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Abstract
The goal of news image captioning is to generate captions by integrating news article content with corresponding

images, highlighting the relationship between textual context and visual elements.

The majority of research

on news image captioning focuses on English, primarily because datasets in other languages are scarce. To
address this limitation, we create the first multilingual news image captioning benchmark, MUNIChus,
comprising 9 languages, including several low-resource languages such as Sinhala and Urdu. We evaluate various
state-of-the-art neural news image captioning models on MUNIChus and find that news image captioning remains
challenging. We also make MUNIChus publicly available with over 20 models already benchmarked. MUNIChus
opens new avenues for further advancements in developing and evaluating multilingual news image captioning models.

Keywords: News Image Captioning, Multimodal Large Language Models, Text Generation

1. Introduction

Image captioning is a task that bridges language
and vision (Liu et al., 2021), where the goal is to
generate a semantically accurate description of
the visual content in a syntactically correct man-
ner (Stefanini et al., 2023; Xu et al., 2023a). Im-
age captioning can have profound impacts, particu-
larly in assisting visually impaired individuals by en-
abling a better understanding of the content within
an image (Daneshfar et al., 2024). Therefore, the
task has attracted significant interest and achieved
notable advancements in recent years (Ghandi
et al., 2023). The recent introduction of multimodal
large language models (MLLMs) (Liang et al., 2024;
Caffagni et al., 2024; Xiao et al., 2025) has fu-
elled the development of image captioning mod-
els and provided state-of-the-art results (Agarwal
and Verma, 2024; Stefanini et al., 2023). Further-
more, MLLMs have also been leveraged for multilin-
gual image captioning, expanding their applicability
across diverse linguistic contexts (Ramos et al.,
2023; Farabi et al., 2024).

News image captioning, a variant of the image
captioning task, requires generating an informative
caption, rich in entities such as the names of people
or news events, based on the provided news image
and associated news article (Rajakumar Kalarani
et al., 2023). Typically, a news image illustrates a
portion of the article, with the caption linking the
image content to the article. Ideally, readers should
grasp the article’s essence by simply browsing its
images and their captions (Qu et al., 2024).

Generic image captions are different to news im-
age captions as they are descriptive rather than
interpretative, and referents to objects are generic
rather than specific (Liu et al., 2021). For exam-

News Image Caption:

Michelle O’Neill attended the
Belfast ceremony alongside

Deputy First Minister Emma
Little-Pengelly of the Democratic
Unionist Party (DUP).

Generic Image Caption:
A crowd of people standing
around each other.

News Image Caption:

Maren Mjelde won the Women’s
Super League in her final
season with Chelsea.

Generic Image Caption:

A woman holding a trophy in

. - front of a crowd.

Figure 1: Comparison of news and generic image
captions for two different images. The generic im-
age captions were generated by BLIP (Li et al.,
2022).

ple, while a caption such as “A crowd of people
standing around each other” properly describes the
image in Figure 1a, it fails to capture the underlying
context that is taking place in this picture, such as
“Why are the people standing together, and who
are they?”. Similarly, in Figure 1b, the generic cap-
tion “A woman holding a trophy in front of a crowd”
offers a basic description but omits the specific sig-
nificance conveyed by the news caption “Maren
Mjelde won the Women’s Super League in her final
season with Chelsea,” such as the identity of the
woman and the event’s importance. Consequently,
news image captioning models adopt distinct ap-
proaches compared to generic image captioning
models, often integrating news content as an input
to better contextualise the visual information.
Over the years, researchers have introduced
several benchmark datasets, such as VisuaL
NEws (Liu et al., 2021), NYTimMes8o0k (Tran et al.,
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Arabic Chinese English French

Hindi lindonesian ' Japanese I Sinhala 1 Urdu All

Afro-Asiatic

Family Sino-Tibetan*

(Semitic) (Germanic) (Romance)

|Train| 5119 9,389 79,195 10,247
|Test| 999 999 1,000 999

Unique Articles 2,289 2,922 38,558 2,853
Avg Images/Article 2.67 3.56 2.08 3.94

Avg Content Tokens 1,010 1,519 461 1,510
Avg Caption Tokens 12.70 17.28 13.66 17.23
Avg Title Tokens 10.85 14.38 7.76 14.23

Indo-European  Indo-European  Indo-European
(Indo-Aryan)

Japonic!  INdo-European  Indo-European

Austronesian (Indo-Aryan) (Indo-Aryan)

12,566 12,137 7,641 2,418 6,602 145,314
1,000 1,000 1,000 998 998 8,993
2,760 1,952 3,805 1,046 2,478 58,663
4.92 6.73 227 3.27 3.07 3.61
1,968 1,794 1,287 1,194 1,792 1,412
12.32 16.24 20.63 16.39 15.68 15.98
14.03 14.35 18.12 10.16 18.28 13.68

Table 1: Dataset statistics for MUNIChus across nine languages showing language family, number of
images in train/test splits, unique articles, and average token counts for images per article, content,
captions, and titles. Languages are categorized as high-resource I, mid-resource , and low-resource I
following Joshi et al. (2020). *Chinese tokenised using Jieba. fJapanese tokenised using MeCab.

2020), and GoobNews (Biten et al., 2019) to per-
form news image captioning. However, these
datasets are exclusively focused on English, lim-
iting the scope of existing news image captioning
models, which have been trained and evaluated
solely in English, hindering progress in adapting
such models to other languages. While techniques
such as multilingual (Ramos et al., 2023; Kim et al.,
2023; Xu et al., 2023b) and cross-lingual learn-
ing (Wu etal., 2023b; Chen et al., 2021; Zhang et al.,
2024) have shown promise in improving generic
image captioning, particularly for low-resource lan-
guages, they remain largely unexplored in the news
domain due to the absence of multilingual datasets.

To address this gap, our work introduces MU-
NIChus, the first multilingual news image caption-
ing benchmark. MUNIChus comprises more than
700,000 news images, each accompanied by the
news article, article headline and a corresponding
caption. MUNIChus spans over 9 languages, in-
cluding several low-resource languages such as
Sinhala (De Silva, 2019; Hettiarachchi et al., 2024;
Ranasinghe et al., 2025b) and Urdu . The main
contributions of this work can be summarised as:

1. We release MUNIChus, the first multilingual
news image captioning benchmark!. This is
the largest publicly available news image cap-
tioning dataset, covering over 700,000 news
images across diverse language families. MU-
NIChus compromises of 9 languages includ-
ing three low-resource languages according
to Joshi et al. (2020).

2. We evaluate more than 20 models on MU-
NIChus, including state-of-the-art MLLMs and
generic image captioning models. We show
that multilingual news image captioning re-
mains a challenging task despite advances
in MLLMs, even in high-resource languages.

'"The dataset is available in HuggingFace fol-
lowing https://huggingface.co/datasets/
tharindu/MUNIChus

2. MUNIChus: Multilingual News
Image Captionning Benchmark

We first present the data collection methodology
we used, followed by a detailed statistical analysis
of MUNIChus.

MUNIChus comprises images, corresponding
news articles, captions, news article headlines
and associated metadata obtained from the British
Broadcasting Corporation (BBC). We selected BBC
as the data source due to its rigorous editorial char-
ter. Moreover, the BBC’s extensive international
presence ensures comprehensive coverage across
a wide range of topics and languages. Owing to
these qualities, BBC news content has also been
widely utilised in the construction of several NLP
datasets such as x1.-sum (Hasan et al., 2021).

We developed a Python-based scraper to collect
BBC news articles in the languages listed in Table 1,
published before December 31, 2024. To ensure
data quality, we first removed images with a height
or width of less than 180 pixels. Next, we retained
only those examples whose captions contain more
than three words. While our experiments utilise only
images and articles, the MUNIChus also provides
additional metadata, such as article titles, which
can be used in future studies.

As shown in Table 1, the final dataset consisted
of 145,314 training images and 8,993 test im-
ages across nine languages, sourced from 58,663
unique BBC news articles. English contributes the
most to the corpus, with over 79,000 training im-
ages and 38, 000 unique articles. The average con-
tent length varies widely across languages, ranging
from 461 tokens in English to 1,968 in Hindi. Fur-
thermore, the average number of images per article
also shows considerable variation, with Indonesian
having the highest density at 6.73 images per ar-
ticle, while English has the lowest at 2.08 images
per article. The corpus exhibits diversity in caption
and title lengths as well, with Japanese having the
longest captions (20.63 tokens on average) and ti-
tles (18.12 tokens on average), while English has
the shortest titles (7.76 tokens on average).
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You are writing a caption for a newspaper image.

Given the image and this news article excerpt:

[News content]

Task: Write a concise,

Guidelines:
- Write in {language} language only
- Keep it brief

— Identify and include:

people’s names,

informative caption for this image in {language}.

locations, and organisations

— Connect what you see in the image to the news context

— Use journalistic style (factual,

clear,

objective)

- Focus on the main subject of the image

Caption in {language}:

Figure 2: Prompt template used for zero-shot image captioning. The {language} placeholder is replaced
with the target language name (e.g., “English”, “Arabic”) at inference time.

2.1,

We employed BLEU-4 (Papineni et al., 2002) and
CIDEr (Oliveira dos Santos et al., 2021) as the
primary evaluation metrics for assessing models
on MUNIChus, comparing each generated caption
against its corresponding reference caption. These
metrics have been widely adopted in previous news
image captioning studies (Liu et al., 2021; Qu et al.,
2024). Although more advanced metrics such as
BERTScore (Zhang* et al., 2020) and BLEURT (Sel-
lam et al., 2020) have been proposed for text gen-
eration tasks, they lack support for Sinhala and
Urdu. Since our goal was to provide a comprehen-
sive evaluation across all languages in MUNIChus,
we restricted our evaluation to BLEU-4 and CIDEr.
Additionally, prior work (Liu et al., 2021; Qu et al.,
2024) has proposed entity retrieval metrics that
assess the overlap of named entities between gen-
erated and reference captions. While this approach
offers valuable insights into factual consistency, its
implementation requires robust named entity recog-
nition (NER) models. Given the limited availability
and suboptimal performance of NER systems for
low-resource languages such as Sinhala and Urdu,
particularly within the news domain, we did not in-
corporate this metric in our evaluation framework.

Evaluation

3. Methodology

Following recent advances in NLP, we evaluated
several MLLMs for generating news image captions
on MUNIChus using two approaches: (i) prompt-
based generation (§3.1) and (ii) instruction fine-
tuning (§3.2) described below.

For Chinese and Japanese, we applied
language-specific word segmentation before
computing BLEU-4 (Papineni et al., 2002) and
CIDEr (Oliveira dos Santos et al., 2021) scores,
as these languages lack explicit word boundaries.

We used Jieba for Chinese word segmentation,
and MeCab for Japanese morphological analysis.
Both model predictions and reference captions
were tokenised before metric calculation to enable
proper word-level n-gram matching.

3.1. Prompt-based Generation

We used the following three different prompts to
generate the image captions.

3.1.1. Zero-shot

In the zero-shot setting, as illustrated in Figure 2,
models received only the task instruction and the
news article context without any example captions.
The prompt explicitly specified the target language
and provided guidelines for generating journalistic
captions, including instructions to keep captions
concise, identify key entities (people, locations, or-
ganisations), maintain factual accuracy, and con-
nect visual content to the news context. This ap-
proach tests the model’s ability to perform multilin-
gual image captioning solely from its pre-training,
without task-specific data.

3.1.2. Random Few-shot

For the random few-shot condition, we augmented
each query with three randomly sampled examples
from the same language’s training set. Each exam-
ple consisted of an image, its corresponding news
article excerpt, and the reference caption. These
examples were prepended to the test query to pro-
vide the model with in-context learning examples.
The random selection ensures that examples are
representative of the overall distribution but may
not be semantically related to the test instance.
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3.1.3. Similar Few-shot

In the similar few-shot setting, we selected three
examples that were most semantically similar to the
test instance. We computed similarity by encoding
images using the nomic-embed-vision-v1.5
vision encoder (Nussbaum et al., 2024) and retriev-
ing the three training instances with the highest
cosine similarity to the test image embedding. This
retrieval-augmented approach provides more con-
textually relevant examples than random selection,
potentially enabling better adaptation to the spe-
cific characteristics of each test instance through
in-context learning, and has been shown to produce
better results in many tasks (Xia et al., 2024; Mathur
et al., 2024; Basnet et al., 2025). The retrieved
examples, along with their corresponding news arti-
cles and reference captions, were prepended to the
test query following the same format as the random
few-shot condition.

3.2. Instruction Fine-tuning

We fine-tuned aya-vision-8b and Llama-
3.2-11B-Vision-Instruct using TRLs SFT-
Trainer under a QLoRA+LoRA setup. For both
models, we load the base backbone in 4-bit
NF4 quantisation with double quantisation and
bf1l6 computation, then prepare it for k-bit train-
ing before injecting the LoRA adapters. We
configure LoRA with rank r = 64, o = 32,
dropout = 0.1, and bias=none, and apply it
to the standard attention and MLP projection
modules (q_proj, k_proj, v_proj, o_proj,
gate_proij, up_proj, down_proj).

For data preparation, we use model-specific
collators to construct chat-formatted multimodal
training instances. These collators mask user-
side prompt tokens and padding tokens with —100
so that the training loss is computed only over
assistant-side target tokens. Training uses bf16
precision with gradient checkpointing, no sequence
packing, and a maximum sequence length of 4096
tokens.

We run optimisation for one epoch with a per-
device batch size of 1 and gradient accumulation
of 16. We use fused AdamW with a learning rate of
1.5e — 4, cosine learning-rate decay, a warmup ratio
of 0.03, weight decay of 1e — 6, and gradient clip-
ping at 0.3. We save checkpoints every 500 steps
(retaining the two most recent checkpoints) and
log training metrics every 50 steps. After training,
we save the learned LoRA adapters and merge
them into the corresponding base model, yielding
a standalone checkpoint for deployment.

3.3. Baselines

We also employed two general image captioning
baselines. We fed the image and generated En-
glish captions using BLIP (Li et al., 2022), then
translated them into the required language using
NLLB (Costa-Jussa et al., 2022). As the sec-
ond baseline, we used PaliGemma-3b, a state-of-
the-art multilingual image captioning model (Beyer
et al., 2024).

4. Results

Table 2 shows the results for the approaches above
when evaluated in the MUNIChus test sets. Overall,
instruction fine-tuning substantially outperforms all
prompting-based strategies. Fine-tuned Llama-
3.2-11B achieves the highest overall BLEU-4
score of 8.40, while fine-tuned Aya-vision-8b
achieves the highest overall CIDEr score of 56.34,
both representing more than a twofold improvement
over the best prompting results. The gains are par-
ticularly good for certain languages: Hindi reaches
a CIDEr score of 100.12 and Japanese 92.56 under
fine-tuned Aya-vision-8b, compared to 91.74
and 21.83, respectively, for the best prompting ap-
proach. Fine-tuning also yields the best results
across the majority of individual languages in both
metrics.

Among prompting-based strategies, GPT-4o0
with random few-shot learning performs best, with
an average BLEU-4 score of 3.57 and CIDEr score
of 36.17, delivering the highest prompting-based re-
sults in five out of nine languages across both met-
rics. The zero-shot approach using Aya-vision—
32b follows as the second-best prompting method,
performing best in three languages but showing
weaker results in low-resource settings. However,
both approaches fall considerably short of the fine-
tuned models. For qualitative comparison, Fig-
ures 3a and 3b present several example captions
generated by GPT-40 under the random few-shot
setting with the corresponding image and reference
caption.

The overall results fall within ranges consistent
with those observed in previous news image cap-
tioning research (Liu et al., 2021), where BLEU-4
scores typically range from 2 to 4 and CIDEr scores
from 20 to 50. However, these modest scores in-
dicate that news image captioning remains a chal-
lenging task, particularly given its domain-specific
nature.

We describe six key findings (F) next.

F1: Traditional Image Captioning Models Demon-
strate Dramatic Performance Gap

Both of our traditional image captioning mod-
els performed poorly in multilingual news image
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H I High-resource Mid-r IL H | High-resource Mid-resource I Low-resource

| En  Fzn A Hi Ja Id si Ur | Al || En Fr zh Ar Hi Ja Id Ssi ur All

§3.1.1 Zero-shot
Aya-vision-8b || 252 219 219 158 220 | 489 275 033 130 216 || 2813 1471 1745 1678 1823 2461 1689 672 1284 | 17.37
Aya-vision-32b || 313 305 247 199 252 [ 683 3.02 013 195 278 || 3555 18.12 2513 2242 25.17  46.16 24.94 9.00 20.28 | 2520
GPT-40 254 171 148 252 354 326 236 1.15 218 231 || 39.64 1131 2229 2921 3913 2818 2421 1642 2619 | 26.25
Llama-3.2-118 || 236 241 094 109 177 341 216 024 164 178 | 1937 1241 869 1159 1719 1695 1339 462 1561 | 1331
Phi-3.5-vision | 227 221 188 183 263 403 255 049 197 221 | 2521 1392 1998 1876 2229 2694 1845 815 17.12 | 1887
Qwen2.5-VL-7B | 262 232 215 198 288 = 569 270 062 244 261 | 3269 1408 2868 2425 2871 | 4846 1805 1259 2246 | 2572
Qwen3-VL-8B 330 230 235 200 299 461 249 078 243 259 || 41.75 1592 33.80 2446 3218 50.60 2346 1458 27.65 | 29.38

§3.1.2 Random Few-shot
aya-vision-8b || 258 191 202 150 213 | 420 293 056 144 210 2793 1251 17.86 1604 1828 2879 1755 925 16.99 | 16.90
Aya-vision-32b || 202 184 163 156 184 835 220 034 166 182 || 3275 1359 2192 1812 2025 3192 1903 9.84 21.92 | 21.04
GPT-40 390 219 120 255 i8N 505 508 124 268 357 || 5259 1890 17.11 51.61 [JEHEEN 2183 87.92 19.04 3282 | 36.17
Llama-3.2-118 || 214 197 047 048 101 199 229 010 068 123 || 2842 1217 327 611 1029 590 1391 253 697 | 878
Phi-3.5-vision || 275 210 177 194 281 487 284 070 211 238 || 2917 1485 1897 2042 2431 2945 1998 1052 19.15 | 20.54
Owenz.5-VL-78 || 294 245 199 18 335 490 266 067 259 277 || 8876 1697 2537 2221 3204 4376 2129 1113 2462 | 24.86
Quen3-VL-8B 362 248 142 232 374 496 316 096 280 283 | 4471 1769 2705 2652 3504 4798 2551 1542 29.08 | 27.78

§3.1.3 Similar Few-shot
Aya-vision-8b 270 217 194 156 2.30 4.19 286 064 166 225 28.63 1458 19.08 16.60 20.08 26.14 19.16 9.45 16.69 | 18.93
Aya-vision-32b 330 270 223 228 1.92 5.03 477 043 217 311 2186 18.36 2522 24.05 46.22 3847 3275 1212 2311 | 2113
GPT-40 295 194 130 225 4.65 2.53 264 089 185 233 46.57 1533 20.30 25.21 48.38 19.12 23.19 16.68 23.17 | 26.44
Llama-3.2-11B 224 207 080 1.15 1.84 3.37 242 036 173 1.80 22.84 13.30 8.99 12.65 18.16 17.61 14.76 6.24 16.60 | 14.79
Phi-3.5-vision 2.84 239 186 204 3.00 4.51 299 080 227 256 3129 16.14 2182 21.92 26.05 3045 2156 1202 20.63 | 21.77
Qwen2.5-VL-7B 3.10 258 214 199 3.68 5.1 287 083 276 287 40.19 18.16 26.50 23.95 34.13 44.49 23.11 13.02 2549 | 25.78
Qwen3-VL-8B 3.74 265 155 249 4.06 5.16 348 112 3.04 3.07 46.13 19.08 28.89 27.34 37.79 49.35 26.69 16.32 30.09 | 29.87

§3.2 Instruction Fine-tuning

Aya-vision-8b 299 668 261 | 850 623 066 221 2360 67.52 32.66 3930 1019 37.92
Llama-3.2-11B 320 510 263 415 657 074 373 2257 39.26 2382 4240 2992 1150 34.83 | 44.77
§3.3 Baselines

BLIP + NLLB H 046 012 007 014 026 061 007 004 046 020 H 590 334 278 329 518 641 349 139 450 ‘ 4.03

Paligemma-3b 017 020 0.15 003 0.15 056 0.02 001 000 0.03 3.48 267 1.75 0.66 1.78 5.33 0.40 0.07 0.00 1.25

Table 2: BLEU-4 (left-side) (Papineni et al., 2002) and CIDEr (right-side) (Oliveira dos Santos et al., 2021)
evaluation scores across different languages. The best result for each language (any method) is in bold.

“ ] § LT guages like Urdu. These results suggest the need
' for specific models and architectures for news im-
News Image Caption: age Captioning.
Patricia Tomlinson and her
friends_ arranging flowers at Oak
Court in Blaby. F2: Low-Resource Languages Exhibit High
Generated Caption: Cross-Model Variability

Residents at Oak Court enjoy a
flower-arranging class in Blaby.

Low-resource languages like Indonesian, Sin-
hala, and Urdu exhibit highly inconsistent perfor-
mance across models in news image captioning,
with some architectures handling them reasonably
well while others struggle largely. For instance,

) GPT-40 achieves 5.08 BLEU-4 for Indonesian in

News Image Caption: .
Joseph and Thomas are waking ~ fandom few-shot, while Llama-3.2-11B man-
S oo sedtobea  ages only 0.10 for Sinhala in the same approach,
Generated Caption: and performance gaps of 5-10x between best and
JD%s%Fr:gm?;ntaess tggﬁlrzg/al worst models are common for these languages.
Hospice fundraiser. Instruction fine-tuning reduces this variability to
some extent, with both fine-tuned models achieving
M - BN comparable scores for most languages, though the
Figure 3: Comparison of the actual news image ~ 9ap between high-resource and low-resource lan-
caption and the generated caption by the best ~ 9uages persists. This high variability under prompt-

model - GPT-40 random few-shot approach. ing suggests that model-specific factors such as
training data composition, tokenisation strategies,

architectural inductive biases, and the presence of
news content in specific languages during pretrain-
ing play crucial roles in determining low-resource
language performance.

captioning, demonstrating that they cannot gen-
erate contextual captions for news images. All
languages achieved BLEU-4 scores below 0.7 in
both baselines, with most below 0.3. The BLIP +
NLLB approach averages only 0.20 BLEU-4 over-
all, while Paligemma-3b performs even worse at
0.03 BLEU-4, including complete failures on lan- Sinhala performs the worst across all models

F3: Sinhala Shows Consistently Lowest Perfor-
mance
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News Image Caption:

The Elizabeth line has opened
up more direct journey options
across London since it opened
in May 2022.

News Image Caption:

TfL says there is an increase in
housing growth and
employment near stations.

Similarity:
0.973

News Image Caption:

Tube services will run as .
originally planned after industrial

action was suspended.

Similarity:
0.953

News Image Caption:

The new Metros have
linear-style seating and more

space for pushchairs and
wheelchairs.

Similarity:
0.934

Figure 4: Comparison of similar images retrieved
for the similar shot approach. The first image is the
test instance, and the rest of the images are the
most similar images retrieved from the training set.

and experimental conditions on MUNIChus, with
BLEU-4 scores consistently below 1.2 and CIDEr
scores rarely exceeding 17 under prompting-based
approaches. Even with instruction fine-tuning, Sin-
hala remains the weakest language by a large mar-
gin, achieving only 0.66-0.74 BLEU-4 and 10.19—
11.50 CIDEr, while other languages see dramatic
improvements. This substantial and persistent per-
formance gap suggests severe underrepresenta-
tion of Sinhala in the pre-training data of the ex-
perimented MLLMs, particularly in news-related

content, which may include domain-specific vocab-
ulary and cultural references. The consistently poor
results across diverse model architectures, prompt-
ing strategies, and even after fine-tuning indicate
that Sinhala requires targeted intervention, poten-
tially through a dedicated collection of a multimodal
News corpus.

F4: Model Size Does Not Guarantee Superior
Performance

The relationship between model size and perfor-
mance on news image captioning appears non-
linear and context-dependent. The larger Aya-
vision-32b model actually underperforms its
smaller 8b counterpart in the majority of the lan-
guages, most notably in the random few-shot sce-
narios. This pattern is further reinforced by the
instruction fine-tuning results, where L.1ama-3.2-
11B achieves comparable or superior BLEU-4
scores to fine-tuned Aya-vision-8b despite be-
ing among the weakest models under prompting.
This finding has important practical implications for
deploying vision-language models in this task, as
it suggests that smaller, more efficient models may
sometimes be preferable to larger alternatives, par-
ticularly when task-specific fine-tuning is feasible.

F5: No Clear Winner from the Prompting Ap-
proaches

The three prompting strategies yielded mixed re-
sults, with no clear indication that any is beneficial
for news-image-captioning. Particularly, previous
research in MLLMs has shown that a similar few-
shot approach improves the results (Ramos et al.,
2023). We investigated this issue with the English
dataset in MUNIChus. As illustrated in Figure 4,
although the retrieved training images are visually
similar to the test instance, they provide limited con-
textual information relevant to caption generation.
These observations indicate that few-shot prompt-
ing does not confer substantial benefits in news
image captioning.

F6: Instruction Fine-tuning Dramatically Outper-
forms Prompting Strategies

Instruction fine-tuning yields substantial improve-
ments over all prompting-based approaches, with
fine-tuned Llama-3.2-11B and Aya-vision-
8b achieving average BLEU-4 scores of 8.40 and
8.37, and CIDEr scores of 44.77 and 56.34, respec-
tively, more than doubling the best prompting re-
sults. The gains are consistent across resource lev-
els, with particularly striking improvements in mid-
resource languages such as Hindi (100.12 CIDEr)
and Japanese (92.56 CIDEr) under fine-tuned Aya—
vision-8b. Notably, even relatively small models
benefit considerably from fine-tuning: Llama-3.2-
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11B, which ranked among the weakest models un-
der prompting, becomes highly competitive after
fine-tuning, reinforcing finding F4 that model size
alone is not the determining factor. However, the
improvements for Sinhala remain modest (10.19—
11.50 CIDEr), consistent with finding F3, suggest-
ing that fine-tuning alone cannot fully compensate
for severe underrepresentation in pre-training data.
These results demonstrate that task-specific adap-
tation through instruction fine-tuning is far more
effective than in-context learning for multilingual
news image captioning.

Overall, our results suggest that news image cap-
tioning is a challenging task even for state-of-the-art
MLLMs. Interestingly, current multimodal bench-
marks do not contain news image captioning (Li
et al., 2024). With the release of MUNIChus, we
encourage the research community to develop spe-
cialised architectures and training strategies that
can better leverage contextual information from
news articles to generate accurate, entity-rich cap-
tions across diverse languages. The persistent
challenges observed across all models, particu-
larly for low-resource languages and the limited
effectiveness of few-shot prompting, highlight the
need for novel approaches that go beyond general-
purpose vision-language modelling to address the
unique requirements of news image captioning.

5. Conclusion

This research presented MUNIChus, the first mul-
tilingual news image captioning benchmark, com-
prising 145,314 training images and 8,993 test
images across nine languages. Unlike existing
news image captioning datasets that focus primar-
ily on English, MUNIChus addresses the critical
gap in multilingual news image captioning by pro-
viding diverse linguistic representation, including
several low-resource languages such as Sinhala,
Indonesian, and Urdu. We evaluated several state-
of-the-art multimodal large language models on
MUNIChus using prompt-based generation and in-
struction fine-tuning approaches.

The results show that news image captioning re-
mains a challenging task across all languages. No-
tably, traditional image captioning models demon-
strate dramatic performance gaps, highlighting the
domain-specific nature of news image caption-
ing. Furthermore, low-resource languages, particu-
larly Sinhala, exhibit consistently poor performance
across all models, suggesting severe underrepre-
sentation in pre-training corpora and highlighting
the need for multilingual resources.

In future work, we plan to expand MUNIChus
to include additional languages and explore spe-
cialised architectures tailored for news image cap-
tioning. We also plan to create a comprehen-

sive benchmark suite for multilingual news un-
derstanding tasks, incorporating MUNIChus along-
side other news-related challenges. We release
MUNIChus as an open-access, publicly available
dataset alongside trained models? and evaluation
scripts to facilitate ongoing research in multilingual
multimodal understanding.
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2Fine-tuned Aya-vision-8b model is avail-
able at https://huggingface.co/alita9/
x1l-munichus-CoherelLabs—-aya-vision-8b
and the fine-tuned Llama-3.2-11B model
is available at https://huggingface.co/
alita9/xl-munichus-meta-llama-Llama-3.
2-11B-Vision—-Instruct
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