 3, and the outcomes for tag word
evaluation are shown in Table 5. We also com-
pare the performance of our baseline models with
three extractive methods—TF-IDF (Sparck Jones,
1988) and TextRank (Mihalcea and Tarau, 2004)
as unsupervised, and KEA (Witten et al., 1999)
as supervised—on the English test set. These ex-
tractive methods are implemented using the PKE
module (Boudin, 2016), with a detailed comparison
presented in Table 4.

7.1 Headline

Baselines Table 3 shows LEAD-1’s poor per-
formance, indicating its inability to capture the
abstractive essence of headlines. EXT-ORACLE,
however, provides a robust baseline with improved
ROUGE and BLEU scores, though it lacks headline
conciseness. mT5, mT0, and Flan-T5 outperform

Models F1@3 F1@5 F1@M F1@O
Extractive Unsupervised

TF-IDF 10.9 11.4 - 10.85
TextRank 0.71 1.05 - 0.74

Extractive Supervised
KEA 10.55 11.04 - 10.87

Abstractive
Gemini-Pro 18.01 21.12 19.22 18.37

Mixtral 7.20 10.69 7.53 8.54
Abstractive Baselines-Ours

mT5 44.51 37.91 45.34 47.80
mT0 51.52 43.57 54.36 57.00

Flan-T5 50.2 43.17 53.0 55.37

Table 4: Tag Words Evaluation on English.

extractive methods, with mT0 closely matching the
conciseness of reference headlines. Flan-T5 ex-
cels in high-resource languages but falls short in
low-resource setting (also in Table 12, and 18).

MultiRAGen results show that using captions
for retrieval with mT5 outperforms the standard
mT5 baseline, a pattern also seen with mT0 and
Flan-T5. This indicates that including the most rel-
evant information in the context window enhances
headline generation. Similarly, using images for
retrieval with mT5, mT0, and Flan-T5 also sur-
passes their respective baselines, performing nearly
as well as caption-based retrieval. This suggests
potential benefits from integrating both textual and
visual modalities in future research to improve re-
trieval effectiveness (See Limitations (§8)).

7.2 Tag Words
Baselines Table 4 compares tag word generation
across baseline models and extractive methods (TF-
IDF, TextRank, and KEA) on an English test cor-
pus. Extractive methods, limited to identifying tag
words already present in the text, demonstrate var-
ied performance, with TextRank lagging due to its
tendency to extract longer phrases, misaligned with
the brevity of reference tags. In contrast, TF-IDF
and KEA perform moderately better but are out-
shined by abstractive models like mT5, mT0, and
Flan-T5, which excel in generating concise and rel-
evant tag words, surpassing extractive approaches
that cannot synthesize new tag words. This distinc-
tion highlights the superior capability of abstractive
methods in handling the tag word generation task.

MultiRAGen Table 5 extends the tag word eval-
uation results to include baselines mT5, mT0, Flan-
T5, Gemini Pro, Mixtral and MultiRAGen across
a multilingual text corpus. The abstractive base-
lines exhibit commendable performance, with mT0
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F1@3 F1@5 F1@M F1@O
Models Baselines

mT5 45.01 39.82 44.67 46.79
mT0 51.58 44.94 52.50 54.39

Flan-T5 30.76 26.3 31.86 33.4
Gemini-Pro 5.90 7.75 6.57 6.65

Mixtral 1.93 2.90 2.49 2.28
Modality Models MultiRAGen (ours)

mT5
– w/C (K=5) 51.16 (+6.15) 45.18 (+5.36) 52.20 (+7.53) 54.36 (+7.57)
– w/C (K=10) 53.08 (+8.07) 47.00 (+7.18) 54.00 (+9.33) 56.24 (+9.45)
– w/C (K=15) 47.66 (+2.65) 42.56 (+2.74) 47.37 (+2.7) 49.96 (+3.17)

mT0
– w/C (K=5) 52.10 (+0.52) 46.41 (+1.47) 53.50 (+1.00) 55.62 (+1.23)
– w/C (K=10) 53.88 (+2.30) 47.95 (+3.01) 55.29 (+2.79) 57.49 (+3.10)
– w/C (K=15) 54.05 (+2.47) 48.19 (+3.25) 55.18 (+2.68) 57.36 (+2.97)

Flan-T5
– w/C (K=5) 30.58 (-0.18) 26.12 (-0.18) 31.48 (-0.38) 32.96 (-0.44)
– w/C (K=10) 31.18 (+0.42) 26.65 (+0.35) 32.16 (+0.3) 33.77 (+0.37)

Text (Caption)

– w/C (K=15) 31.48 (+0.72) 26.90 (+0.60) 32.4 (+0.54) 34.00 (+0.60)
mT5

– w/I (K=5) 50.72 (+5.71) 44.60 (+4.78) 51.70 (+7.03) 53.52 (+6.73)
– w/I (K=10) 53.62 (+8.61) 47.57 (+7.75) 54.76 (+10.09) 56.95 (+10.16)
– w/I (K=15) 47.67 (+2.66) 42.39 (+2.57) 47.21 (+2.54) 49.80 (+3.01)

mT0
– w/I (K=5) 50.85 (-0.73) 44.84 (-0.10) 52.15 (-0.35) 53.81 (-0.58)
– w/I (K=10) 53.79 (+2.21) 47.69 (+2.75) 55.00 (+2.50) 57.12 (+2.73)
– w/I (K=15) 53.45 (+1.87) 47.46 (+2.52) 54.43 (+1.93) 56.65 (+2.26)

Flan-T5
– w/I (K=5) 29.11 (-1.65) 24.63 (-1.67) 29.86 (-2.0) 31.14 (-2.26)
– w/I (K=10) 30.74 (-0.02) 26.25 (-0.05) 31.40 (-0.46) 33.21 (-0.19)

Visual (Image)

– w/I (K=15) 31.54 (+0.78) 26.80 (+0.5) 32.49 (+0.63) 34.24 (+0.84)

Table 5: Tags Words Evaluation. Selected Content (Only Important Sentences). K denotes the number of sentences
retrieved for both text and visual modalities. The best results compared to their respective baseline models are
marked in bold, and ∆ gains are shown in round brackets and highlighted with green and red colors.

demonstrating a noticeably higher gain over mT5
and Flan-T5. This improvement is attributed to the
further fine-tuning of mT0 on a multitask frame-
work, enhancing its crosslingual generalization. Al-
though Flan-T5 produces results similar to mT0
and mT5 in English (see Table 4), it falls short of
generating any tag words when it comes to certain
languages with limited resources. This disparity is
particularly noticeable in Table 21.

7.3 Discussion

Gemini Pro and Mixtral exhibit notably low
performance, indicating a tendency to generate
headlines and tag words in English or romanized
rather than the native language of the article. More
details with “Prompt for LLMs” and example out-
puts are presented in Appendix F.

Better content selection approach Our experi-
ments explored two methods: (1) using only top-K
retrieved sentences and (2) top-K merging these
with the original article. We found combining re-
trieved sentences with the full article improved
headline generation (see Table 3 vs. 8), while using
solely retrieved sentences was more effective for

tag generation (see Table 5 vs. 9). This difference
arises because tags, being more concise, benefit
from focused inputs, whereas headlines may re-
quire broader context for optimal generation.

High-Resource vs. Low-Resource Languages
Our model, MultiRAGen, achieves balanced per-
formance across high-resource and low-resource
languages. Detailed results, grouped by resource
availability, are presented in the Appendix (from
Table 10 to Table 21).

8 Conclusion

In this paper, we compile the XL-HeadTags dataset
for headline and tag generation tasks, including 20
languages across 6 diverse language families. We
introduce a novel content selection approach that
leverages auxiliary information from both textual
and visual modalities to pinpoint the most salient
content within news articles. We employ instruc-
tion tuning to generate both headlines and tags in
controlled and unrestricted manners. Furthermore,
we have developed a suite of tools by accumulating
open-source resources for processing and evaluat-
ing multilingual texts.
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Limitations

Potential Bias in Dataset Source Our dataset
exclusively comprises articles sourced from the
BBC, which may introduce a bias toward specific
narratives or ideologies, potentially impacting the
dataset’s representativeness and diversity.

Handling Multiple Images and Captions In our
analysis, we noted that documents frequently con-
tain several images and captions without a direct
one-to-one correspondence. Ideally, a precise map-
ping between each image and its caption would
enhance our retrieval process. However, due to the
absence of such mappings, we treat each image
and caption as separate entities for independent
retrieval processes. Integrating both images and
captions for simultaneous retrieval presents an op-
portunity for future research, potentially refining
the information extraction process.

Computational Constraints Given the compu-
tational constraints and resource limitations, we
opted for the base versions of models for our ex-
perimentation. Despite these constraints, we intro-
duce a novel content selection strategy that lever-
ages auxiliary information from both textual and
visual modalities. This approach aims to pinpoint
the most pertinent content in news articles across
multiple languages. Our designed modules are
plug-and-play, ensuring they can be effortlessly
integrated with language models of varying sizes.
This flexibility facilitates broader applicability and
enhances the adaptability of our approach in di-
verse computational environments.

Ethics Statement

Data Crawling We took ethical consideration
into account when scraping data. The data we
have collected is intended exclusively for non-
commercial research purposes. We conducted our
web scraping activities at a reasonable rate, with no
intention of causing a Distributed Denial of Service
(DDoS) attack. Additionaly, we read the instruc-
tions listed in robots.txt7 of each website to ensure
we were able to crawl the desired content as per the
Robots Exclusion Protocol (REP) standards8.

7
https://moz.com/learn/seo/robotstxt

8The robots.txt file is part of the robots exclusion protocol
(REP), a group of web standards regulating how robots crawl
the web.

Protection of Privacy We intentionally chose
not to collect certain information, including the au-
thor name, the time when the article was written,
and any personal contact details such as email ad-
dresses, phone numbers, etc, for the purposes of
our experiments. Consequently, our dataset does
not contain any Personal Identifying Information
(PII). This decision underscores our commitment
to placing user privacy as a top priority.
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Supplementary Material: Appendices

A Data Processing & Statistics

A.1 Data Processing

The data processing involved the application of reg-
ular expressions Regex9 to eliminate URLs, HTML
tags, and emojis from the headline, article, and im-
age captions. Furthermore, Phonenumbers pack-
age10 was employed to specifically filter out phone
numbers from the textual content.

A.2 Data Statistics

Following data processing, the dataset comprises
415,117 news samples, represented as tuples en-
compassing headline, article , images, image cap-
tions, and tag words. The task of headline genera-
tion is herein considered as a subproblem integral
to extreme summarization. Given the dual nature
of summarization extractive and abstractive, our
objective is to craft abstractive headlines. In the
pursuit of measuring abstractiveness, Narayan et al.
(2018b) proposed evaluating the percentage of n-
grams in the summary that do not find occurrence in
the input article. Simultaneously, Bommasani and
Cardie (2020) introduced compression as a metric
for quantifying conciseness, expressed mathemati-
cally as:

Compression(H,A) = 1 −
∣H∣∣A∣ (2)

In this context, ∣H∣ and ∣A∣ represent the
lengths of the headline and article, measured in
words. The ideal headline is aimed to be infor-
mative, concise, and have a high ratio of novel
n-grams.

The process of generating tag words is in line
with Keyphrase generation. Extracting tag words
seeks to capture existing words in the input docu-
ment. However, it’s crucial to note that extractive
methods can’t predict absent tag words, an impor-
tant aspect of comprehensive tag word generation.
In contrast, tag word generation aims to produce
both present and absent tag words (Meng et al.,
2017). The percentage of present tag words high-
lights the challenge of predicting tag words not
present in the document.

In Table 2, we present a comprehensive set of
quantitative statistics that includes both the previ-

9
https://docs.python.org/3/library/re.html

10
https://pypi.org/project/phonenumbers/

ously mentioned metrics and additional ones. The
average word count in articles is 902, surpassing
the Transformer Encoder’s contextual window ca-
pacity. Using the mt5 multilingual sentencepiece
tokenizer with a vocabulary size of 250,112, the
mean token count per article to 1631. This is note-
worthy considering the mt5 encoder’s context win-
dow is limited to 512 tokens, leading to truncation
beyond this limit. This emphasizes the need for
methodologies capable of capturing essential in-
formation from documents exceeding the encoder
context limit.

Further analysis shows that, on average, arti-
cles require compression of 98.88% for effective
headline representation, highlighting the signifi-
cant challenge in abstractive headline generation.
Additionally, we observe that the percentage of
tag words in the document consistently falls below
50%, emphasizing the importance of generative
approaches for keywords to overcome limitations
posed by extraction methods. These findings en-
hance our understanding of the intricate dynamics
of document structure and the challenges associ-
ated with information extraction and summariza-
tion.

B Handling Multiple Images and
Captions

The primary distinction between our modules lies
in the modalities of the auxiliary data they utilize.
As discussed in Section 3.1, our goal is to retrieve
salient and pertinent information from news arti-
cles. To achieve this, we developed two separate
modules for retrieving the most relevant sentences,
each leveraging auxiliary information from differ-
ent modalities. Specifically, ImgRet uses images,
and CapRet uses image captions to retrieve the
most relevant sentences from a document, respec-
tively.

We observed that a single document often con-
tains multiple images and captions without a proper
one-to-one mapping between them. Consequently,
we treat each image and caption as distinct enti-
ties and propose a greedy algorithm for aggregat-
ing multiple retrievals. The following discussion
predominantly focuses on the operations of the
ImgRet module, with selective explication of the
points where CapRet differs.

The ImgRet module processes input data con-
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sisting of the Article, Language, Images, and
a parameter denoted as K (indicating the top-k
sentences for retrieval). Subsequently, the Sen-
tenceSegmenter is utilized to deconstruct the
Article into individual sentences, employing both
the Article and Language as inputs. Subsequent
steps involve iteratively comparing each sentence
with the images, accumulating similarity scores for
each sentence. The sentences are then sorted based
on these scores, and the top K sentences, represent-
ing the most similar ones, are selected. The final
sorting is performed based on their original order
in the Article, yielding the most relevant sentences
in their original sequence.

It is noteworthy that CapRet diverges from this
procedure solely in the calculation of embeddings
for image captions, as opposed to the image em-
beddings computed in the ImgRet module.

C Multilingual Tools

The goal of Multilingual Sentence Tokenizer
is to split a provided document into separate sen-
tences. The language scope and the open-source
resources employed for this tool are detailed in
Table 6.

Multilingual Stemmer is used for normaliz-
ing tag words. The languages supported and their
respective implementation sources are outlined in
Table 7.

D Baselines

D.1 Headline Generation Baselines
LEAD-1 In the field of generating news head-
lines, we often use a common benchmark called
LEAD-1 to set the minimum standard for the task
(Kumar et al., 2022; Narayan et al., 2018b). To cal-
culate LEAD-1 scores, we take the first sentence
of the article as the system-generated headline and
compare it with the original headline.

EXT-ORACLE On the flip side, there’s another
approach called EXT-ORACLE, which represents
the best possible outcome when generating head-
lines using an extractive method (Kumar et al.,
2022; Narayan et al., 2018b). In this case, we align
a sentence from the input article with the reference
headline, using the ROUGE-2 metric to assess how
well they match up.

D.2 Tags Generation Baselines
TF-IDF approach (Sparck Jones, 1988) entails
the ranking of extracted noun phrase candidates

Language Source Language Source
English

NLTK
Slovak PYSBD

Portuguese Indonesian

Spacy

Turkish Nepali
Arabic

PYSBD

Ukrainian
French Chinese
Spanish Yoruba
Persian Vietnamese
Russian Thai
Urdu Slovenian
Amharic Sinhala
Armenian Bengali BLTK
Bulgarian Gujarati

IndicNLP

Polish Hindi
Dutch Marathi
Danish Punjabi
Burmese Tamil
Greek Telugu
Italian Oriya
Japanese kannada
German Malayalam
Kazakh

Table 6: Multilingual Sentence Tokenizer supports 41
different languages.

based on their term frequency and inverse docu-
ment frequency within the provided documents.

TextRank In the case of TextRank (Mihalcea
and Tarau, 2004), the methodology involves the
conceptualization of words as web pages, followed
by the application of the PageRank algorithm to
identify keyphrases.

KEA On the other hand, KEA (Witten et al.,
1999) employs lexical methods to identify candi-
date keyphrases, computes feature values for each
candidate, and utilizes a machine learning algo-
rithm to predict the suitability of candidates as
keyphrases.

E Training & Hyperparameters

Given the computational constraints and resource
limitations, we chose to work with the base ver-
sions of the models for our experiments. The fine-
tuning process for the mT5-base and mT0-base
models was carried out on a single RTX 3090 GPU,
while the Flan-T5-large model was fine-tuned using
an RTX A6000 GPU. We configured the encoder
input token sequence length to 512 and the decoder
output token sequence length to 64.
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Language Source
English

Snowball

Portuguese
Spanish
Russian
French
Arabic
Tamil
Indonesian
Turkish turkish-stemmer-python
Ukrainian ukr_stemmer
Bengali Bangla-stemmer
Persian PersianStemmer-Python
Nepali nepali-stemmer
Urdu Urdu-Stemmer
Gujarati Gujarati-NLP-Toolkit
Hindi hindi_stemmer
Marathi marathi_stemmer
Panjabi Stemmer-in-punjabi

Table 7: Multilingual Stemmer Covers 18 Language.

The fine-tuning phase for the mT5-base, mT0-
base, and Flan-T5-large models lasted for five
epochs, employing a batch size of 8. We uti-
lized the AdamW optimizer (Loshchilov and Hut-
ter, 2019) throughout the training process to opti-
mize the models. This setup was chosen to balance
the trade-off between computational efficiency and
model performance, ensuring effective utilization
of available hardware resources.

F Performance of LLMs

Gemini (Team, 2023) and Mixtral (Jiang et al.,
2023) are two of large language models used for
various tasks. Google provides access to Gemini
via an API11 for free, while the Mistral AI Team has
made Mixtral’s weights12 publicly available. We
utilized Gemini-Pro and Mixtral models to assess
their performance in a multilingual task called XL-
HeadTags. This evaluation was conducted under
zero-shot prompting conditions, where only input
and output formats were provided as instructions.
We examined 50 examples from each language.

11Gemini Pro API
12Mixtral

Prompt for LLMs

Instruction
Generate Headline and some defined or undefined
number for tag words from a given news article.
When ask to generate defined number of tag words
generate exact defined number of tag words seperated
by commas (,).

A single tag word can be multiple word or single
word. When asked to generate undefined number of
tag words, you should generate the number of tag
word you think appropriate.

While generating headline and tag words generate
them in the language the article is given in.

Exemplars
For example, you will be given task in these input
format "Generate Headline and Three Tag Words":
"News article".
Output should be "Headline is: Generated Headline.
Tag Words are: Tag1, Tag2, Tag3".

Another example "Generate Headline and Tag
Words": "News article". Your output should be
"Headline is: Generated Headline. Tag Words are:
Tag1, Tag2, . . . , TagN".

Input: {...}

However, our analysis revealed that their per-
formance is subpar compared to a supervised ap-
proach. Several factors may have contributed to
this. Firstly, both models heavily favor English.
Even when presented with non-English articles and
instructed to generate in the respective languages,
they often produce results in English due to the
dominance of English in their pre-training corpus.

Additionally, Mistral occasionally generates out-
put in a romanized version of the target language,
indicating a lack of effort in adapting to non-
English contexts. We also encountered issues
where the models inconsistently generated head-
lines and tags in different languages or failed to fol-
low instructions, resulting in excessive tag words
or overly lengthy headlines.

G Detailed Related Work

G.1 Headline Generation

Headline generation, a niche within abstractive
summarization (Chali et al., 2017; Nayeem and
Chali, 2017a; Fuad et al., 2019; Nayeem and Chali,
2017b; Nayeem et al., 2019), particularly in mul-
tilingual contexts (Chowdhury et al., 2021), has
undergone notable advancements. In English, Rush
et al. (2015) introduced an attention-based neural
network model that employs a recurrent neural net-
work (RNN) and attention mechanism for concise
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Language Task Ground Truth Ground Truth
Translation Generated Generated

Translation

Portuguese

Headline
Por que ser 'podre de rico'
na China deixou de ser
bem visto

Why being 'filthy
rich' in China is
no longer well
regarded

China's Rich
and Famous
Face Backlash
for Flaunting
Wealth

-

Tag China, Cultura, Economia China, Culture,
Economy

China, Wealth,
Inequality,
Social Media,
Celebrities.

-

Urdu

Headline
کےکپورلڈعینکاسنگھیوراج

سےکرکٹالاقوامیبیندوران
اعلانکاریٹائرمنٹ

"Yuvraj Singh
announced his
retirement from
international
cricket during
the World Cup"

Yuvraj Singh
Announces
Retirement from
International
Cricket

-

Tag کرکٹکھیل,بھارت, India, Sports,
Cricket

International
Cricket, Yuvraj
Singh,
Retirement

-

Bengali
Headline নীল নদ িনেয় রিসকতার করায়

স�ীত িশ�ীর �জল

"Musician jailed
for making joke
about Nile
River"

Silpi Shiron er
rosikota nie
tolpar

Artist Shiron's
jokes cause
uproarious

Tag িমশর, আইন শ�ৃলা Egypt, Law and
Order

Silpi Shiron, vul
tottho

Artist Shiron,
Mistake

Tamil

Headline

எ�க� நா�ைட
ப�ள��ப����
�ய�சி
ேதா�வ�யைட��

The attempt to
divide our
country will fail"

China Declared
as a National
Security Threat
by US Chief

-

Tag
க��ன�ச�,வண�க�,
மி�வண�க�, சீனா,
வண�க�

Communism,
Business,
E-commerce,
China, Business

China, America,
National
Argument,
Conclusion,
Closing National
Debate in
Parliament, Li
Keqiang,
Economic
Growth,
Development,
Firms, Market

-

Figure 3: Large Language Models (LLMs) generated samples.

summarization. Takase et al. (2016) developed an
Abstract Meaning Representation (AMR) encoder
within an encoder-decoder framework for headline
creation, while Zhang et al. (2018) proposed a dual-
attention sequence-to-sequence model tailored for
question-driven headline generation. In contexts
with limited resources, Tilk and Alumäe (2017)
demonstrated the efficacy of pre-training neural
models to enhance headline generation capabili-
ties.

Zhou et al. (2017) approach to headline gen-
eration encompasses a tri-phase process involv-
ing sentence encoding, sentence selection via a
gate network, and headline decoding. Similarly,
Tan et al. (2017) introduced a method that priori-

tizes important sentences for context-based head-
line generation. On the multilingual front, Kumar
et al. (2022) launched IndicNLG, a dataset aimed
at headline generation, though it primarily focuses
on headline-article pairs without incorporating aux-
iliary information.

Emerging methodologies in headline generation
also explore specialized applications, such as gener-
ating headlines for community question answering
(Higurashi et al., 2018) and creating multiple head-
lines for varied contexts (Iwama and Kano, 2019),
broadening the scope of research in this field.

G.2 Keyphrases Generation
While "Tag Words" and "Keyphrases" both serve
to enhance information retrieval, their application
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and research emphasis differ significantly. Tag
word generation remains underexplored compared
to the more developed field of keyphrase gen-
eration. For example, Meng et al. (2017) un-
veiled the CopyRNN model, which leverages an at-
tentional encoder-decoder architecture (Bahdanau
et al., 2014) integrated with a copying mecha-
nism (Gu et al., 2016) to predict keyphrases. This
method employs over-generation with an extensive
beam search to then select the top N predictions,
such as the top five or ten keyphrases.

Yuan et al. (2020) took an alternative approach
by designing a Keyphrase Generation model that
not only predicts multiple keyphrases but also de-
termines the appropriate number of keyphrases for
each document. This innovative training scheme
enables the model to adaptively generate a vari-
able number of keyphrases tailored to the specifics
of each document. Further advancing the field,
Chan et al. (2019) introduced the application of
Reinforcement Learning to optimize the keyphrase
generation process, showcasing the evolving tech-
niques aimed at improving the precision and adapt-
ability of keyphrase generation.

G.3 Multitask Learning and Instruction
Tuning

In the realm of NLP, multitask learning (MTL) is
increasingly recognized for its potential to enhance
model performance on related tasks by exploiting
their shared features and distinctions. For example,
Cao et al. (2017) developed a model that simul-
taneously trains on summary generation and text
classification, achieving notable improvements in
text summarization. Dong et al. (2015) pioneered
a multitask learning approach using a sequence-
to-sequence (Seq2Seq) framework for translating
a single source language into multiple target lan-
guages. Zhu et al. (2019) explored the synergies be-
tween monolingual summarization, machine trans-
lation, and cross-lingual summarization through
joint training. Similarly, Guo et al. (2018) pro-
posed a model that concurrently learns abstractive
summarization and question generation. Extending
the scope of multitask learning, Sanh et al. (2022)
demonstrated the effectiveness of prompted multi-
task fine-tuning on a pre-trained T5 model (Raffel
et al., 2020) for zero-shot task generalization.

Furthermore, language models can undergo fine-
tuning on supervised datasets comprising natural
language prompts paired with their respective tar-
get outputs. This method, termed “instruction

tuning,” significantly refines the models’ profi-
ciency in adhering to instructions. Employing
task-specific prefixes, this technique directs the
model to generate outputs in a predetermined for-
mat, showcasing the versatility and precision attain-
able through instruction-based training.

G.4 Retrieval-Augmented Generation
Retrieval-Augmented Generation (RAG) repre-
sents a pivotal advancement in Natural Language
Generation (NLG), addressing the issue of neu-
ral models’ limited contextual understanding. Tra-
ditional neural models often falter when the in-
put lacks comprehensive information for generat-
ing accurate outputs, particularly in complex real-
world applications (Yu et al., 2022). To bridge
this gap, KNNLM (Khandelwal et al., 2020) intro-
duced a technique for augmenting language mod-
els with examples retrieved from a training text
dataset, enhancing contextual relevance. Building
on this, RETRO (Borgeaud et al., 2021) leveraged a
vastly expanded text corpus, enabling models with
a smaller footprint to achieve performance on par
with GPT-3 (Brown et al., 2020).

Models such as REALM (Guu et al., 2020) and
RAG (Lewis et al., 2020b) incorporate Wikipedia
passages as external knowledge bases, significantly
boosting their efficacy in tasks like Question An-
swering. REALM focuses on encoding information
through masked language modeling, whereas RAG
employs an encoder-decoder structure for genera-
tive language tasks.

Expanding on these concepts, MuRAG (Chen
et al., 2022) stands out by integrating multimodal
knowledge sources, encompassing both visual and
textual data. This innovation extends the capabili-
ties of knowledge-enhanced text generation, cater-
ing to the nuanced demands of intricate information
landscapes.
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R1 R2 RL BLEU METEOR LR BERT Score
Models Baselines

mT5 37.86 17.20 33.53 12.95 25.55 0.84 75.79
mT0 38.33 17.66 33.90 14.64 26.44 0.94 75.83

FLAN-T5 31.46 12.73 28.15 8.75 24.61 0.71 70.87
LEAD-1 14.86 5.48 11.36 2.30 11.84 3.99 65.59

EXT-ORACLE 25.90 15.29 21.57 6.13 20.11 2.96 69.33
Modality Models MultiRAGen (ours)

mT5
– w/C (K=5) 36.93 (-0.93) 16.33 (-0.87) 32.65 (-0.88) 13.23 (+0.28) 25.28 (-0.27) 0.92 (+0.08) 75.40 (-0.39)

– w/C (K=10) 38.51 (+0.65) 17.66 (+0.46) 34.02 (+0.49) 14.51 (+1.56) 26.63 (+1.08) 0.93 (+0.09) 75.93 (+0.14)
– w/C (K=15) 38.74 (+0.88) 18.02 (+0.82) 34.23 (+0.70) 13.99 (+1.04) 26.63 (+1.08) 0.88 (+0.04) 76.04 (+0.25)

mT0
– w/C (K=5) 37.32 (-1.01) 16.67 (-0.99) 32.93 (-0.97) 13.53 (-1.11) 25.75 (-0.69) 0.93 (-0.01) 75.52 (-0.31)

– w/C (K=10) 39.08 (+0.75) 18.22 (+0.56) 34.51 (+0.61) 15.04 (+0.40) 27.34 (+0.90) 0.94 (0.00) 76.12 (+0.29)
– w/C (K=15) 38.76 (+0.43) 18.03 (+0.37) 34.22 (+0.32) 13.99 (-0.65) 26.63 (+0.19) 0.88 (-0.06) 76.04 (+0.21)

FLAN-T5
– w/C (K=5) 30.64 (-0.82) 12.01 (-0.72) 27.52 (-0.63) 8.00 (-0.75) 23.63 (-0.98) 0.96 (+0.25) 70.57 (-0.30)

– w/C (K=10) 31.43 (-0.03) 12.69 (-0.04) 28.26 (+0.11) 8.59 (-0.16) 24.43 (-0.18) 0.70 (-0.01) 70.88 (+0.01)

Text (Caption)

– w/C (K=15) 31.65 (+0.19) 12.85 (+0.12) 28.44 (+0.29) 8.78 (+0.03) 24.63 (+0.02) 0.70 (-0.01) 70.92 (+0.05)
mT5

– w/I (K=5) 35.72 (-2.14) 15.37 (-1.83) 31.62 (-1.91) 12.49 (-0.46) 24.19 (-1.36) 0.91 (+0.07) 75.00 (-0.79)
– w/I (K=10) 38.24 (+0.38) 17.51 (+0.31) 33.85 (+0.32) 14.21 (+1.26) 26.56 (+1.01) 0.92 (+0.08) 75.82 (+0.03)
– w/I (K=15) 38.56 (+0.70) 17.80 (+0.60) 34.00 (+0.47) 13.64 (+0.69) 26.55 (+1.00) 0.87 (+0.03) 76.00 (+0.21)

mT0
– w/I (K=5) 35.76 (-2.57) 15.38 (-2.28) 31.56 (-2.34) 12.59 (-2.05) 24.30 (-2.14) 0.92 (-0.02) 74.98 (-0.85)

– w/I (K=10) 38.37 (+0.04) 17.59 (-0.07) 33.86 (-0.04) 14.37 (-0.27) 26.74 (+0.30) 0.93 (-0.01) 75.84 (+0.01)
– w/I (K=15) 38.57 (+0.24) 17.80 (+0.14) 34.00 (+0.10) 13.64 (-1.00) 26.55 (+0.11) 0.87 (-0.07) 76.00 (+0.17)

FLAN-T5
– w/I (K=5) 29.08 (-2.38) 10.77 (-1.96) 26.14 (-2.01) 7.14 (-1.61) 21.87 (-2.74) 0.68 (-0.03) 70.07 (-0.80)

– w/I (K=10) 30.78 (-0.68) 12.14 (-0.59) 27.67 (-0.48) 8.16 (-0.59) 23.69 (-0.92) 0.69 (-0.02) 70.61 (-0.26)

Visual (Image)

– w/I (K=15) 31.37 (-0.09) 12.63 (-0.10) 28.13 (-0.02) 8.58 (-0.17) 24.40 (-0.21) 0.71 (0.00) 70.84 (-0.03)

Table 8: Headline Generation Evaluation. Selected Content (Only Important Sentences). The best results compared
to their respective baseline models are marked in bold, and ∆ gains are shown in round brackets and highlighted
with green and red colors.
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F1@3 F1@5 F1@M F1@O
Models Baselines

mT5 45.01 39.82 44.67 46.79
mT0 51.58 44.94 52.50 54.39

Flan-T5 30.76 26.30 31.86 33.40
Gemini-Pro 5.90 7.75 6.57 6.65

Mixtral 1.93 2.90 2.49 2.28
Modality Models MultiRAGen (ours)

mT5
– w/C (K=5) 48.52 (+3.51) 43.15 (+3.33) 48.72 (+4.05) 50.83 (+4.04)
– w/C (K=10) 48.45 (+3.44) 43.11 (+3.29) 48.83 (+4.16) 50.86 (+4.07)
– w/C (K=15) 48.73 (+3.72) 43.13 (+3.31) 48.88 (+4.21) 51.05 (+4.26)

mT0
– w/C (K=5) 48.61 (-2.97) 42.99 (-1.95) 48.63 (-3.87) 50.77 (-3.62)
– w/C (K=10) 48.54 (-3.04) 43.17 (-1.77) 48.33 (-4.17) 50.69 (-3.70)
– w/C (K=15) 48.73 (-2.85) 43.30 (-1.64) 48.69 (-3.81) 50.95 (-3.44)

FLAN-T5
– w/C (K=5) 31.29 (+0.53) 26.71 (+0.41) 32.33 (+0.47) 34.02 (+0.62)
– w/C (K=10) 31.45 (+0.69) 26.83 (+0.53) 32.64 (+0.78) 34.07 (+0.67)

Text (Caption)

– w/C (K=15) 31.21 (+0.45) 26.82 (+0.52) 32.53 (+0.67) 34.06 (+0.66)
mT5

– w/I (K=5) 48.63 (+3.62) 43.01 (+3.19) 48.66 (+3.99) 50.82 (+4.03)
– w/I (K=10) 48.76 (+3.75) 43.32 (+3.50) 48.80 (+4.13) 50.97 (+4.18)
– w/I (K=15) 48.79 (+3.78) 43.24 (+3.42) 48.63 (+3.96) 51.15 (+4.36)

mT0
– w/I (K=5) 48.62 (-2.96) 43.10 (-1.84) 48.49 (-4.01) 50.93 (-3.46)
– w/I (K=10) 48.85 (-2.73) 43.39 (-1.55) 48.71 (-3.79) 51.10 (-3.29)
– w/I (K=15) 48.81 (-2.77) 43.31 (-1.63) 48.73 (-3.77) 51.03 (-3.36)

FLAN-T5
– w/I (K=5) 31.44 (+0.68) 26.73 (+0.43) 32.51 (+0.65) 33.94 (+0.54)
– w/I (K=10) 31.40 (+0.64) 27.00 (+0.70) 32.50 (+0.64) 34.00 (+0.60)

Visual (Image)

– w/I (K=15) 31.49 (+0.73) 26.89 (+0.59) 32.74 (+0.88) 34.24 (+0.84)

Table 9: Tag Words Evaluation. Selected Content (Important Sentence + Article). The best results compared to
their respective baseline models are marked in bold, and ∆ gains are shown in round brackets and highlighted with
green and red colors.
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR
English 16.35 36.36 14 30.3 16.91 37.06 14.43 31.05 17.1 37.05 13.78 31.16

Portuguese 14.21 28.37 11.98 23.61 14.95 29.14 13.69 25.12 15.88 29.53 11.91 23.91
Spanish 15.18 30.23 13.02 27.02 17.1 32.05 14.38 28.99 16.93 31.88 13.72 28.66
Russian 13.66 26.35 8.44 17.61 15.47 28.14 9.8 19.49 15.42 28.06 9.15 19.47
French 15.96 32.8 12.56 26.12 16.57 33.47 13.58 27.35 16.07 32.96 12.1 27.07
Chinese 16.92 29.77 10.48 19.71 19.07 32.18 12.33 20.09 20.35 33.54 12.17 20.44
Arabic 15.57 27.56 12.41 21.44 18.81 30.94 14.91 24.64 19.36 31.76 14.5 24.82

High

All 15.41 30.21 11.84 23.69 16.98 31.85 13.3 25.25 17.3 32.11 12.48 25.08
Turkish 16.71 30.95 13.13 20.52 18.6 32.95 15.05 22.67 19.55 33.53 14.91 22.71

Ukrainian 13.56 26.12 8.14 17.4 15.47 27.59 9.43 19.05 16.01 28.41 8.84 18.86
Bengali 21.04 31.79 14.91 18.15 23.5 34.16 16.73 20.05 25.17 35.3 17.44 20.43
Persian 19.39 32.38 17.75 24.51 20.03 33.31 18.12 25.28 20.85 34.52 17.84 25.59
Nepali 21.53 33.11 16.98 20.3 24.02 34.71 19.07 23.14 24.45 34.78 18.1 21.53
Urdu 17.86 29.8 15.34 23.05 19.78 31.96 17.46 25.85 21.07 32.95 16.93 26.16

Gujarati 17.64 29.3 13.34 15.87 20.71 32.95 16.03 18.72 21.4 32.02 14.96 17.55
Hindi 18.42 30.97 15.47 22.41 19.86 32.42 16.02 23.75 21.88 34.75 17.57 25

Marathi 16.73 27.56 14.31 17.99 19.17 30.44 16.13 19.24 20.3 30.7 16.23 19.17
Telugu 15.32 27.28 12.25 15.66 16.79 28.4 13.79 17.16 17.46 29.43 13.79 16.68
Tamil 21.47 31.78 13.18 18.69 24.3 34.3 15.07 21.01 23.71 33.75 13.56 19.05

Panjabi 16.23 28.73 14.3 17.52 17.8 30.18 15.83 18.42 18.83 30.83 16.18 18.65
Indonesian 12.98 27.5 9.09 22.13 15.5 30.45 10.79 24.76 15.68 30.5 9.91 25.13

Low

All 17.61 29.79 13.71 19.55 19.66 31.83 15.35 21.47 20.49 32.42 15.1 21.27
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR

English 14.7 34.45 12.59 28.06 16.71 36.75 14.26 30.74 16.9 36.9 13.56 30.97
Portuguese 12.97 27.35 11.37 22.58 14.62 29.34 12.23 23.36 14.84 29.02 11.72 23.27

Spanish 15.28 30.2 13.11 27.16 16.97 31.93 14.25 29.24 16.81 31.74 13.37 28.75
Russian 13.95 26.9 8.77 17.75 16.05 28.46 10.3 20.06 15.92 28.41 9.52 19.93
French 14.7 31.49 12.07 25.37 15.71 32.85 13.02 26.85 15.47 31.67 11.57 26.41
Chinese 17.5 30.88 10.66 19.59 18.21 31.59 11.32 19.66 19.42 33.31 11.87 19.79
Arabic 16.75 28.34 13.19 22.87 19.36 31.49 15.38 24.97 20.18 32.73 15.46 25.93

High

All 15.12 29.94 11.68 23.34 16.8 31.77 12.97 24.98 17.08 31.97 12.25 25.01
Turkish 18.18 32.61 13.91 21.91 20.56 34.87 16.42 24.67 20.91 34.84 15.45 24.39

Ukrainian 14.72 26.8 8.88 18.08 16.73 29.23 10.37 20.25 16.3 28.72 9.22 19.38
Bengali 18.91 29.66 13.04 17.15 22.19 33.01 15.53 19.93 23.1 34.02 15.48 19.47
Persian 16.7 30 14.45 21.41 19.78 32.68 17.56 24.66 21.58 34.96 18.72 26.33
Nepali 22.45 33.41 18.47 21.88 23.88 34.79 18.22 22.22 24.38 35.25 17.99 22.11
Urdu 18.75 30.51 15.97 24.01 20.87 32.88 17.59 26.73 20.96 32.99 16.64 25.93

Gujarati 17.55 29.67 12.5 15.63 19.93 31.65 15.11 17.52 20.47 31.66 14.67 16.72
Hindi 18.14 31.47 14.29 22.19 21.83 34.85 16.88 24.81 21.05 33.82 16.28 24.64

Marathi 15.95 27.05 13.13 17.75 18.7 30.26 15.38 19.76 19.42 30.51 15.38 19.47
Telugu 12.82 24.97 10.01 14.58 15.42 27.35 12.18 16.72 16.44 28.46 12.36 16.55
Tamil 18.61 29.36 11.58 17.5 22.31 32.14 13.42 19.81 22.84 33.39 12.97 18.8

Panjabi 12.31 25.68 11.14 14.23 15.19 27.78 13.53 16.69 16.24 29.01 13.15 16.16
Indonesian 13.52 28.45 9.24 23.96 15.97 30.96 11.14 25.99 16.54 31.16 10.32 26.23

Low

All 16.82 29.2 12.82 19.25 19.49 31.73 14.87 21.52 20.02 32.21 14.51 21.24

Table 10: Headline Generation Evaluation : mT5. Selected Content (Only Important Sentences)
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR
English 16.78 36.77 14.33 30.9 17.55 37.56 15.03 31.82 17.11 37.05 13.78 31.16

Portuguese 14.58 28.64 12.87 24.12 15.37 30.05 13.61 25.47 15.92 29.57 11.91 23.91
Spanish 15.01 30.08 12.92 26.99 17.54 32.53 14.92 29.77 16.96 31.91 13.72 28.66
Russian 13.34 25.95 8.33 17.37 15.44 28.05 9.88 19.65 15.46 28.03 9.15 19.47
French 16.04 32.59 12.78 26.48 16.43 33.09 13.14 27.39 16.12 32.9 12.1 27.07
Chinese 17.24 29.72 10.6 19.79 19.35 32.84 12.34 20.18 20.3 33.48 12.17 20.44
Arabic 16.9 27.87 13.34 22.79 19.88 31.27 15.21 25.03 19.37 31.82 14.5 24.82

High

All 15.7 30.23 12.17 24.06 17.37 32.2 13.45 25.62 17.32 32.11 12.48 25.08
Turkish 17.02 31.16 13.71 21.79 18.93 32.98 15.16 23.55 19.68 33.61 14.91 22.71

Ukrainian 13.87 26.17 8.36 17.51 16.27 28.86 10.15 20.13 16.01 28.4 8.84 18.86
Bengali 21.2 32.24 15.28 18.92 24.43 34.99 18.1 22.05 25.12 35.28 17.44 20.43
Persian 19.86 33.02 18.32 24.2 20.92 34.67 19.18 26 20.94 34.47 17.84 25.59
Nepali 22.06 33.15 17.4 21.13 23.87 34.52 18.91 23.25 24.37 34.78 18.1 21.53
Urdu 18.25 30.03 15.83 23.73 20.94 32.83 18.21 26.81 21.04 32.98 16.93 26.16

Gujarati 17.51 29.84 12.64 15.58 21.7 33.14 16.63 18.76 21.44 32.01 14.96 17.55
Hindi 19.22 32.19 15.45 22.61 21.63 33.97 17.57 25.49 21.96 34.74 17.57 25

Marathi 17.25 28.11 14.37 18.58 20.63 31.27 17.5 20.84 20.25 30.74 16.23 19.17
Telugu 16.33 28.39 13.13 16.92 17.32 28.93 14.44 18.28 17.41 29.43 13.79 16.68
Tamil 21.02 31.37 13.02 18.45 24.01 34.09 15.08 20.63 23.74 33.73 13.56 19.05

Panjabi 16.19 28.87 14.76 17.37 18.15 30.37 16.26 18.54 18.81 30.78 16.18 18.65
Indonesian 13.97 28.35 9.55 23.21 16.31 31.32 11.49 25.76 15.72 30.44 9.91 25.13

Low

All 17.89 30.42 13.95 20.41 20.39 32.98 16.05 22.31 20.5 32.41 15.1 21.27
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR

English 14.7 34.28 12.61 28.21 16.95 36.84 14.43 31.07 16.91 36.89 13.56 30.97
Portuguese 13.48 27.68 11.71 22.43 14.53 28.9 12.82 23.59 14.88 29.05 11.72 23.27

Spanish 15.27 30.49 12.98 27.33 16.85 31.83 14.41 29.33 16.8 31.77 13.37 28.75
Russian 14.06 26.87 8.82 18.08 15.48 28.01 10 19.79 15.92 28.43 9.52 19.93
French 14.83 31.59 12.09 25.69 16.93 33.99 13.28 27.5 15.39 31.73 11.57 26.41
Chinese 17.3 30.76 10.84 19.67 19.14 32.53 12.25 19.86 19.41 33.4 11.87 19.79
Arabic 17.23 29.17 13.89 23.24 19.62 31.41 15.91 25.88 20.12 32.76 15.46 25.93

High

All 15.27 30.12 11.85 23.52 17.07 31.93 13.3 25.29 17.06 32 12.44 25.01
Turkish 18.37 32.49 14.48 21.88 20.64 34.62 16.46 25.17 20.91 34.86 15.45 24.39

Ukrainian 14.14 26.61 8.53 17.72 16.57 29.03 10.41 20.34 16.27 28.71 9.22 19.38
Bengali 18.46 29.32 12.92 17.33 21.72 32.5 15.57 19.9 23.14 33.97 15.48 19.47
Persian 15.96 29.27 14.43 20.76 20.2 33.27 18.38 24.99 21.61 34.94 18.72 26.33
Nepali 21.4 32.41 17.04 20.61 23.41 34.45 18.07 22.32 24.4 35.13 17.99 22.11
Urdu 18.61 30.78 16.05 24.07 20.6 32.59 17.88 26.61 20.91 32.97 16.64 25.93

Gujarati 17.91 30.15 12.8 15.27 19.77 31.48 14.71 17.88 20.55 31.69 14.67 16.72
Hindi 18.19 31.18 14.8 22.47 21.76 34.26 17.79 25.89 21.15 33.75 16.28 24.64

Marathi 16.39 27.41 13.66 18.34 18.8 29.73 15.85 19.98 19.46 30.53 15.38 19.47
Telugu 12.84 25 9.88 14.55 15.53 27.6 12.14 16.86 16.47 28.48 12.36 16.55
Tamil 18.98 29.72 11.63 17.38 21.83 32.36 13.6 19.51 22.84 33.4 12.97 18.8

Panjabi 12.97 25.95 11.5 14.65 15.02 28.06 13.3 16.64 16.16 29 13.15 16.16
Indonesian 13.66 28.55 9.51 23.97 15.96 30.83 10.95 26.04 16.49 31.13 10.32 26.23

Low

All 16.76 29.14 12.86 19.15 19.37 31.6 15.01 21.7 20.03 32.2 14.51 21.24

Table 11: Headline Generation Evaluation : mT0. Selected Content (Only Important Sentences).
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR
English 20.34 40.42 17.08 35.45 21.31 41.5 18.08 36.56 21.57 41.73 18.34 36.94

Portuguese 12.18 25.62 9.88 21.72 12.55 26.88 10.18 21.56 12.98 27.61 10.21 22.05
Spanish 14.36 29.47 11.48 26.13 15.67 30.9 12.69 27.71 15.67 30.63 13.32 27.86
Russian 1.93 12.67 0.8 8.79 2.09 12.77 0.99 8.94 2.01 12.73 0.9 8.73
French 15.99 32.64 12.27 26.65 16.86 33.81 13.35 28.14 17.56 34.43 13.21 28.83
Chinese 0.41 10.57 0.01 21.54 0.35 10.72 0.02 21.43 0.46 10.92 0.02 21.98
Arabic 0.33 9.61 0 5.91 0.29 10.15 0 5.79 0.25 10.57 0 6.07

High

All 9.36 23 7.36 20.88 9.87 23.82 7.9 21.45 10.07 24.09 8 21.78
Turkish 11.03 24.5 8.03 13.56 12.64 25.99 8.98 15.11 12.65 25.69 8.93 14.33

Ukrainian 1.23 11.53 0.3 8.12 1.38 11.46 0.2 8.02 1.41 11.77 0.19 7.9
Bengali 0.48 7.99 0 7.07 0.73 8.46 0 7.39 0.74 8.68 0 6.84
Persian 0.75 11.16 0 5.01 0.84 12.13 0 4.65 0.81 11.95 0 4.65
Nepali 1.17 10.22 0 6.15 0.92 9.42 0.04 7.35 1.1 10.04 0.04 7.34
Urdu 0.29 11.13 0 6.85 0.31 10.44 0 6.65 0.46 10.83 0 6.9

Gujarati 0.95 9.15 0.08 8.05 1.28 9.73 0.04 8.96 1.14 9.8 0.04 8.56
Hindi 0.57 10.31 0 5.89 1.28 11.39 0 6.67 0.65 10.73 0 6

Marathi 1.41 11.94 0.05 9.28 1.31 12.23 0.1 9.07 1.4 12.36 0.08 9.14
Telugu 2.55 12.5 0 8.86 2.83 12.62 0.05 9.37 3.04 13.22 0 9.33
Tamil 0.4 9.15 0 8.64 0.39 9.02 0 8.62 0.34 9.12 0 8.82

Panjabi 0.3 10.03 0.01 6.03 0.24 9.96 0.02 6.05 0.33 10.08 0.01 6.06
Indonesian 11.25 25.73 6.89 20.68 12.52 27.09 7.9 22.11 12.95 27.5 8.11 22.48

Low

All 2.49 12.72 1.18 8.78 2.82 13.07 1.33 9.23 2.85 13.21 1.34 9.1
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR

English 17.84 37.68 14.83 32.05 20.29 40.4 17.06 35.3 21.12 41.18 17.94 36.42
Portuguese 10.49 24.98 7.72 19.46 11.02 25.31 9.19 20.38 11.95 25.5 9.88 21.29

Spanish 13.85 28.74 11.41 25.55 15.21 30.18 12.53 27.4 15.2 30.04 12.54 27.45
Russian 1.82 12.45 0.94 8.61 2.03 12.76 0.94 8.63 2.02 13.02 0.97 8.81
French 14.85 31.57 11.5 25.43 16.73 32.96 13.13 28.07 17.47 33.83 13.4 28.87
Chinese 0.43 10.58 0.02 21.45 0.45 10.92 0.02 21.88 0.41 10.94 0.02 21.68
Arabic 0.19 10.53 0 6.26 0.25 10.48 0 5.92 0.36 10.62 0 6.16

High

All 8.5 22.36 6.63 19.83 9.43 23.29 7.55 21.08 9.79 23.59 7.82 21.53
Turkish 11.44 24.67 8.37 14.38 12.32 26.2 8.47 14.43 12.37 25.75 8.58 14.92

Ukrainian 1.25 11.27 0.38 7.79 1.17 11.31 0.2 7.72 1.29 11.79 0.58 8.08
Bengali 0.58 8.35 0 5.78 0.67 8.57 0 6.06 0.67 7.84 0 7.9
Persian 0.83 12.46 0 4.52 0.78 11.96 0 4.6 0.79 12.23 0 4.56
Nepali 1.12 10.14 0 5.76 1.21 10.56 0.01 6.58 1.12 9.49 0.05 7.82
Urdu 0.52 11.09 0 6.94 0.42 11 0 7.05 0.41 10.91 0 6.99

Gujarati 1.39 9.79 0.07 9.03 1.09 9.59 0.07 8.5 1.16 9.44 0.03 8.53
Hindi 0.78 10.71 0 6.04 0.82 10.57 0 5.81 1.22 10.84 0.02 6.35

Marathi 1.36 11.91 0.06 8.96 1.33 11.94 0.14 8.59 1.5 12.2 0.12 8.6
Telugu 2.77 12.8 0.15 8.91 3.04 12.82 0.11 9.38 3.25 12.93 0.14 9.38
Tamil 0.41 8.94 0.05 8.62 0.61 8.99 0.06 9 0.49 9.16 0.06 8.85

Panjabi 0.35 10.02 0.01 5.67 0.31 10.06 0.02 5.85 0.41 10.05 0.03 6.09
Indonesian 11.44 25.27 7.26 20.65 12.33 26.86 7.94 22.21 13.39 28.22 8.12 22.51

Low

All 2.63 12.88 1.26 8.7 2.78 13.11 1.31 8.91 2.93 13.14 1.36 9.28

Table 12: Headline Generation Evaluation : Flan-T5. Selected Content (Only Important Sentences)
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O
English 51.85 44.4 54.8 57.81 53.31 45.6 55.93 59.05 47.46 40.78 48.24 51.25

Portuguese 54.83 49.46 53.2 53.13 55.08 51.58 54.25 56.42 50.32 49.19 47.85 51.73
Spanish 56.67 54.15 56.63 58.93 59.23 56.54 58.88 61.26 55.26 52.66 53.76 56.75
Russian 56.99 51.71 56.12 58.38 59.42 53.82 58.94 61.22 57.28 52.25 55.6 58.4
French 48.81 39.6 51.03 50.41 50.91 42.55 51.03 52.95 47.45 40.16 48.75 51.44
Chinese 48.37 46.05 47.92 48.98 49.92 49.43 50.51 50.47 48.57 48.98 47.84 50.12
Arabic 45.37 42.35 45.21 44.53 48.61 48.45 48.65 50.45 40.15 39.55 38.88 40.03

High

All 51.84 46.82 52.13 53.17 53.78 49.71 54.03 55.97 49.5 46.22 48.7 51.39
Turkish 57.45 49.51 54.4 56.64 57.36 51.48 55.05 57.75 54.72 48.19 51.22 53.06

Ukrainian 53.32 50.8 52.78 54.66 56.37 52.42 55 56.86 53.13 51.01 50.91 54.25
Bengali 55.79 48.41 55.37 56.33 56.6 50.46 57.81 58.51 48.51 42.59 51.12 51.12
Persian 58.53 48.34 57.92 59.8 57.68 50.28 59.45 61.13 48.84 40.56 50.08 52.96
Nepali 55.4 47.87 54.49 56.46 57.68 48.07 57.07 58.13 51.69 44.52 49.02 51.09
Urdu 52.57 46.28 51.63 53.04 55.23 49.52 54.38 55.22 49.84 45.6 46.57 49.62

Gujarati 32.91 27.4 28.88 29.57 35.51 30.05 32.21 31.79 29.66 26.9 27.86 27.59
Hindi 44.29 42.5 43.57 44.87 50.09 45.02 48.34 49.36 34.45 31.71 32.83 34.27

Marathi 33.73 33.05 33.2 33.77 37.61 36.58 35.81 37.03 33.17 33.41 31.51 33.52
Telugu 38.32 37.72 36.86 37.87 42.96 40.58 41.74 42.09 34.61 34.35 33.52 34.1
Tamil 44.97 41.16 44.78 45.29 46.6 43.39 46.28 47.53 41.29 38.76 40.85 42.77

Panjabi 36.24 31.08 32.12 33.79 38.76 31.92 34.08 34.24 30.53 24.25 26.61 27.15
Indonesian 53.01 45.95 53.21 53.86 55.18 47.72 54.64 55.96 52.6 46.66 51.71 54.28

Low

All 47.43 42.31 46.09 47.38 49.82 44.42 48.6 49.66 43.31 39.12 41.83 43.52
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O

English 49.82 42.2 52.67 54.9 53.21 45.63 56.25 59.09 47.04 40.41 47.7 50.73
Portuguese 55.85 50.38 53.97 56.98 55.33 53.16 56.88 58.28 50.18 50.1 49.07 51.88

Spanish 58.84 55.49 58.26 61.33 60.55 57.4 59.91 62.72 56.54 52.07 54.78 57.75
Russian 58.58 52.15 57.41 59.42 60.61 55.34 60.55 62.33 57.71 52.25 56.18 58.92
French 48.93 42.99 52.08 53.53 51.42 41.8 53.36 53.42 47.39 40.85 49.3 50.15
Chinese 48.32 47.7 49.3 49.54 50.84 49.55 50.15 52.09 48.45 49.44 47.96 50.55
Arabic 49.24 47.33 49.11 49.99 50.35 49.2 49.7 51.32 40.41 40.43 40.74 42.25

High

All 52.8 48.32 53.26 55.1 54.62 50.3 55.26 57.04 49.67 46.51 49.39 51.75
Turkish 57.79 49.68 56.25 57.04 59.92 53.68 59.49 61.39 52.99 48.05 50.54 52.2

Ukrainian 55.81 51.9 54.16 56.48 56.79 53.32 56.84 58.05 54.55 51.58 50.92 55.3
Bengali 53.4 46.41 52.71 54.27 57.27 49.52 56.72 58.07 47.96 41.81 48.98 49.39
Persian 58.82 50.58 58.76 61 60.56 52.41 59.94 62.35 48.87 42.13 48.87 51.47
Nepali 56.83 48.17 55.12 56.92 58.42 50.38 58.29 60.85 52.13 44.83 49.17 52.93
Urdu 55.14 49.2 54.23 54.94 57.56 51.59 56.11 57.85 50.69 45.29 47.45 49.93

Gujarati 35.7 28 31.12 30.93 37.26 30.22 32.18 32.04 29 24.46 25.78 26.39
Hindi 48.36 46.74 48.41 49.67 50.66 48.23 50.81 52.15 36.62 32.99 33.74 35.91

Marathi 36.61 36.61 37.03 37.17 39 40.39 39.38 40.66 31.78 32.29 31.7 31.59
Telugu 36.4 34.89 34.64 35.13 41.41 39.51 41.03 40.37 32.17 31.31 30.85 31.46
Tamil 42.99 40.04 43.35 44.02 48.22 44.17 46.89 49.68 42.28 38.42 40.35 43.05

Panjabi 31.27 26.2 28.17 27.62 37.83 30.22 32.91 32.99 32 27.44 28.97 28.08
Indonesian 55.41 48.22 55.08 55.77 57.14 50.57 57.09 58.57 54.39 48.33 53.69 56.29

Low

All 48.04 42.82 46.85 47.77 50.93 45.71 49.82 51.16 43.49 39.15 41.62 43.38

Table 13: Tags Words Evaluation : mT5. Selected Content (Only Important Sentences).
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O
English 51.85 44.4 54.8 57.81 53.31 45.6 55.93 59.05 47.46 40.78 48.24 51.25

Portuguese 54.83 49.46 53.2 53.13 55.08 51.58 54.25 56.42 50.32 49.19 47.85 51.73
Spanish 56.67 54.15 56.63 58.93 59.23 56.54 58.88 61.26 55.26 52.66 53.76 56.75
Russian 56.99 51.71 56.12 58.38 59.42 53.82 58.94 61.22 57.28 52.25 55.6 58.4
French 48.81 39.6 51.03 50.41 50.91 42.55 51.03 52.95 47.45 40.16 48.75 51.44
Chinese 48.37 46.05 47.92 48.98 49.92 49.43 50.51 50.47 48.57 48.98 47.84 50.12
Arabic 45.37 42.35 45.21 44.53 48.61 48.45 48.65 50.45 40.15 39.55 38.88 40.03

High

All 51.84 46.82 52.13 53.17 53.78 49.71 54.03 55.97 49.5 46.22 48.7 51.39
Turkish 57.45 49.51 54.4 56.64 57.36 51.48 55.05 57.75 54.72 48.19 51.22 53.06

Ukrainian 53.32 50.8 52.78 54.66 56.37 52.42 55 56.86 53.13 51.01 50.91 54.25
Bengali 55.79 48.41 55.37 56.33 56.6 50.46 57.81 58.51 48.51 42.59 51.12 51.12
Persian 58.53 48.34 57.92 59.8 57.68 50.28 59.45 61.13 48.84 40.56 50.08 52.96
Nepali 55.4 47.87 54.49 56.46 57.68 48.07 57.07 58.13 51.69 44.52 49.02 51.09
Urdu 52.57 46.28 51.63 53.04 55.23 49.52 54.38 55.22 49.84 45.6 46.57 49.62

Gujarati 32.91 27.4 28.88 29.57 35.51 30.05 32.21 31.79 29.66 26.9 27.86 27.59
Hindi 44.29 42.5 43.57 44.87 50.09 45.02 48.34 49.36 34.45 31.71 32.83 34.27

Marathi 33.73 33.05 33.2 33.77 37.61 36.58 35.81 37.03 33.17 33.41 31.51 33.52
Telugu 38.32 37.72 36.86 37.87 42.96 40.58 41.74 42.09 34.61 34.35 33.52 34.1
Tamil 44.97 41.16 44.78 45.29 46.6 43.39 46.28 47.53 41.29 38.76 40.85 42.77

Panjabi 36.24 31.08 32.12 33.79 38.76 31.92 34.08 34.24 30.53 24.25 26.61 27.15
Indonesian 53.01 45.95 53.21 53.86 55.18 47.72 54.64 55.96 52.6 46.66 51.71 54.28

Low

All 47.43 42.31 46.09 47.38 49.82 44.42 48.6 49.66 43.31 39.12 41.83 43.52
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O

English 49.82 42.2 52.67 54.9 53.21 45.63 56.25 59.09 47.04 40.41 47.7 50.73
Portuguese 55.85 50.38 53.97 56.98 55.33 53.16 56.88 58.28 50.18 50.1 49.07 51.88

Spanish 58.84 55.49 58.26 61.33 60.55 57.4 59.91 62.72 56.54 52.07 54.78 57.75
Russian 58.58 52.15 57.41 59.42 60.61 55.34 60.55 62.33 57.71 52.25 56.18 58.92
French 48.93 42.99 52.08 53.53 51.42 41.8 53.36 53.42 47.39 40.85 49.3 50.15
Chinese 48.32 47.7 49.3 49.54 50.84 49.55 50.15 52.09 48.45 49.44 47.96 50.55
Arabic 49.24 47.33 49.11 49.99 50.35 49.2 49.7 51.32 40.41 40.43 40.74 42.25

High

All 52.8 48.32 53.26 55.1 54.62 50.3 55.26 57.04 49.67 46.51 49.39 51.75
Turkish 57.79 49.68 56.25 57.04 59.92 53.68 59.49 61.39 52.99 48.05 50.54 52.2

Ukrainian 55.81 51.9 54.16 56.48 56.79 53.32 56.84 58.05 54.55 51.58 50.92 55.3
Bengali 53.4 46.41 52.71 54.27 57.27 49.52 56.72 58.07 47.96 41.81 48.98 49.39
Persian 58.82 50.58 58.76 61 60.56 52.41 59.94 62.35 48.87 42.13 48.87 51.47
Nepali 56.83 48.17 55.12 56.92 58.42 50.38 58.29 60.85 52.13 44.83 49.17 52.93
Urdu 55.14 49.2 54.23 54.94 57.56 51.59 56.11 57.85 50.69 45.29 47.45 49.93

Gujarati 35.7 28 31.12 30.93 37.26 30.22 32.18 32.04 29 24.46 25.78 26.39
Hindi 48.36 46.74 48.41 49.67 50.66 48.23 50.81 52.15 36.62 32.99 33.74 35.91

Marathi 36.61 36.61 37.03 37.17 39 40.39 39.38 40.66 31.78 32.29 31.7 31.59
Telugu 36.4 34.89 34.64 35.13 41.41 39.51 41.03 40.37 32.17 31.31 30.85 31.46
Tamil 42.99 40.04 43.35 44.02 48.22 44.17 46.89 49.68 42.28 38.42 40.35 43.05

Panjabi 31.27 26.2 28.17 27.62 37.83 30.22 32.91 32.99 32 27.44 28.97 28.08
Indonesian 55.41 48.22 55.08 55.77 57.14 50.57 57.09 58.57 54.39 48.33 53.69 56.29

Low

All 48.04 42.82 46.85 47.77 50.93 45.71 49.82 51.16 43.49 39.15 41.62 43.38

Table 14: Tags Words Evaluation : mT0. Selected Content (Only Important Sentences).
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O
English 50.07 43.08 52.37 54.61 50.74 43.79 53.32 55.83 51.05 44.22 53.51 56.28

Portuguese 25.12 23.19 25.08 27.25 27.46 24.91 27.93 29.83 27.56 24.83 25.42 28.09
Spanish 41.22 32.99 39.5 40.49 42.78 33.88 39.91 41.46 41.92 32.9 39.04 40.65
Russian 0.16 0.05 0 0 0.2 0.18 0.17 0.24 0.44 0.25 0.19 0.35
French 45.17 35.37 45.29 48.29 47.19 38.91 49.29 51.21 48.11 39.64 48.92 50.97
Chinese 0.14 0.09 0.04 0.19 0.07 0.1 0.13 0.17 0.14 0.24 0.22 0.2
Arabic 0 0 0 0 0 0 0 0 0 0 0 0

High

All 23.13 19.25 23.18 24.4 24.06 20.25 24.39 25.53 24.17 20.3 23.9 25.22
Turkish 17.54 17.86 18.6 18.14 21.04 18.79 22.06 22.98 25.68 20.68 25.87 26.42

Ukrainian 0 0 0.06 0.06 0 0.07 0 0 0 0 0 0.11
Bengali 0 0 0 0 0.07 0 0 0 0.07 0.07 0.08 0.08
Persian 0 0 0 0 0 0 0 0 0 0 0 0
Nepali 0 0 0 0 0 0 0 0 0 0 0 0
Urdu 0 0 0 0 0 0 0 0 0 0 0 0

Gujarati 0 0 0 0 0 0 0 0 0 0 0 0
Hindi 0 0 0 0 0 0 0 0 0 0 0 0

Marathi 0 0 0 0 0 0 0 0 0 0.06 0.09 0
Telugu 0 0 0 0 0 0 0 0 0 0 0 0
Tamil 0.15 0.07 0.09 0.13 0.15 0.13 0.09 0.07 0.15 0.06 0 0.07

Panjabi 0 0 0 0 0 0 0 0 0 0 0 0
Indonesian 42.23 35.18 42.08 42.9 43.6 36.72 42.86 44.13 43.8 37.63 44.59 43.91

Low

All 4.61 4.09 4.68 4.71 4.99 4.29 5 5.17 5.36 4.5 5.43 5.43
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O

English 46.76 39.74 48.87 50.89 49.64 42.64 51.46 54.43 50.95 43.77 53.59 56.39
Portuguese 28.36 24.17 28.09 28.53 29.29 26.24 27.24 27.78 29.73 24.59 27.19 28.79

Spanish 42.69 34.11 40.36 41.13 41.81 33.7 40.74 41.1 43.12 34.89 41.39 42.57
Russian 0.25 0 0.12 0.25 0.33 0.26 0.2 0.31 0.35 0 0.07 0.09
French 44.96 36.82 44.91 47.3 46.38 37.77 48.44 49.54 46.49 39.93 48.92 48.58
Chinese 0.07 0.05 0 0.16 0.14 0.12 0.06 0.06 0.07 0.22 0.09 0.18
Arabic 0 0 0 0 0 0 0 0 0 0 0 0

High

All 23.3 19.27 23.19 24.04 23.94 20.1 24.02 24.75 24.39 20.49 24.46 25.23
Turkish 20.67 16.4 21.51 21.33 23.61 20.37 22.64 22.92 22.82 18.88 24.68 25.7

Ukrainian 0 0 0 0 0.06 0.11 0 0 0 0.09 0 0
Bengali 0 0 0 0 0 0 0 0 0 0.05 0 0
Persian 0 0 0 0 0 0 0 0 0 0 0 0
Nepali 0 0 0 0 0 0 0 0 0 0 0 0
Urdu 0 0 0 0 0 0 0 0 0 0 0 0

Gujarati 0 0 0 0 0 0 0 0 0 0 0 0
Hindi 0 0 0 0 0 0 0 0 0 0 0 0

Marathi 0 0 0 0 0 0 0 0 0 0 0 0
Telugu 0 0 0 0 0 0 0 0 0 0 0 0
Tamil 0.15 0.12 0.18 0.13 0.15 0.12 0.09 0.2 0.15 0.18 0.18 0.13

Panjabi 0 0 0 0 0 0 0 0 0 0 0 0
Indonesian 42.83 35.88 42.63 42.98 43.51 35.85 42.98 44.49 44.53 36.74 43.86 45.94

Low

All 4.9 4.03 4.95 4.96 5.18 4.34 5.05 5.2 5.19 4.3 5.29 5.52

Table 15: Tags Words Evaluation : Flan-T5. Selected Content (Only Important Sentences).
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR
English 17.39 37.47 13.76 31.32 17.36 37.49 13.84 31.44 17.37 37.53 13.87 31.51

Portuguese 14.46 28.39 10.87 23.48 16.31 30.17 12.25 24.35 14.97 29.19 11.51 23.42
Spanish 16.79 31.63 13.35 28.71 16.79 31.8 13.26 29 16.6 31.51 13.33 28.69
Russian 15.32 28.01 9 19.39 15.14 27.65 8.86 19.11 15.89 28.32 9.53 19.8
French 16.75 33.26 12.56 26.13 15.59 32.31 11 26.09 16.12 33.09 12.06 26.32
Chinese 20.29 33.78 12.49 20.87 19.91 33.24 12.2 20.43 20.39 34.03 12.17 20.54
Arabic 22.62 34.19 18.6 26.98 20.67 31.56 15.89 25.38 20.68 32.65 15.22 25.93

High

All 17.66 32.39 12.95 25.27 17.4 32.03 12.47 25.11 17.43 32.33 12.53 25.17
Turkish 21.28 35.68 16.44 24.98 19.75 34.09 14.93 22.91 21.25 35.34 16.38 24.54

Ukrainian 15.13 27.71 8.35 18.42 15.53 28.05 8.74 18.87 15.71 28.43 8.78 18.75
Bengali 25.19 35.53 17.3 21.03 24.9 35.24 17.02 20.34 25.21 35.45 17.54 21
Persian 21.93 35.31 18.64 26.8 21.07 34.25 18.04 25.52 21.46 35.43 18.71 26.28
Nepali 22.7 33.97 17 19.83 24.64 35.39 18.46 22.02 23.94 34.56 17.81 21.47
Urdu 21.18 32.97 16.69 25.91 20.66 32.49 16.38 25.15 22.07 33.81 17.78 26.89

Gujarati 21.26 32.72 15.05 17.99 21.57 32.9 15.82 17.38 20.76 31.52 14.18 17.29
Hindi 22.54 34.44 17.75 26.08 20.82 33.12 15.92 24.02 21.95 34.18 17.38 25.62

Marathi 21.88 32.75 17.5 21.03 21.34 32.16 17.19 21.05 21.66 32.34 16.98 20.22
Telugu 20.22 31.75 15.73 19.65 19.26 30.47 14.91 18.71 18.62 29.99 14.7 18.38
Tamil 25.46 35.42 14.95 20.77 25.09 35.19 15.12 20.53 24.58 34.48 13.93 19.57

Panjabi 19.46 31.63 16.52 19.34 18.51 30.56 15.65 18.4 19.57 31.33 16.5 18.97
Indonesian 15.53 30.24 9.92 25.01 16.73 31.51 10.62 26.13 15.42 30.57 9.8 25.15

Low

All 21.06 33.09 15.53 22.06 20.76 32.72 15.29 21.62 20.94 32.88 15.42 21.86
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR

English 17.34 37.45 13.89 31.32 17.2 37.27 13.81 31.33 17.16 37.3 13.78 31.28
Portuguese 14.97 29.5 11.65 23.84 14.44 28.46 10.93 22.8 14.48 28.97 11 23.07

Spanish 17.47 32.37 14.03 29.49 17.1 31.78 13.61 29.2 16.96 31.84 13.59 28.98
Russian 16.3 29.03 9.82 20.31 15.47 27.88 9.09 19.38 16.18 28.77 9.58 20.22
French 15.56 32.46 12 26.52 15.92 32.77 11.89 26.74 16.03 33.16 12.34 26.75
Chinese 19.55 33.52 12.18 20.67 19.89 33.36 12.63 20.19 19.12 32.87 11.1 20.47
Arabic 22.57 33.54 16.89 27.11 22.03 34.24 16.68 27.04 20.58 32.49 15.67 25.82

High

All 17.68 32.55 12.92 25.61 17.44 32.25 12.66 25.24 17.22 32.2 12.44 25.23
Turkish 20.22 34.42 15.15 24.04 20.98 34.75 15.85 24.77 21.28 35.69 16.16 24.05

Ukrainian 15.39 28.02 8.68 18.74 15.96 28.35 8.92 19.06 16.55 29.12 9.33 19.36
Bengali 25.41 35.94 17.71 21.32 24.56 35.03 16.96 20.52 24.64 35.14 16.78 19.99
Persian 21.47 35.41 19.04 26.02 19.99 33.25 16.79 24.85 20.79 34.1 18.44 25.97
Nepali 22.84 33.72 17.01 20.28 23.96 34.99 17.42 21.04 23.8 34.56 17.85 21.5
Urdu 22.31 34.07 18.05 27.1 20.85 32.62 16.46 25.84 21.63 33.69 17.3 26.69

Gujarati 21.96 33.08 16.07 17.65 21.34 32.12 15.29 17.5 20.7 32.21 14.14 16.93
Hindi 22.62 35.34 17.37 25.57 21.64 34.12 16.47 24.77 20.96 33.68 15.64 24.72

Marathi 22.25 33.18 17.87 20.91 21.17 31.85 16.89 20.17 20.32 31.34 15.62 19.87
Telugu 19.33 31.13 15.07 19.04 19.47 31.15 14.99 18.59 19.65 31.24 15.22 19.28
Tamil 24.65 34.64 14.14 19.33 25.74 35.61 15.24 20.84 24.41 34.28 13.92 19.38

Panjabi 17.95 30.23 15.45 17.72 18.12 30.48 15.28 17.73 17.8 30.15 14.87 17.46
Indonesian 15.87 30.99 10.01 25.69 15.92 30.99 10.45 25.97 16.38 31.36 10.41 26.04

Low

All 20.94 33.09 15.51 21.8 20.75 32.72 15.15 21.67 20.69 32.81 15.05 21.63

Table 16: Headline Generation Evaluation : mt5. Selected Content (Important Sentences + Article).
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR
English 17.22 37 37.31 31.51 17.56 37.54 14.12 31.85 17.58 37.52 14.19 31.85

Portuguese 14.19 26.95 28.18 23.29 14.98 29.45 11.56 24.21 16.21 30.47 12.43 24.71
Spanish 17 29.93 31.91 29.09 16.96 32.05 13.4 29.06 17.12 32.04 14 29.06
Russian 15.27 26.2 28.04 19.21 15.42 28.03 8.99 19.51 15.47 28.33 9.37 19.84
French 16.67 32.13 32.89 26.24 15.99 32.49 11.82 26.88 16.71 33.42 12.14 27.22
Chinese 19.99 32.07 34.05 20.52 20 33.52 12.77 20.94 20.7 34.08 12.81 21.2
Arabic 21.68 32.84 33.16 27.82 19.95 32.26 16.39 26.41 20.18 32.09 15.24 25.34

High

All 17.43 31.02 32.22 25.38 17.27 32.19 12.72 25.55 17.71 32.56 12.88 25.6
Turkish 20.94 34.33 34.95 24.28 20.36 34.68 15.77 24.07 20.79 34.66 15.88 24.19

Ukrainian 15.28 26.36 28.08 18.89 15.99 28.69 9.09 19.34 16.08 28.67 9.19 19.48
Bengali 25.32 35.33 36.16 21.39 24.55 35.01 17.49 21.26 24.81 35.14 17.28 20.57
Persian 21.12 33.58 34.63 25.34 21.48 35.01 19 26.66 21.35 33.79 18.28 25.82
Nepali 22.8 32.88 33.57 20.47 24.57 35.43 19.11 22.07 24.21 35.15 17.79 21.33
Urdu 21.14 32.39 33.22 26.21 20.65 32.13 16.96 25.59 21.72 33.41 17.86 27.04

Gujarati 23.09 33.49 34.22 18.22 21.93 33.26 15.63 18.46 21.6 32.25 14.94 17.55
Hindi 21.63 32.55 33.89 24.59 21.79 34.28 16.8 24.54 22.59 34.99 17.87 25.84

Marathi 21.76 32.13 32.63 21.29 20.84 31.14 16.94 20.73 21.22 31.48 16.88 20.54
Telugu 19.6 29.46 31.21 19.07 19.34 30.95 14.93 19.05 18.69 30.28 14.65 17.98
Tamil 25.56 33.52 35.44 20.83 24.79 34.48 14.86 20.19 24.86 34.6 14.87 20.38

Panjabi 18.87 29.69 30.74 18.84 18.04 30.09 15.72 18.05 19.62 31.71 16.78 19.29
Indonesian 16.37 28.84 31.21 26.03 16.58 31.22 10.5 26.11 16.13 31.27 9.99 25.82

Low

All 21.04 31.89 33.07 21.96 20.84 32.8 15.6 22.01 21.05 32.88 15.56 21.99
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR

English 17.45 37.37 14.06 31.53 17.47 37.43 14.08 31.63 17.55 37.45 14.15 31.66
Portuguese 14.96 29.24 11.67 24.02 15.32 29.31 12.67 24.32 15.62 30.13 12.51 24.91

Spanish 17.76 32.69 14.4 29.84 16.84 31.75 13.57 29.12 17.27 31.91 13.99 29.55
Russian 15.96 28.58 9.79 20.22 15.81 28.46 9.41 20.06 16.1 28.41 9.84 20.26
French 16.42 32.8 11.9 26.86 16.78 33.09 12.6 27.4 16.99 33.63 12.35 26.83
Chinese 19.7 33.69 12.48 20.65 19.63 33.62 12.65 20.36 19.6 33.4 11.75 20.26
Arabic 22.37 34.21 17.45 27.98 21.66 33.69 17.09 27.73 21.13 33.48 16.55 27.06

High

All 17.8 32.65 13.11 25.87 17.64 32.48 13.15 25.8 20.6 32.69 15.17 21.69
Turkish 20.67 34.66 16.01 24.3 21.64 35.53 16.69 25.3 20.19 34.28 15.7 23.69

Ukrainian 15.52 28.27 8.81 19.27 15.86 28.4 8.93 19 16.7 29.11 9.6 19.7
Bengali 25.1 35.48 17.66 21.33 25.17 35.85 17.6 20.79 25.03 35.71 17.52 21.29
Persian 20.42 33.96 17.92 25.5 19.54 32.7 16.58 24.42 21.29 34.13 18.74 25.78
Nepali 23.17 34.13 17.79 21.03 23.53 34.89 17.82 21.11 24.02 35.29 18.01 21.31
Urdu 22.33 34.29 18.13 27.49 21.22 32.79 17.13 26.03 21.59 33.45 17.41 26.81

Gujarati 22.56 33.27 16.59 17.55 21.99 32.83 16.03 18.27 21.64 32.83 15.45 17.87
Hindi 22.1 34.64 17.47 25.06 21.26 33.84 16.02 23.93 20.71 33.52 15.41 23.93

Marathi 21.82 32.7 17.4 20.69 20.97 31.62 16.46 20.11 20.17 30.58 15.79 19.79
Telugu 18.71 30.61 14.47 17.93 19.11 31.21 15.21 19.21 18.66 30.45 14.24 18.22
Tamil 25.67 35.6 15.56 21.2 25.33 35.13 14.93 20.51 23.81 33.81 14.29 19.75

Panjabi 18.57 30.66 15.55 18.24 17.86 30.25 15.36 17.68 16.95 29.38 14.17 16.7
Indonesian 16.43 31.29 10.08 26.54 16.52 31.72 10.32 26.26 17.06 32.46 10.9 27.08

Low

All 21.01 33.04 15.65 22.01 20.77 32.83 15.31 21.74 20.6 32.69 15.17 21.69

Table 17: Headline Generation Evaluation : mT0. Selected Content (Important Sentences + Article).
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR
English 21.3 41.56 18.05 36.55 21.44 41.65 18.21 36.85 21.69 41.85 18.43 37.09

Portuguese 11.5 25.44 9.77 20.7 12.4 27.04 9.77 21.85 12.85 27.59 9.59 21.67
Spanish 15.63 30.5 12.74 27.92 15.62 30.8 12.79 27.92 15.93 30.81 13.17 28.31
Russian 1.93 12.71 1.06 8.83 2.12 12.89 1.03 9.07 2.03 12.98 0.78 9.05
French 17.62 34.63 13.8 28.66 17.51 34.37 14.16 28.77 17.14 34.04 12.86 28.1
Chinese 0.4 10.88 0.01 21.63 0.49 11.01 0.01 22.14 0.51 10.98 0.01 22.01
Arabic 0.24 9.49 0 5.83 0.22 10.22 0 5.81 0.22 10.12 0 5.95

High

All 9.8 23.6 7.92 21.45 9.97 24 8 21.77 10.05 24.05 7.83 21.74
Turkish 11.31 24.3 8.13 13.53 12.07 25.98 8.26 14.45 11.91 24.91 8.53 14.66

Ukrainian 1.31 11.63 0.3 8.06 1.47 11.66 0.39 8.18 1.44 11.81 0.4 8.28
Bengali 0.86 8.72 0 7 0.78 8.73 0 6.39 0.8 8.8 0 7.14
Persian 0.82 11.99 0 4.62 0.86 12.45 0 4.55 0.84 12.33 0 4.55
Nepali 1.11 9.92 0.03 7.42 1.08 9.91 0.01 7.17 1.11 9.73 0.04 7.42
Urdu 0.39 11.22 0 6.86 0.34 11.28 0 6.9 0.27 10.89 0 6.92

Gujarati 1.15 9.49 0.11 8.61 1.29 9.76 0 8.78 1.14 9.47 0 8.31
Hindi 0.39 10.4 0 5.59 0.64 10.55 0 5.77 0.75 10.91 0 6.14

Marathi 1.23 12.15 0.16 8.8 1.21 11.88 0.04 8.72 1.37 12.16 0.13 9.04
Telugu 3.05 13 0.05 9.48 3.02 12.77 0.1 9.62 2.97 13.09 0.12 9.61
Tamil 0.37 8.89 0 8.24 0.41 9.03 0 8.54 0.42 8.85 0 8.37

Panjabi 0.39 10.08 0.01 6.04 0.29 10.04 0.01 5.86 0.31 10.04 0 5.99
Indonesian 12.8 27.35 7.79 22.65 13.55 28.05 8.62 22.92 13.33 27.86 8.42 22.67

Low

All 2.71 13.01 1.28 8.99 2.85 13.24 1.34 9.07 2.82 13.14 1.36 9.16
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages R2 RL BLEU METEOR R2 RL BLEU METEOR R2 RL BLEU METEOR

English 21.39 41.6 17.94 36.57 21.51 41.67 18.26 36.79 21.31 41.31 18 36.42
Portuguese 10.81 25.72 8.56 20.64 13.09 27.25 11.01 22.64 10.93 25.21 8.45 20.35

Spanish 15.8 30.85 12.98 27.88 15.88 30.56 12.92 28.4 15.11 30.03 12.55 27.42
Russian 1.91 12.78 1.23 8.97 2.18 13.16 1.25 9.12 2.16 13.18 1.17 9.07
French 17.02 33.93 13.59 27.42 15.92 32.7 12.81 27.86 17.41 34.05 13.76 29
Chinese 0.43 10.86 0 21.71 0.45 10.93 0.01 22.04 0.53 11.09 0.01 22.18
Arabic 0.38 10.36 0 5.92 0.29 10.18 0 6.31 0.24 10.27 0 6.08

High

All 9.68 23.73 7.76 21.3 9.9 23.78 8.04 21.88 9.67 23.59 7.71 21.5
Turkish 12.2 25.94 8.32 14.45 12.39 25.8 8.75 14.81 12.52 25.86 8.79 14.86

Ukrainian 1.36 12.01 0.25 8.19 1.24 11.85 0.42 7.97 1.39 11.66 0.38 8.03
Bengali 0.94 8.49 0 7.73 0.67 8.6 0 6.18 0.84 8.5 0 7.5
Persian 0.77 11.97 0 4.68 0.76 11.56 0 4.89 0.82 12.31 0 4.63
Nepali 1.02 9.43 0.04 7.23 1.08 9.81 0.02 6.77 1.09 9.96 0.02 6.86
Urdu 0.45 11.73 0 7.16 0.26 11.22 0 6.95 0.24 11.07 0 6.96

Gujarati 1.47 9.86 0.1 9.4 1.02 9.46 0.03 8.31 1.19 9.59 0.03 8.66
Hindi 0.59 10.43 0 5.63 0.67 10.57 0 5.75 0.85 10.45 0 6

Marathi 1.84 12.58 0.18 9.54 1.47 12.05 0.08 8.76 1.56 12.25 0.3 9.05
Telugu 3.46 13.16 0.08 9.71 3.45 13.25 0.02 9.91 3.39 13.3 0.16 9.7
Tamil 0.49 9.06 0.04 8.52 0.41 8.86 0.05 8.39 0.54 9.18 0.05 8.67

Panjabi 0.36 9.82 0.01 6 0.34 9.88 0.01 5.81 0.38 9.81 0.02 6
Indonesian 12.9 27.24 8.15 22.56 13.24 27.67 8.18 22.93 13.35 27.97 8.26 22.77

Low

All 2.91 13.21 1.32 9.29 2.85 13.12 1.35 9.03 2.94 13.22 1.39 9.21

Table 18: Headline Generation Evaluation : Flan-T5. Selected Content (Important Sentences + Article)
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O
English 48.37 41.46 49.82 52.35 48.36 41.47 50.16 52.49 48.45 41.41 49.79 52.52

Portuguese 51.4 48.74 48.34 51.66 50.37 49.13 48.28 51.3 51.28 49.39 49.19 51.68
Spanish 56.6 53.43 55.22 58.63 56.38 52.86 54.93 57.98 57.03 53.05 55.26 58.55
Russian 57.68 52.3 56.93 58.72 57.57 52.63 56.94 58.61 57.97 53.17 57.37 59.32
French 49.04 41.56 50.85 51.36 48.68 40.7 51.26 51.48 48.62 41.6 52.55 51.65
Chinese 48.16 48.5 47.88 50.33 47.71 48.96 48.09 49.92 48.72 48.79 47.74 49.71
Arabic 40.65 40.69 40.87 41.95 40.46 40.74 41.06 41.73 41.51 40.34 40.98 41.26

High

All 50.27 46.67 49.99 52.14 49.93 46.64 50.1 51.93 50.51 46.82 50.41 52.1
Turkish 53.25 48 51.51 53.73 54.67 48.03 52.32 55.77 54.44 47.09 50.9 52.4

Ukrainian 53.87 50.91 52.41 54.79 54.19 51.31 52.7 54.82 53.84 50.84 53.13 54.69
Bengali 50.5 43.67 51.66 52.52 49.24 43.74 50.67 51.08 49.76 42.96 51.64 52.03
Persian 49.97 41.37 50.23 52.01 50.09 41.77 50.51 53.3 49.78 41.41 50.78 52.01
Nepali 51.37 45.87 51.43 51.88 50.99 45.92 50.73 51.55 51.76 46.56 50.64 53.11
Urdu 50.1 45.15 47.24 49.65 49.86 44.82 47.68 49.63 52.06 45.3 49.5 51.14

Gujarati 30.89 26.9 28.78 28.45 29.72 27.29 28.31 29.32 29.8 27.27 30.12 28.93
Hindi 36.52 34.27 34.92 35.61 36.82 33.76 34.81 36.75 38.32 33.58 35.58 37.88

Marathi 32.15 33.61 32.21 33.34 31.83 32.63 31.56 32.56 32.28 33.24 32.02 33.83
Telugu 35.52 34.68 34.96 35.59 35.11 34.27 33.86 34.71 35.94 33.76 33.92 35.32
Tamil 42.77 40.31 41.29 43.78 43.27 40.77 42.13 44.31 43.45 39.81 41.38 43.39

Panjabi 31.19 24.69 26.57 25.92 32.84 25.09 26.55 26.41 32.66 26.61 28.5 28.76
Indonesian 54.84 47.87 54.15 55.18 54.62 47.05 53.56 55.61 53.77 47.71 53.1 54.88

Low

All 44.07 39.79 42.87 44.03 44.1 39.73 42.72 44.29 44.45 39.7 43.17 44.49
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O

English 48.01 41.16 49.61 51.98 48.24 41.35 49.51 52.07 48.29 41.28 49.63 52.41
Portuguese 50.57 47.36 47.06 52.17 51.14 50.58 48.72 52.46 52.79 48.69 49.82 51.7

Spanish 57.32 52.79 55.34 58.74 57.15 53.11 55.45 58.8 57.43 53.67 55.09 58.84
Russian 58.12 52.93 57.36 59.38 59.3 53.59 58.28 59.89 58.62 53.31 57.56 59.79
French 48.02 40.81 48.64 50.5 48.72 41.22 51.52 51.57 49.67 41.81 48.9 51.43
Chinese 48.28 48.69 47.64 50.62 49.18 49.01 47.94 50.7 48.33 49.02 47.68 50.19
Arabic 42.77 40.99 41.54 43.3 40.85 41.57 41.03 42.02 42.14 41.76 41.94 43.46

High

All 50.44 46.39 49.6 52.38 50.65 47.2 50.35 52.5 51.04 47.08 50.09 52.55
Turkish 55.94 49.08 52.04 53.57 53.48 47.42 50.25 53.4 55.59 48.21 50.44 53.86

Ukrainian 54.74 51.03 52.16 55.36 54.72 51.46 52.99 55.78 54.61 51.14 52.55 55.81
Bengali 50.52 43.2 50.63 51.36 49.52 42.83 50.66 50.53 49.53 42.78 49.89 51.25
Persian 49.99 41.01 50.6 51.47 49.68 41.44 51.07 52.27 49.99 42.28 50.74 52.14
Nepali 52.54 45.75 50.43 51.65 53.47 46.22 52.21 53.65 53.41 46.13 51.97 53.75
Urdu 50.62 44.9 46.9 49.83 51.14 46.03 49.55 51.1 50.07 45.08 47.5 50.72

Gujarati 31.36 28.11 29.95 30.3 29.54 27.89 27.4 28.89 29.99 26.17 28.49 29.19
Hindi 37.92 33.92 37.13 37.9 38.5 34.11 35.24 37.33 37.3 33.27 36.05 37.8

Marathi 32.74 32.24 31.78 32.86 33.57 33.74 33 33.7 32.85 33.96 32.39 32.85
Telugu 35.87 34.31 36.36 36.01 36.08 34.54 34.72 35.93 36.53 34.18 34.73 35.57
Tamil 44.37 41.29 41.22 44.93 42.9 41.71 41.75 43.87 43.3 40.55 40.89 43.35

Panjabi 32.32 25.96 28.17 27.09 32.99 26.69 29.48 29.12 32.3 28.2 27.93 28.79
Indonesian 54.05 48.46 53.92 54.93 53.82 48.27 52.95 54.94 54.88 48.39 53.39 56.14

Low

All 44.84 39.94 43.18 44.4 44.57 40.18 43.17 44.65 44.64 40.03 42.84 44.71

Table 19: Tags Words Evaluation : mT5. Selected Content (Important Sentences + Article)
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O
English 48.27 41.36 49.74 52.04 48.28 41.48 49.39 51.99 48.23 41.51 49.6 52.23

Portuguese 54.58 50.9 51.58 53.56 51.3 50.46 48.04 52.33 53.11 49.62 50.43 53.33
Spanish 56.77 52.72 55.2 58.35 56.85 52.88 55.48 58.67 57.48 53.25 55.67 59.28
Russian 57.97 53.11 57.34 58.92 58.06 53.41 57.19 59.24 58.69 53.17 57.44 59.4
French 49.01 39.99 50.65 52.59 47.67 40.59 49.63 51.92 49.16 40.64 50.53 52.26
Chinese 48.81 47.93 48.08 50.65 48.96 48.85 48.82 49.8 49.12 49.45 48.36 50.07
Arabic 40.53 39.19 39.47 41.01 40.78 38.52 39.82 40.76 41.08 40.94 41.14 41.7

High

All 50.85 46.46 50.29 52.45 50.27 46.6 49.77 52.1 50.98 46.94 50.45 52.61
Turkish 55.92 47.53 52.52 54.51 54.32 48.13 51.52 54.76 53.81 48.44 50.29 52.88

Ukrainian 54.79 51.09 52.34 55.13 54.34 50.94 52.35 55.58 54.28 51.07 52.4 55.81
Bengali 49.78 42.97 50.91 51.2 50.72 42.69 51.67 52.04 50.16 43.01 51.47 51.63
Persian 50.47 40.31 51.58 53.02 48.31 39.63 48.98 50.87 49.59 40.95 50.38 51.67
Nepali 52.27 44.01 48.45 51 52.2 46.1 49.19 51.8 52.56 44.77 49.36 52.37
Urdu 49.65 45.02 47.31 50.28 50.26 45.61 46.85 49.88 50.11 45.15 47.71 49.43

Gujarati 30.8 29.08 28.78 30.05 29.32 28.14 27.73 27.96 31.96 29.48 29.85 30.69
Hindi 36.25 32.39 34.89 36.32 35.68 32.63 32.69 35.89 36.53 32.69 34.76 35.91

Marathi 32.32 32.67 30.71 32.33 33.18 33.71 32.34 33.75 32.51 33.03 31.17 32.11
Telugu 35.79 35.58 35.61 36.61 34.31 33.94 33.42 33.55 35.17 35.6 35.19 35.4
Tamil 43.38 40.14 40.71 43.63 43.57 41.14 40.86 44.11 43.73 40.67 41.9 44.35

Panjabi 31.22 25.57 25.87 26.85 32.77 26.42 26.35 28.61 32.12 25.56 28.37 28.49
Indonesian 54.15 47.51 53.75 55.37 54.34 48.51 53.18 54.54 55.04 48.69 52.71 54.95

Low

All 44.37 39.53 42.57 44.33 44.1 39.81 42.09 44.1 44.43 39.93 42.74 44.28
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O

English 48.02 41.37 49.16 51.95 48.29 41.45 49.44 51.96 48.03 41.41 49.62 52.17
Portuguese 53.11 49.66 51.26 53.51 54.19 51.3 51.72 53.41 53.28 51.92 51.38 54.13

Spanish 57.74 52.82 56.14 59.27 57.37 53.2 56.42 59.34 57.88 54.05 56.17 58.9
Russian 58.69 53.5 57.49 60.16 58.83 53.75 57.75 60.34 58.85 53.78 57.42 60.32
French 47.96 40.73 50.19 50.87 48.36 41.79 50.18 50.75 47.44 39.41 48.92 49.82
Chinese 49.11 48.72 48.34 50.99 48.46 49.18 47.42 50.8 49.14 49.25 46.95 49.67
Arabic 41.19 39.98 39.28 41.2 40.47 40.06 40.89 41.57 43.34 40.84 42.88 42.56

High

All 50.83 46.68 50.27 52.56 50.85 47.25 50.55 52.6 51.14 47.24 50.48 52.51
Turkish 53.46 47.99 50.53 54.23 54.6 48.1 52.84 53.85 53.36 47.57 52.19 54.2

Ukrainian 53.85 50.72 52.41 54.96 53.58 50.58 51.7 55.07 55.25 50.76 53.3 55.33
Bengali 50.29 42.84 50.9 51.24 50.52 42.68 50.57 51.44 49.62 42.64 49.67 50.58
Persian 48.91 41.11 50.83 51.85 49.56 42.52 51.07 53.22 49.44 41.14 50.14 51.72
Nepali 51.31 44.2 49.45 51.83 53.8 46.53 50.24 52.93 51.25 44.96 49.06 51.03
Urdu 51 44.54 47.75 50.91 51.25 46.31 48.07 52.05 50.91 45.06 47.3 49.77

Gujarati 31.23 28.54 28.93 29.8 31.7 27.84 29.2 30.33 31.21 27.39 28.61 29.93
Hindi 37.17 33.18 35.36 36.46 36.77 33.77 36.00 36.53 37.61 33.02 34.24 36.06

Marathi 32.88 33.76 31.49 32.81 34.27 34.42 31.87 33.84 34.79 33.84 33.2 34.12
Telugu 35.27 34.68 34.8 36.38 36.32 34.88 35.52 36.33 35.86 35 34.95 36.3
Tamil 44.87 40.92 41.36 45.05 43.35 40.21 41.54 43.87 43.89 41.26 41.1 43.96

Panjabi 32.83 26.56 27.57 27.46 33.59 27.25 27.54 28.15 32.79 26.34 29.09 28.86
Indonesian 54.05 47.38 54.4 55.93 54.63 48.58 53.97 57.17 55.31 48.9 54.21 57.5

Low

All 44.39 39.72 42.75 44.53 44.92 40.28 43.09 44.98 44.71 39.84 42.85 44.57

Table 20: Tags Words Evaluation : mT0. Selected Content (Important Sentences + Article)
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Text (Caption)
-w/C (K=5) -w/C (K=10) -w/C (K=15)

Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O
English 50.91 44.03 53.64 56.42 50.92 44.08 53.9 56.23 50.86 44.28 53.93 56.47

Portuguese 25.87 23.52 25.38 26.06 27.8 24.13 26.17 26.48 27.93 24.84 27.75 28.48
Spanish 43.23 33.51 40.24 41.55 42.74 33.61 40.26 41.99 41.22 32.16 39.45 40.39
Russian 0.16 0.2 0.09 0.12 0.29 0.12 0.2 0.27 0.19 0.13 0.09 0.16
French 46.62 38.06 47.51 49.14 46.96 39.28 48.49 50.53 48.3 39.96 48.45 50.23
Chinese 0.22 0.23 0.16 0.27 0.19 0.15 0.13 0.17 0.14 0.18 0.12 0.22
Arabic 0 0 0 0 0 0 0 0 0 0 0 0

High

All 23.86 19.94 23.86 24.79 24.13 20.2 24.16 25.1 24.09 20.22 24.26 25.14
Turkish 19.36 18.05 20.01 20.22 22.41 21.68 23.37 22.49 24.1 21.09 23.68 25.23

Ukrainian 0 0 0 0 0 0 0 0 0 0 0 0
Bengali 0.07 0.07 0.08 0.08 0.07 0.07 0 0 0.07 0.07 0.08 0.08
Persian 0 0 0 0 0 0 0 0 0 0 0 0
Nepali 0 0 0 0 0 0 0 0 0 0 0 0
Urdu 0 0 0 0 0 0 0 0 0 0 0 0

Gujarati 0 0 0 0 0 0 0 0 0 0 0 0
Hindi 0 0 0 0 0 0 0 0 0 0 0 0

Marathi 0 0.07 0.09 0 0 0 0 0 0 0.07 0.08 0
Telugu 0 0 0 0 0 0 0 0 0 0 0 0
Tamil 0.15 0.12 0.09 0.13 0.15 0.15 0.18 0.2 0.15 0.07 0.09 0.07

Panjabi 0 0 0 0 0 0 0 0 0 0 0 0
Indonesian 44.28 37.35 44.65 45.82 44.22 37.94 44.9 46.4 43.02 36.75 43.61 44.33

Low

All 4.91 4.28 4.99 5.1 5.14 4.6 5.27 5.31 5.18 4.47 5.2 5.36
Visual (Image)

-w/I (K=5) -w/I (K=10) -w/I (K=15)
Resources Languages F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O F1@3 F1@5 F1@M F1@O

English 50.82 43.95 53.86 56.16 50.97 44.14 53.74 56.2 51.05 44.05 54.22 56.57
Portuguese 27.92 27.84 25.8 27.39 27.61 25.63 26.39 27.77 27.2 25.09 25.43 26.12

Spanish 44.49 34.18 41.62 42.02 43.65 35.13 41.47 42.7 42.27 33.52 40.37 41.72
Russian 0.18 0.1 0.17 0.16 0.32 0.09 0.09 0.09 0.04 0.08 0.04 0.07
French 47.92 37.53 48.42 47.91 46.82 39.32 48.44 49.7 47.05 38.62 48.42 49.48
Chinese 0.16 0.17 0.07 0.3 0.07 0.11 0.09 0.12 0.18 0.2 0.21 0.24
Arabic 0 0 0 0 0 0 0 0 0 0 0 0

High

All 24.5 20.54 24.28 24.85 24.21 20.63 24.32 25.23 23.97 20.22 24.1 24.89
Turkish 23.1 19.42 23.72 23.51 20.39 18.85 21.31 20.17 22.77 18.61 21.94 23.56

Ukrainian 0 0 0 0 0 0 0 0 0 0 0 0
Bengali 0 0.07 0 0 0.07 0.07 0.08 0.08 0.07 0.05 0.08 0.08
Persian 0 0 0 0 0 0 0 0 0 0 0 0
Nepali 0 0 0 0 0 0 0 0 0 0 0 0
Urdu 0 0 0 0 0 0 0 0 0 0 0 0

Gujarati 0 0 0 0 0 0 0 0 0 0 0 0
Hindi 0 0 0 0 0 0 0 0 0 0 0 0

Marathi 0 0 0 0 0 0 0 0 0 0 0 0
Telugu 0 0 0 0 0 0 0 0 0 0 0 0
Tamil 0.15 0.12 0.09 0.13 0.15 0.18 0.09 0.2 0.09 0.06 0.09 0.07

Panjabi 0 0 0 0 0 0 0 0 0 0 0 0
Indonesian 45.52 37.25 44.52 47.01 44.51 37.94 44.91 46.08 46.35 37.79 45.23 47.27

Low

All 5.29 4.37 5.26 5.43 5.01 4.39 5.11 5.12 5.33 4.35 5.18 5.46

Table 21: Tags Words Evaluation : Flan-T5. Selected Content (Important Sentences + Article)
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