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Abstract

The goal of news image captioning is to gener-
ate captions by integrating news article content
with corresponding images, highlighting the re-
lationship 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
large-scale multilingual news image caption-
ing benchmark, LaMuN, comprising more than
800,000 news images in 59 languages, includ-
ing several low-resource languages. We further
propose a novel chain-of-thought method for
automatic news image captioning that achieves
state-of-the-art results across a diverse set of
languages in LaMuN. Together, the benchmark
and the proposed method open new avenues
for further advances in developing and evalu-
ating multilingual multimodal large language
models.

1 Introduction

News image captioning is a variant of image cap-
tioning where the goal is to produce entity-rich de-
scriptions that incorporate specific details such as
individuals’ names and newsworthy events, draw-
ing upon both the visual content and its accompa-
nying article (Rajakumar Kalarani et al., 2023). It
has significant practical implications as the accu-
rate captions are a primary means by which screen
readers convey visual news content to visually-
impaired users (Dognin et al., 2022), and they sup-
port content-based indexing and retrieval in digital
archives, helping journalists, researchers, and the
public locate relevant imagery across vast news
collections (Sarto et al., 2022). The rise of vision
large language models (VLLMs) has further ele-
vated the importance of news image captioning as
an evaluation benchmark, since the task demands
joint understanding of textual context and visual
content as well as the ability to ground entities and
events across the two modalities (Sim et al., 2025).

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 cap-
tions for two different images. The generic image cap-
tions were generated by BLIP (Li et al., 2022).

News image captions differ from generic cap-
tions in purpose and specificity, as generic cap-
tions tend to be purely descriptive, referring to
objects in general terms (Figure 1a, 1b). News
image captions, are inherently entity-grounded
and context-dependent as they situate the image
within a broader narrative, naming specific peo-
ple, places, organisations, and events which are not
directly observable from the image itself. There-
fore, researchers have introduced different bench-
mark datasets for news image captioning, such
as VISUAL NEWS (Liu et al., 2021), and NY-
TIMES800K (Tran et al., 2020). However, these
datasets are restricted to English; therefore, current
models have been developed and evaluated only in
a monolingual English setting.

Recently, Chen et al. (2026) released MU-
NICHUS, the first multilingual dataset for news
image captioning, but it remains limited in both lin-
guistic diversity, covering only nine languages, and
source variety, drawing images from a single outlet.
Moreover, Chen et al. (2026) evaluate only basic
zero-shot and few-shot prompting, which yields
consistently poor results, highlighting a research
gap for more effective approaches to multilingual
news image captioning.
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In this paper, we addressed these gaps with the
following main contributions:

(i) We create the first large-scale multilingual
news image captioning benchmark, LaMuN, com-
prising more than 800,000 news images from three
news sources in 59 languages.!

(ii) We propose a novel chain-of-thought method
for news image captioning that produces state-of-
the-art results for all the selected languages in
LaMuN.

2 Related Work

Early datasets for news image captioning were de-
veloped almost exclusively for English. Ramisa
et al. (2017) introduced BREAKINGNEWS, con-
taining around 100,000 news articles with images
and captions. Biten et al. (2019) later introduced
GOODNEWS, a larger New York Times collection
that became a widely used benchmark for the task.
This was followed by NYTIMES800K (Tran et al.,
2020) and VISUAL NEWS (Liu et al., 2021), the
latter containing over one million image—article
pairs from multiple news sources. Despite their
scale, these benchmarks remain restricted to En-
glish. MUNICHUS (Chen et al., 2026) was the first
multilingual benchmark, covering nine languages,
but its limited linguistic and source diversity leaves
multilingual, particularly low-resource, news im-
age captioning largely unexplored.

Models on news image captioning has mainly
focused on entity grounding and selecting relevant
article context. Biten et al. (2019) dynamically in-
corporated named entities from articles, while Tran
et al. (2020) proposed combining images, faces,
objects, and textual context. Later approaches
improved context selection and grounding. JO-
GANIC (Yang et al., 2021) models journalistic
caption structure, [CECAP (Hu et al., 2020) con-
centrates on relevant textual information, and Zhou
et al. (2022) use vision—language retrieval to iden-
tify useful entities and context. More recently, Qu
et al. (2024) combine face—name modelling with
CLIP-based retrieval. MERGE (You et al., 2026)
further incorporates entity-centric multimodal re-
trieval. However, these methods are evaluated al-
most entirely on English benchmarks, leaving their
effectiveness across diverse languages largely un-
known.

!'Available at
tharindu/LaMuN

https://huggingface.co/datasets/

3 LaMuN: Large-scale Multilingual News
Image Captioning Benchmark

. Unique

# Language Code  |Train|  |Test| Artigles
1 I Albanian sqi 8,703 1,000 4,592
2 I Amharic amh 12,555 1,000 8,853
3 Arabic ara 13,003 1,000 6,904
4 I Armenian hye 358 1,000 1,185
5 Bengali ben 22,686 1,000 8,119
6 Bosnian bos 10,803 1,000 5,030
7 Bulgarian bul 9,343 1,000 6,245
8 I Burmese mya 12,492 1,000 7,039
9 I Central Kurdish ckb 4,372 1,000 4,347
10 Chinese (Mandarin) cmn 58,125 1,000 37,719
11 Croatian hrv 16,465 1,000 7,265
12 Dpari prs 21,564 1,000 8,707
13 English eng 135416 1,000 58,796
14 French fra 12,381 1,000 4,167
15 Georgian kat 4,492 1,000 2,861
16 German deu 29,734 1,000 11,564
17 D Gujarati guj 11,182 1,000 3,192
18 I Haitian Creole hat 883 1,000 1,044
19 DHausa hau 17,928 1,000 6,483
20 Hindi hin 14,984 1,000 4,057
21 ligbo ibo 534 1,000 540
22 Indonesian ind 13,690 1,000 2,863
23 Japanese jpn 7,641 1,000 3,805
24 DIKhmer khm 9,556 1,000 6,875
25 D Kinyarwanda kin 9,449 1,000 6,483
26 Korean kor 7,241 1,000 2,624
27 1 Kurmanji Kurdish kmr 4,360 1,000 4,339
28 DKyrgyz kir 4,926 1,000 1,781
29 NLao lao 7,060 1,000 5,066
30 MLingala lin 305 1,000 835
31 IMacedonian mkd 2,648 1,000 1,735
32 IMarathi mar 6,918 1,000 1,791
33 INepali nep 4,562 1,000 1,983
KV | Nigerian Pidgin pcm 4,293 1,000 2,081
35 I North Ndebele nde 2454 1,000 2,658
36 I oromo orm 1,583 1,000 1,294
37 BPashto pus 10,869 1,000 7,407
38 Persian fas 64,713 1,000 24,795
39 Polish pol 7,564 1,000 4,350
40  DPunjabi pan 6,461 1,000 1,520
41 Romanian ron 5,872 1,000 3,321
42 Russian Tus 23,134 1,000 14,759
43 I Scottish Gaelic gla 0 585 289
44 Serbian SIp 6,626 1,000 1,990
45  I'shona sna 433 1,000 818
46 I Sinhala sin 2,416 1,000 1,046
47 DSomali som 5312 1,000 4,433
48 D Swahili swa 12,562 1,000 8,163
49 ITelugu tel 3,253 1,000 1,245
50 Thai tha 21,589 1,000 10,119
51 I Tibetan bod 331 1,000 606
52 D Tigrinya tir 3,028 1,000 2,146
53 Turkish tur 31,061 1,000 14,953
54 Ukrainian ukr 9,044 1,000 5,354
55 Urdu urd 28,707 1,000 11,597
56 Uzbek uzb 4,340 1,000 1,742
57 Vietnamese vie 21,881 1,000 15,786
58 Bwelsh cym 4,671 1,000 1,889
59 0Yoruba yor 0 295 145
Total 778,556 57,880 383,395

Table 1: Dataset statistics for LaMuN. Languages are
categorised as high-resource I, mid-resource , and low-
resource | following Joshi et al. (2020). Refer to Table
6 for detailed statistics.

We collected news articles and associated images
from three major international news sources: BBC
News, Voice of America (VOA), and Deutsche
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Welle (DW News), spanning from 2001 to Decem-
ber 2025. These sources were selected based on
their multilingual coverage, journalistic standards,
accessibility, and licensing considerations. To en-
sure 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 experi-
ments utilise only images and articles, the LaMuN
also provides additional metadata, such as article
titles, which can be used in future studies.
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Figure 2: Language family coverage in LaMuN. Segment
sizes are proportional to the number of samples per
language, and only languages with more than 5,000
samples are shown for clarity.

The resulting LaMuN dataset comprises over
800,000 news images across 59 languages. As
shown in Table 1, the final dataset consisted of
778,556 training images and 57,880 test images
across 59 languages. According to Joshi et al.
(2020), the majority of the languages in LaMuN are
mid- and low-resource. Furthermore, as shown
in Figure 2, LaMuN covers a diverse range of lan-
guages, highlighting its value as a benchmark for
multimodal research in low-resource settings.

4 Methods

We experimented with several recently released
VLLMs across a selected subset of languages from
LaMuN. We evaluate generated captions using two
automatic metrics that have been widely adopted
in image captioning evaluation: BLEU-4 (Papineni
et al., 2002) and CIDEr-R (Oliveira dos Santos
et al., 2021). In addition, we report the number of
named entities correctly retrieved (F1 score) in the

generated captions as a complementary measure of
entity grounding. For this, we used the language
specific NER models mentioned in Table 4. We
used the exact span matches. We evaluated the
following prompting and fine-tuning strategies.

In all strategies, We experiment with four re-
cently released vision-language models: Aya-
Vision-8B, Gemma-4-E4B-it, Qwen2.5-VL-7B,
and Qwen3-VL-8B.

4.1 Zero-shot Prompting

In the zero-shot setting, we provide the model with
the task instruction and the news article context.
The prompt specifies the target language and gives
guidelines for journalistic captions: keep them con-
cise, identify named entities, maintain factual accu-
racy, and connect visual content to the news context.
The full template is shown in Figure 3.

4.2 Chain of Thought Prompting

We propose a chain-of-thought (CoT) approach that
decomposes caption generation into four reasoning
steps: (i) visual analysis of the image, (ii) retrieval
of the most relevant event context from the article,
(iii) extraction of named entities from that context,
and (iv) caption synthesis conditioned on all three.
We implement two variants, which differ in how
the visual analysis step is performed. For both, we
use language-specific NER models for each of the
nine target languages mentioned in Table 4.

4.2.1 Holistic-CoT

We first use Florence-2 (Xiao et al., 2024) to gen-
erate a holistic natural-language description of
the image, which serves as a query for retriev-
ing the most event-relevant passage from the ar-
ticle. We embed all article sentences using BGE-
M3 (Chen et al., 2024), a multilingual dense re-
trieval model, and cluster them into event groups
with HDBSCAN (Mclnnes et al., 2017). The clus-
ter whose centroid is most similar to the Florence-2
embedding is selected as the event context, and a
language-specific named entity recognition (NER)
model extracts a structured set of entities (persons,
organisations, locations, dates, and events) from it.
The entities and event context are assembled into
the structured prompt shown in Figure 4 and then
passed, along with the original image, to the LLM.

4.2.2 Spatial-CoT

Holistic-CoT does not convey spatial layout, which
can be important for grounding entities to specific
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H High-resource Mid-resource I Low-resource

‘ ‘ High-resource Mid-resource I Low-resource

‘ ‘ eng ara cmn  hin ind swa ben  nep sin ‘ All ‘ ‘ eng ara cmn hin ind swa ben nep sin All
§4.1 Zero-shot Prompting
Aya-Vision-8B 247 1.77 | 475 221 3.08 242 143 036 029 | 205 26.12 2490 10.33 2245 2544 2533 2211 21.52 12.24 | 20.94
Gemma-4-E4B-it || 2.24 171 425 174 235 375 187 051 055 | 214 | 2354 2228 9.42 2022 21.00 2453 2402 2140 16.14 | 2041
Qwen2.5-VL-7B 294 262 432 319 282 455 253 1.07  0.80 | 272 25.82 2191 10.05 21.80 2393 2671 2352 2195 15.12 | 20.78
Qwen3-VL-8B 251 179 413 331 271 426 262 078 071 | 257 | 2403 21.24 1042 21.13 2300 2573 2438 2067 1578 | 2131
§4.2.1 Holistic-CoT
Aya-Vision-8B 188 1.16 450 193 131 393 051 028 034 175 1522 824 17.92 1273 1233 2455 535 5.73 3.82 11.94
Gemma-4-E4B-it 195 129 487 205 135 411 054 026 039 | 1.83 1592 8.64 18.31 1331 1253 2574 5.62 5.96 4.23 12.12
Qwen2.5-VL-7B 221 169 | 495 232 1.87 445 075 040 045 | 212 17.51 9.82 20.03 1455 1370 2851  6.12 6.55 4.61 13.20
Qwen3-VL-8B 203 143 | 478 214 156 425 065 032 043 | 192 16.31 9.23 18.72 13.64 1281 2632 571 6.11 4.31 12.43
§4.2.2 Spatial-CoT
Aya-Vision-8B 152 091 472 139 116 338 048 022 040 | 157 [5SsN  7.12 18.53 1193 12,63 2492 652 6.73 4.73 11.83
Gemma-4-E4B-it 163 094 | 512 147 123 354 056 023 038 | 1.65 1564 751 19.52 1205 13.61 2582 6.85 6.71 5.38 12.51
Qwen2.5-VL-7B 1.89 123 | 536 176 159 398 071 031 044 | 193 1832 9.11 22.73 1461 1543 30.03 794 8.14 6.21 14.82
Qwen3-VL-8B 175 105 | 508 1.62 136 3.62 060 026 045 | 172 16.54  8.04 20.63 1331 1441 2713 722 743 5.23 13.53
§4.3 Basic Finetuning
Aya-Vision-8B 514 401 @ 683 391 388 515 229 101 108 | 3.69 | 49.13 4072 63.32 3855 37.16 5183 1867 933 9.75 | 35.21
Gemma-4-E4B-it || 4.87 379 @ 652 3.66 3.50 498 207 095 090 | 347 | 4582 38.64 5924 3555 3313 49.14 1695 844 832 | 3293
Qwen2.5-VL-7B 570 432 | 722 439 431 562 285 148 142 | 4.14 | 5474 4444 6941 4376 4156 56.62 2244 1236 1161 | 39.55
Qwen3-VL-8B 541 418 | 699 415 402 548 255 132 129 | 397 | 5214 43.64 @ 66.62 4193 3923 5545 20.64 1122 10.69 | 38.12
§4.3 Holistic-CoT Finetuning
Aya-Vision-8B 628 492 477 465 622 325 164 1.61 | 457 | 6592 54.12 51.54 5054 6773 2882 15.64 1534 | 48.82
Gemma-4-E4B-it 593 468 458 438 6.04 284 141 138 | 441 62.02 51.51 49.33 4682  65.12 2544 1375 12.83 | 4593
Qwen2.5-VL-7B 7.08 5.65 558 553 698 379 202 201 | 532 61.82 60.11 5824 3512 1942 1931 | 55.92
Qwen3-VL-8B 6.62 536 538 512 6.63 340 186 178 | 507 | 69.82 5882 56.55 53.85 31,52 17.55 16.24 | 53.26
§4.3 Spatial-CoT Finetuning
Aya-Vision-8B 7.05  5.68 544 531 7.04 364 192 196 | 526 62.52 5878  57.64 32.85 18.23 17.51 | 5433
Gemma-4-E4B-it || 6.68  5.32 518 502 6.61 322 168 1.63 | 495 | 69.15 5824 55.64 5234 29.64 1625 1483 | 51.23
Qwen2.5-VL-7B 6.51 642 625 431 252 243 | 624 68.78 66.82  64.14 3931 2291  21.62 | 63.12
Qwen3-VL-8B 6.08 6.05 5.84 398 218 212 | 5.82 65.52 6342  61.24 3624 2042 19.81 | 59.84

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

in bold.

visual regions. Spatial-CoT instead segments the
image into foreground and background regions us-
ing SAM3 (Carion et al., 2025), the third genera-
tion of the Segment Anything Model. Each region
is assigned a semantic label (e.g., person, building),
and NER entities are distributed by type: person
entities to person regions, location and organisation
entities to building regions. The model receives the
original image, the cropped region images, an event
context retrieved via the same BGE-M3 process as
Holistic-CoT, and an entity-to-region assignment
list. The prompt instructs it to describe the scene
progressively from foreground to background, fol-
lowing the region order, and to use the assigned
entity names exactly.

4.3 Basic Instruction Fine-tuning

To assess whether task-specific adaptation closes
the gap between zero-shot performance and the ref-
erence captions, we also performed instruction fine-
tuning. For each target language, we constructed
training examples using the same prompt template
as the zero-shot setting. We fine-tune LLMs using
LoRA (Hu et al., 2022) for each language and eval-
uate them on the test set using the same prompt.

4.4 CoT Fine-tuning

To test whether the gains from CoT prompting per-
sist under adaptation, we additionally fine-tune
on the structured CoT prompts rather than the
zero-shot template. We fine-tune the LLMs us-
ing LoRA (Hu et al., 2022) separately for each
language and evaluate them on the test set using
the same prompt. The training hyperparameters are
provided in Table 5 in the Appendix.

5 Results and Discussion

Tables 2 and 3 report BLEU-4, CIDEr-R, NER F1
scores for generated captions across nine selected
languages in LaMuN. We describe our main findings
below.

(i) Chain-of-Thought Prompting and Fine-
tuning - Neither Holistic-CoT nor Spatial-CoT
outperforms zero-shot prompting when used in a
prompting setting. Across all languages and met-
rics, zero-shot consistently yields higher scores
than both CoT variants. We attribute this to the
additional complexity introduced by multi-step rea-
soning, which smaller instruction-tuned models
struggle to follow reliably without task-specific
adaptation. However, fine-tuning on structured
CoT prompts yields substantial gains, as both CoT
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I High-resource Mid-res .

|| eng ara  cmn  hin ind swa ben nep sin All

§4.1 Zero-shot Prompting
Aya-Vision-8B 6.23 5.12 745 8.12 4.23 11.34 245 3.67 1.89 5.61

Gemma-4-E4B-it || 589 478 701 756 398 1067 212 323 167 521

Quen2.5-VL-78 || 712 589 834 923 489 1345 280 423 212 646
Quen3-VL-88 745 612 867 956 512 1389 312 456 234 676
§4.2.1 Holistic-CoT

Ava-Vision-88 || 1289 1089 1505 1658 842 | 2230 489 803 38 1143
Gemma-4-E4B-it || 1423 1203 1662 1831 930 2463 540 887 427 1263
Quen2.5-VL-78 || 1567 1323 1828 20.14 1023 2709 594 976 470  13.89
Quen3-VL-88 1623 1378 1895 2087 10.67 2812 623 1012 492 1443
§4.2.2 Spatial-CoT

Ava-Vision-88 || 1281 1046 1471 1543 799 | 2200 581 1001 422 1149
Gemma-4-E4B-it || 1416 1156 1625 1705 883 = 2429 642 1105 466 1270
Quen2.5-VL-78 || 1558 1272 17.88 1876 971 2672 706 1216 513 1397
Quen3-VL-88 1612 1323 1852 1943 1012 2773 739 1261 537 1450
§4.3 Basic Finetuning

Ava-Vision-88 || 1834 1567 2123 2345 1234 3123 789 1123 567 1634

Gemma-4-E4B-it 17.23 1489  20.12 2234 11.56 = 29.89 723 10.45 5.23 15.44
Quen2.5-VL-7B 2045 17.34 2356 2678 13.89 = 34.56 8.89 12.89 6.45 18.31
Qwen3-VL-88 21.23 18.12 2434 27.89 1434 | 3589 9.23 13.34 6.78 19.02

§4.3 Holistic-CoT Finetuning

Aya-Vision-88 ||W35167° 31.23 NEIZSNNESIGT 25.67 1567 2134 1123 | 3178
Gemma-4-E4B-it 3345 29.67 3945 4389 2434 1456 19.89 1045 = 30.21
Quen2.5-vL-78 || 3823 3389 4423 27.89 1723 2345 1234 | 3430
Quen3-VL-88 3945 35.12 J 28.89

17.89 2434 12.89 | 3549
§4.3 Spatial-CoT Finetuning

Aya-Vision-88 ||WBGI89N 3245 [NE2IGTINETESN 26.89 1689 2312 1234 [13318
Gemma-4-E4B-it 3467 3089 4089 4534 2556 1578 21.56 1156 = 3158
Quen2.5-vL-78 || 39.89 3534 29.12 1856 2534 1345 | 3602
Qwen3-VL-8B 4123 36.78 30.23 1934 2645 1412 3733

Table 3: Entity grounding (NER F1) scores between
generated caption and the human caption across test sets
in selected languages in LaMuN. The best result for each
language (any method) is in bold.

fine-tuning strategies outperform basic fine-tuning
across all languages. This confirms that although
models cannot reliably follow CoT reasoning out
of the box, they benefit significantly from exposure
to the same reasoning structure during training. We
also observe that Spatial-CoT provides slightly bet-
ter results than Holistic-CoT.

(i) Performance Across Resource Tiers - High-
resource languages (English, Arabic, Chinese)
yield the strongest results across all metrics.
For CIDEr-R, the best-performing configuration
(Qwen2.5-VL-7B with Spatial-CoT fine-tuning)
achieves 81.88, 68.77, and 100.46 for English, Ara-
bic, and Chinese, respectively. Mid-resource lan-
guages (Hindi, Indonesian, Swahili) show com-
petitive performance, with Swabhili reaching 84.06.
Low-resource languages (Bengali, Nepali, Sinhala)
remain challenging, with Sinhala peaking at only
21.84 CIDEr-R and 14.12 NER F1. We attribute
that news image captioning is a challenging task
for low-resource languages.

(iii) Metric Alignment and Divergence - While
BLEU-4 and CIDEr-R follow similar trends across
configurations, NER F1 reveals a different find-
ing. The gap between basic fine-tuning and Spatial-
CoT fine-tuning is more pronounced in NER F1
for low-resource languages, suggesting that CoT
fine-tuning particularly benefits entity grounding.

(iv) Model Ranking - Across most settings,
Qwen2.5-VL-7B slightly outperforms other mod-
els. The gap is most noticeable in low-resource
languages. However, Qwen3-VL-8B perfoms better
than Qwen2.5-VL-7B in entity grounding suggest-
ing that there is no clear winner model. Further-
more, model rankings on high-resource languages
do not reliably predict rankings on low-resource
languages, reinforcing the need for diverse multi-
lingual evaluation.

6 Conclusion and Future Work

In this paper, we introduced LaMuN, the first large-
scale multilingual benchmark for news image cap-
tioning comprising more than 800,000 news images
across 59 languages and three international news
sources. We also proposed two chain-of-thought
approaches, Holistic-CoT and Spatial-CoT, which
incorporate visual information, relevant article con-
text, and named entities into the caption genera-
tion process. Our experiments show that chain-of-
thought reasoning does not improve performance
when used only as a prompting strategy. How-
ever, both approaches yield substantial gains when
models are fine-tuned using the same structured
prompts. Spatial-CoT fine-tuning performs best
overall and provides particularly strong improve-
ments in entity grounding.

Our results also show that news image cap-
tioning remains challenging for low-resource lan-
guages, where performance is considerably lower
than for high-resource languages. Furthermore,
model rankings on high-resource languages do not
always transfer to low-resource settings, highlight-
ing the importance of multilingual evaluation. We
release LaMuN to support further research on mul-
tilingual news image captioning and multimodal
language models.

In future work we would like to explore the
performance of the evaluated models on articles
containing non-literal language, such as humour
and sarcasm, a known challenge for VLMs (Farabi
et al., 2024; Basnet et al., 2025). Furthermore, we
would like to further explore their performance on
the exisiting low-resource languages in LaMuN. Due
to space limitations, we were unable to carry out
a more detailed evaluation of the models’ perfor-
mance on this set of languages. Finally, we we plan
to extend evaluation to more languages in LaMuN
and investigate stronger multilingual LLMs and
alternative grounding strategies, particularly for
low-resource languages.
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Limitations

We acknowledge the following limitations.

Evaluation coverage. Although LaMuN spans 59
languages, our experiments evaluate captioning per-
formance on a subset of nine languages, selected
to span the high-, mid-, and low-resource tiers and
to cover languages for which reliable language-
specific named entity recognition (NER) models
are available. The page limit constraints does not
let us evaluate all 59 languages. The behaviour of
the proposed methods on the remaining languages,
and on writing systems or language families not
represented in our nine-language subset, therefore
remains to be explored. We release the full bench-
mark precisely so that future work can extend eval-
uation to the languages we do not study here.

Automatic evaluation only. We assess generated
captions using BLEU-4, CIDEr-R, and NER FI1.
These automatic metrics correlate only imperfectly
with human judgements of caption quality, and
n-gram overlap metrics in particular can penalise
fluent, factually correct captions that differ lexically
from the reference. We do not conduct a human
evaluation as it is difficult to find human annotators
for a large scale multilingual setting.

Model and scale constraints. We experiment
with a fixed set of small open-weight vision—
language models and adapt them with LoRA rather
than full fine-tuning, owing to computational con-
straints. We do not evaluate larger or propri-
etary models, and our finding that chain-of-thought
reasoning helps only under fine-tuning, not as
a prompting strategy, may not transfer to sub-
stantially larger models with stronger instruction-
following abilities.

Ethics Statement

LaMuN was collected from publicly available news
articles and images published by BBC News, Voice
of America (VOA), and Deutsche Welle (DW), and
none of the records were edited during collection.
The content is publicly accessible, and our col-
lection process adhered to each source’s terms of
service and respected the access restrictions speci-
fied in their robots. txt directives. We provide the
URL to the original news article, ensuring proper
attribution and enabling verification of the source
material. We distribute the dataset in a form that
preserves attribution to the original sources and
prohibits alteration of the released instances, and
we release it strictly for non-commercial research
purposes; users are responsible for complying with
the terms of the respective news providers when
using the underlying content.
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Appendix

Language  Model

English dslim/roberta-large-NER

Arabic aubmindlab/bert-base-arabertv@2-ner

Hindi MichaelHuang/muril_base_cased_hindi_ner

Indonesian  cahya/x1m-roberta-base-indonesian-NER

Swahili Davlan/x1lm-roberta-large-masakhaner

Sinhala asanka25/x1m-roberta-base-
finetuned-conll@3-english-finetuned-sinhala

Chinese shibing624/macbert4ner-base-chinese

Bengali sagorsarker/mbert-bengali-ner

Nepali Saugatkafley/mbert-Nepali-NER

Table 4: Named entity recognition models used for each
language.

Hyperparameter Setting

Aya-Vision-8B, Gemma-4-E4B-it,
Qwen2.5-VL-7B, Qwen3-VL-8B
LoRA (Hu et al., 2022)

Base models

Adaptation method

LoRA rank (r) 16

LoRA o 32

LoRA dropout 0.05

Target modules q_proj, k_proj, v_proj, o_proj
Optimiser AdamW (81 = 0.9, B2 = 0.999)
Weight decay 0.01

Learning rate 2x 1074

LR schedule Cosine decay with 3% linear warmup
Epochs 2

Per-device batch size 4

Gradient accumulation steps 4

Effective batch size 16

Maximum sequence length 8192

Precision bf16

Hardware 1 x NVIDIA H200 (Hopper, 141 GB)

Table 5: Hyperparameters used for instruction fine-
tuning. The same configuration is used across models
and languages.

A Prompt

Prompt template used for zero-shot image caption-
ing is shown in Figure 3.

B Training Hyperparameters

Table 5 summarises the hyperparameters used for
instruction fine-tuning. We use the same training
configuration across all models and languages.

C Methodology
C.1 Chain of Thought Prompting

A central challenge in news image captioning is
that the important information needed to produce
an accurate caption the people, organisations, lo-
cations, and events depicted is rarely recoverable
from the image pixels alone. It must instead be
grounded in the accompanying article. Directly

You are writing a caption for a newspaper

image.

Given the image and this news article
excerpt:

[News content]

Task: Write a concise, informative

caption for this image in {language}.
Guidelines:

- Write in {language} language only

- Keep it brief

- Identify and include: people’s names,
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 3: Prompt template used for zero-shot image cap-
tioning. The {language} placeholder is replaced with
the target language name (e.g., “English”, “Arabic”) at
inference time.

prompting a large language model (LLM) with the
image and the full article conflates this grounding
problem with the surface task of caption genera-
tion, and in practice leads to hallucinated entities
and generic descriptions that omit the named enti-
ties readers expect. To address this, we propose a
chain-of-thought (CoT) approach that explicitly de-
composes caption generation into four interpretable
reasoning steps: (i) visual analysis of the image to
establish what is depicted, (ii) retrieval of the most
relevant event context from the article, (iii) extrac-
tion of named entities from that context, and (iv)
caption synthesis conditioned jointly on the im-
age, the retrieved context, and the extracted entities.
Decomposing the task in this way isolates each sub-
problem, allowing the final synthesis step to focus
on fluent generation while the grounding burden is
handled by dedicated, more reliable components.

We implement two variants of this approach,
which differ only in how the visual analysis step
(i) is performed: Holistic-CoT produces a single
global description of the image, whereas Spatial-
CoT additionally decomposes the image into re-
gions and grounds entities to them. The remaining
steps retrieval, NER, and synthesis are shared be-
tween the two variants. For both, we use language-
specific NER models for each of the nine target
languages rather than a single multilingual model,
as language-specific models gave consistently more
reliable entity extraction in our preliminary experi-
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Holistic-CoT

Holistic-CoT Prompt
desc.

+ event cox + anttes

prompt

~~~~~~~~~~~~

aaaaaaa

Spatial-CoT Prompt
ranked crops +

event otx + assignments.

Figure 4: Overview of CoT variants.

ments; the full list of models is provided in Table 4.
We used the most popular NER model per language
as it appears in HuggingFace.

C.1.1 Holistic-CoT

In Holistic-CoT, we first use Florence-2 (Xiao
et al., 2024) to generate a holistic natural-language
description of the image. This description acts
as a language-space proxy for the visual content,
enabling us to bridge the image and the textual
article within a shared representation. We use
this description as a query for retrieving the most
event-relevant passage from the article. Specifi-
cally, we embed all article sentences using BGE-
M3 (Chen et al., 2024), a multilingual dense re-
trieval model chosen for its strong cross-lingual
performance across our nine target languages, and
cluster them into candidate event groups using
HDBSCAN (Mclnnes et al., 2017). We use HDB-
SCAN rather than a fixed-k clustering method be-
cause the number of distinct events discussed in an
article is not known a priori and varies consider-
ably across articles; HDBSCAN infers the number
of clusters from the data and is robust to outlier sen-
tences that do not belong to any event. The cluster
whose centroid is most similar (by cosine simi-
larity) to the Florence-2 description embedding is
selected as the event context. A language-specific
NER model then extracts a structured set of entities
persons, organisations, locations, dates, and events
from this context. Finally, the extracted entities
and the event context are assembled into the struc-
tured prompt shown in Figure 4, which is passed
together with the original image to the LLM for
caption synthesis.

C.1.2 Spatial-CoT

While Holistic-CoT supplies the LLM with the
relevant entities and event context, its global im-
age description does not convey the spatial layout
of the scene. This can be important for correctly
grounding entities to specific visual regions for
example, attributing the right name to the right
person when several individuals appear in a single
image. Spatial-CoT addresses this by replacing the
holistic visual analysis with a region-level decom-
position. We segment the image into foreground
and background regions using SAM3 (Carion et al.,
2025), the third generation of the Segment Any-
thing Model, and assign each region a semantic
label (e.g., person, building). The NER entities
are then distributed across regions by type: person
entities are associated with person regions, while
location and organisation entities are associated
with building regions. This type-based heuristic
provides a soft alignment between textual entities
and visual regions without requiring explicit visual
grounding supervision. The LLM receives the origi-
nal image, the cropped region images, an event con-
text retrieved via the same BGE-M3 process used
in Holistic-CoT, and the resulting entity-to-region
assignment list. The prompt instructs the model to
describe the scene progressively from foreground
to background, following the region ordering, and
to use the assigned entity names verbatim. This
ordered, region-by-region formulation encourages
the model to produce captions in which named en-
tities are explicitly tied to the visual elements they
describe, rather than mentioned in isolation.
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Unique AvgImages Avg Content Avg Caption

# Language Code  Family |Train|  |Test| Articles / Article Tokens Tokens News Sources
1 D Albanian sqi Indo-European (Albanian) 8,703 1,000 4592 2.11 617.21 8.67 DW
2 I Amharic amh  Afro-Asiatic (Semitic) 12,555 1,000 8853 1.53 448.03 10.22 BBCIDWIVOA
3 I Arabic ara Afro-Asiatic (Semitic) 13,003 1,000 6904 2.03 814.39 13.28 BBCIDW
4 1 Armenian hye Indo-European (Armenian) 358 1,000 1185 1.15 966.67 827 VOA
5 Bengali ben Indo-European (Indo-Aryan) 22,686 1,000 8119 2.92 1052.13 10.14  BBCIDW I VOA
6 Bosnian bos Indo-European (Slavic) 10,803 1,000 5030 2.35 802.34 97 DW
7 Bulgarian bul Indo-European (Slavic) 9,343 1,000 6245 1.66 627.57 9.06 DW
8 I Burmese mya Sino-Tibetan (Tibeto-Burman) 12,492 1,000 7039 1.92 1863.94 15,76 BBCI|VOA
9 I Central Kurdish ckb Indo-European (Iranian) 4,372 1,000 4347 1.24 785.32 54 VOA
10 I Chinese (Mandarin)  cmn Sino-Tibetan (Sinitic) 58,125 1,000 37719 1.57 2150.15 20.79 BBCIVOA
11 Croatian hrv Indo-European (Slavic) 16,465 1,000 7265 2.4 726.34 10.21 DW
12 Ipari prs Indo-European (Iranian) 21,564 1,000 8707 2.59 479.63 16.53 BBCIDW | VOA
131 English eng Indo-European (Germanic) 135,416 1,000 58796 232 530.79 15.08 BBCIDW | VOA
14 | French fra Indo-European (Romance) 12,381 1,000 4167 3.21 1326.02 17.03 BBCIDW
15 Georgian kat Kartvelian (Karto-Zan) 4,492 1,000 2861 1.92 787.08 722 VOA
16 I German deu Indo-European (Germanic) 29,734 1,000 11564 2.66 765.66 11.85 DW
17 D Gujarati guj Indo-European (Indo-Aryan) 11,182 1,000 3192 3.82 1227.42 10.15 BBC
18 I Haitian Creole hat Creole (French-based) 883 1,000 1044 1.8 178.82 14.64 VOA
19 DHausa hau Afro-Asiatic (Chadic) 17,928 1,000 6483 2.92 361.48 12.54 BBCIDWIVOA
20 Hindi hin Indo-European (Indo-Aryan) 14,984 1,000 4057 3.94 1786.29 12.54 BBCIDW
21 ligbo ibo Niger-Congo (Volta-Niger) 534 1,000 540 2.84 709.64 11.09 BBC
22 Indonesian ind Austronesian (Malayo-Polynesian) 13,690 1,000 2863 5.13 1671.56 15.77 BBCIDW
23 [ Japanese jpn Japonic (Japanese) 7,641 1,000 3805 227 1286.89 20.63 BBC
24 I Khmer khm Austroasiatic (Khmer) 9,556 1,000 6875 1.54 9494.9 31.21 VOA
25 1 Kinyarwanda kin Niger-Congo (Bantu) 9,449 1,000 6483 1.61 545.77 12.36  BBCIVOA
26 Korean kor Koreanic (Korean) 7,241 1,000 2624 3.14 1777.02 24.68 BBC
27 I Kurmanji Kurdish kmr Indo-European (Iranian) 4,360 1,000 4339 1.24 785.22 539 VOA
28 IKyrgyz kir Turkic (Kipchak) 4,926 1,000 1781 3.33 911.4 9.14 BBC
29 ILao lao Kra-Dai (Tai) 7,060 1,000 5066 1.59 1983.87 35.12  VOA
30 1 Lingala lin Niger-Congo (Bantu) 305 1,000 835 1.56 214.06 24.87 VOA
31 I Macedonian mkd Indo-European (Slavic) 2,648 1,000 1735 2.1 676.88 123 DW
32 IMarathi mar Indo-European (Indo-Aryan) 6,918 1,000 1791 442 1269.09 10.25 BBC
33 1 Nepali nep Indo-European (Indo-Aryan) 4,562 1,000 1983 2.8 878.34 10.66 BBC
34 1 Nigerian Pidgin pcm Creole (English-based) 4,293 1,000 2081 2.54 949.04 13.72 BBC
35 I North Ndebele nde Niger-Congo (Bantu) 2,454 1,000 2658 1.3 481.72 7  VOA
36 1 oromo orm Afro-Asiatic (Cushitic) 1,583 1,000 1294 2 875.75 10.18 BBC
37 I Pashto pus Indo-European (Iranian) 10,869 1,000 7407 1.6 962.56 16.36  BBCIDW I VOA
38 Persian fas Indo-European (Iranian) 64,713 1,000 24795 2.65 2149.68 16.15 BBCIDW | VOA
39 Polish pol Indo-European (Slavic) 7,564 1,000 4350 1.97 717.68 10.19 BBCIDW
40 | Punjabi pan Indo-European (Indo-Aryan) 6,461 1,000 1520 491 1411.16 14.16 BBC
41 Romanian ron Indo-European (Romance) 5,872 1,000 3321 2.07 835.2 1048 DW
42 Russian rus Indo-European (Slavic) 23,134 1,000 14759 1.64 1280.46 10.37 BBCIDW | VOA
43 Dscottish Gaelic gla Indo-European (Celtic) 0 585 289 2.02 560.22 14.88 BBC
44 Serbian sIp Indo-European (Slavic) 6,626 1,000 1990 3.83 1344.64 12.02 BBC
45  IShona sna Niger-Congo (Bantu) 433 1,000 818 1.75 529.34 6.09 VOA
46 D Sinhala sin Indo-European (Indo-Aryan) 2,416 1,000 1046 3.27 1194.25 16.39 BBC
47  I'Somali som Afro-Asiatic (Cushitic) 5,312 1,000 4433 1.42 518.21 7.95 BBCIVOA
48 I'swanili swa Niger-Congo (Bantu) 12,562 1,000 8163 1.66 505.26 13.24 BBCIDWI|VOA
49 ITelugu tel Dravidian (South-Central) 3,253 1,000 1245 3.42 730.93 754 BBC
50 Thai tha Kra-Dai (Tai) 21,589 1,000 10119 2.23 1436.51 20.87 BBCIVOA
51 I Tibetan bod Sino-Tibetan (Tibeto-Burman) 331 1,000 606 22 2248.97 1444 VOA
52 1 Tigrinya tir Afro-Asiatic (Semitic) 3,028 1,000 2146 1.88 732.16 9.79 BBCIVOA
53 Turkish tur Turkic (Oghuz) 31,061 1,000 14953 2.14 740.71 10.9 BBCIDWIVOA
54 Ukrainian ukr Indo-European (Slavic) 9,044 1,000 5354 1.88 799.28 9.9 BBCIDW
55 Urdu urd Indo-European (Indo-Aryan) 28,707 1,000 11597 2.56 4575.03 17.24  BBCIDW | VOA
56 Uzbek uzb Turkic (Karluk) 4,340 1,000 1742 3.07 1291.93 12.66 BBC
57 Vietnamese vie Austroasiatic (Vietic) 21,881 1,000 15786 1.45 1829.61 19.38 BBCI|VOA
58 I'Welsh cym Indo-European (Celtic) 4,671 1,000 1889 3 672.81 14.81 BBC
59  IYoruba yor Niger-Congo (Volta-Niger) 0 295 145 2.03 607.95 13.61 BBC

Table 6: Dataset statistics for LaMuN. Languages are categorised as high-resource I, mid-resource ', and low-resource
I following Joshi et al. (2020).

27662



