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Abstract

Language models have achieved state-of-the-
art performance across many natural language
processing (NLP) tasks, but low-resource lan-
guages remain underrepresented due to lim-
ited pre-training data and evaluation bench-
marks. While recent efforts have introduced
corpora, models, and benchmarks for such lan-
guages, most focus on a single language in
isolation. This is particularly limiting in mul-
tilingual countries such as Sri Lanka, where
the lack of comparable multilingual resources
hinders the development and fair evaluation of
models across languages. To address this gap,
we introduce CEYNEWS, the largest trilin-
gual news corpus for Sinhala, Tamil, and En-
glish. The dataset contains over 1.02 mil-
lion articles (136 million tokens) collected be-
tween 2013 and 2026 from three news sources,
with full article text and rich metadata. Us-
ing CEYNEWS, we develop three downstream
tasks: news source identification, news cat-
egory classification, and headline generation,
and evaluate multilingual models across differ-
ent learning settings. Our results demonstrate
the challenges of applying multilingual mod-
els to these tasks, particularly for the headline
generation task. CEYNEWS fills a major gap
in Sri Lankan and South Asian language re-
sources and is publicly released to support re-
search in multilingual NLP, LLM adaptation,
and digital humanities.

1 Introduction

The rapid advancement of language models
(LMs) (Devlin et al., 2019; Brown et al., 2020) has
transformed natural language processing (NLP),
achieving state-of-the-art performance across a
wide range of tasks (Ghaseminejad Raeini, 2025).
However, the success of LMs is heavily dependent
on the availability of large-scale, high-quality pre-
training corpora (de Gibert et al., 2024). As a
result, their capabilities remain disproportionately
concentrated in high-resource languages.

Low-resource languages, in contrast, continue
to lag significantly behind (Joshi et al., 2020). This
disparity is further amplified by the limited avail-
ability of curated benchmarks for low-resource
languages, hindering reliable evaluation (Hu et al.,
2020; Shardlow et al., 2024a,b). As a result, ex-
tending the benefits of language models to low-
resource languages remains an open and pressing
challenge (Hettiarachchi et al., 2026, 2025).

Addressing this, recent efforts have sought to
develop language resources for low-resource lan-
guages, including corpora (Hettiarachchi et al.,
2024; Charfi et al.,, 2019), pre-trained mod-
els (Dhananjaya et al., 2022; Evdaimon et al.,
2024), and benchmarks (Micallef and Borg, 2025;
Urbizu et al., 2022). However, most focus on in-
dividual languages in isolation, with comparable
multilingual resources that enable cross-lingual
pre-training and evaluation within a single linguis-
tic or national context remain scarce. This is
particularly problematic in multilingual societies,
where unequal language representation can lead
to weaker models and unfair evaluation across lan-
guages (Blasi et al., 2021).

In this work, we address this gap for Sri Lanka,
a setting that presents a compelling case for mul-
tilingual resource development. In Sri Lanka, Sin-
hala and Tamil serve as official languages, with En-
glish functioning as a link language (Mendis and
Rambukwella, 2020). Despite this official mul-
tilingualism, large-scale resources spanning all
three languages remain scarce (Ranathunga et al.,
2025). Sinhala has benefited from recent efforts to
develop large-scale corpora (Hettiarachchi et al.,
2024), benchmarks (Ranasinghe et al., 2025a,b,c),
and language models (Dhananjaya et al., 2022).
However, Tamil resources and models are predom-
inantly focused on Indian Tamil (Unjum et al.,
2025), resulting in degraded performance on Sri
Lankan Tamil (Jeyarajalingam et al., 2026; Ma-
haganapathy et al., 2026; Thillainathan et al.,
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2026). Although the two varieties are mutually
intelligible, they exhibit systematic differences
at the phonological, lexical, morphological, and
syntactic levels, reflecting their distinct histori-
cal development and patterns of language (Unjum
et al., 2025; Krishnamurti, 2003; Schiffman, 1999;
Kailainathan, 1999).

These challenges highlight a broader limitation
in Sri Lankan NLP, as Sinhala primarily suffers
from limited data availability, while Sri Lankan
Tamil remains underrepresented in existing multi-
lingual resources. Moreover, most datasets, bench-
marks, and models have been developed sepa-
rately for individual languages, resulting in frag-
mented resources that inadequately support multi-
lingual training and evaluation. This is particularly
problematic in Sri Lanka, where public services,
education, media, and everyday communication
often involve Sinhala, Tamil, and English, with
frequent code-switching that monolingual models
fail to capture (Ranathunga et al., 2025). There-
fore, there is a pressing need for cross-lingual
corpora and unified benchmarks that represent all
three languages within a shared national context.

In this paper, we introduce CEYNEWS, a uni-
fied trilingual news corpus for Sri Lanka, designed
to support multilingual and cross-lingual NLP re-
search under realistic national settings. It com-
prises over 1.02 million articles from three major
Sri Lankan outlets-Ada Derana, Hiru, and ITN-
spanning 2013-2026. Unlike Sinhala-only cor-
pora such as NSINA (Hettiarachchi et al., 2024)
or general-purpose multilingual document collec-
tions (Senaratna, 2026), CEYNEWS is purpose-
built for benchmarked multilingual and cross-
lingual NLP evaluation, providing standardised
trilingual splits across Sinhala, Tamil, and English
within a single framework. Our main contribu-
tions are as follows:

(i) We introduce CEYNEWS, the largest trilin-
gual, processable, news corpus for Sri Lanka
to date, comprising over 1.02 million articles
and 136 million tokens.!

(ii) We construct three CEYNEWS-based bench-
marks: (i) news source identification,
(i) news category classification, and (iii)
headline generation, with standardised
train/validation/test splits covering all three
languages.

'Our dataset is available at https://zenodo.org/
records/20579021.

(iii) We evaluate state-of-the-art multilingual
models, analysing in-language performance
and cross-lingual transfer among the three
languages, and provide insights into multilin-
gual generalisation in a low-resource setting.

2 CEYNEWS Corpus

We first describe the corpus collection method-
ology, followed by a statistical analysis of
CEYNEWS.

2.1 Data Collection

We selected three major Sri Lankan news outlets:
Ada Derana, Hiru News, and I'TN News, based on
their coverage of both Sinhala and Tamil. Ada De-
rana and Hiru News also publish English-language
news, enabling the construction of a trilingual cor-
pus, while ITN News was used only for Sinhala
and Tamil as no corresponding English-language
news section was available.

For each available article, we collected the
source, publication timestamp, headline, article
content, URL, and news category when the cat-
egory was available. We developed a separate
crawling strategy for each outlet because their
structures and content delivery mechanisms dif-
fered.

2.1.1 Ada Derana

Ada Derana articles were collected using a se-
quential, identifier-based crawling strategy. The
scraper systematically generated article URLs by
incrementing this identifier and retrieved each
available article page. Direct HTTP requests to the
website encountered a JavaScript-based browser
validation mechanism. Therefore, Selenium Web-
Driver with headless Chrome was initially used
to load a seed page and establish a valid browser
session. The resulting session cookies were trans-
ferred to a persistent requests.Session, which
was subsequently used to retrieve the public arti-
cle pages more efficiently. When the session ex-
pired, or the browser validation page reappeared,
the session—initialisation procedure was repeated.
The timestamp, headline, and article content were
extracted from each successfully retrieved page
using BeautifulSoup. News categories were not
collected because this information was not avail-
able on the individual article pages. Failed re-
quests were retried using incremental backoff, and
a checkpoint containing the most recently pro-
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cessed identifier allowed interrupted crawling runs
to resume without restarting the collection.

2.1.2 Hiru News

Two crawling strategies were used for Hiru News
because its multilingual content was exposed
through different interfaces. Sinhala and English
articles were retrieved through paginated API end-
points that returned batches of articles in JSON
format. The endpoints were queried using the
page number and news category. From each re-
sponse, we extracted the timestamp, headline, ar-
ticle content, URL, and category. Tamil arti-
cles were collected from individual article pages
containing sequential numeric identifiers in their
URLSs. The scraper incremented these identifiers,
retrieved each available page through HTTP re-
quests, and extracted the timestamp, headline, arti-
cle content, and category.

2.1.3 ITN News

ITN News articles were collected using a date-
based archive traversal strategy. For every date
within the predefined collection period, the scraper
generated the corresponding daily archive URL
and traversed all available pagination pages. Ar-
ticle links were first extracted from these index
listings, after which each individual page was re-
trieved. The timestamp, headline, article content,
category, and URL were extracted from each entry
and stored in JSON format.

2.2 Data Preprocessing

After data collection, the extracted articles under-
went a multi-stage preprocessing pipeline. Uni-
code NFC normalisation was applied to the head-
lines and article content, and selected Unicode
artefacts introduced during web extraction were re-
moved. Manually defined rule-based cleaning pro-
cedures were applied to remove WordPress short-
codes, embedded-media markup, residual HTML
elements, URLs, duplicated timestamp headers,
separator lines, source attributions, reporter by-
lines, and website-navigation remnants. Quotation
marks and dashes were standardised, and redun-
dant whitespace was collapsed.”

Records with missing or empty headlines or arti-
cle content after preprocessing were excluded. Ex-
act duplicates were identified using the normalized
headline—content pair, and only one instance of

>The crawling and preprocessing code is publicly avail-
able at https://github.com/LTG-UoJ/CeyNews.

each duplicate was retained. All available meta-
data fields were preserved.

2.3 CEYNEWS Corpus Statistics

After preprocessing, the resulting CEYNEWS cor-
pus contains approximately 1.026 million arti-
cles and 136 million words. We report corpus
size in words to provide a model-independent
measure that does not depend on the vocabu-
lary or tokenization scheme of a particular lan-
guage model. For the subsequent token-length
analysis, we used the pretrained XLM-RoBERTa
tokenizer as a common multilingual subword-
tokenization framework (Conneau et al., 2020) be-
cause CEYNEWS is intended to support multilin-
gual NLP and language-modeling applications.

To enhance the historical coverage of
CEYNEWS and avoid redundant data collection,
we also provide mappings to relevant portions
of the existing NSINA corpus (Hettiarachchi
et al., 2024). Specifically, Ada Derana Sinhala is
mapped to NSINA articles published before 2017,
while ITN Sinhala is mapped to articles published
before 2023. Therefore, the Ada Derana and ITN
Sinhala article counts reported in Table 1 include
these incorporated NSINA articles. The table
presents the overall distribution of articles across
languages and sources, with Ada Derana and Hiru
providing substantial coverage across all three
languages.

To provide a more detailed characterization of
the linguistic structure of the corpus, we analysed
arandom sample of 100,000 articles from each lan-
guage. This analysis was performed on article con-
tent only, excluding headlines. Sentence segmen-
tation and word-level tokenization were performed
using Stanza® for English and Tamil and Sinling*
for Sinhala. In this analysis, a token refers to a
word-level token, and a unique token type refers to
a distinct surface word form rather than a lemma.
Table 2 reports the resulting sentence, token, vo-
cabulary, and length statistics. The sampled En-
glish articles contain 18.64 million word-level to-
kens across 825,785 sentences, while the corre-
sponding Tamil and Sinhala samples contain 10.09
million and 12.07 million tokens, respectively. En-
glish articles contain an average of 186.36 tokens
and 8.26 sentences per article. The correspond-
ing averages for Tamil are 100.93 tokens and 7.15

Shttps://stanfordnlp.github.io/stanza/
*https://github.com/ysenarath/sinling
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Source Tamil Sinhala English

From To Articles Tokens From To Articles Tokens From To Articles Tokens
Ada Derana 2013 2025 158,289 21,343,134 2008 2025 193,190 26,752,342 2013 2025 78,745 18,086,084
Hiru 2017 2026 154,013 13,174,057 2013 2026 272,275 32,155,375 2013 2026 150,693 25,803,113
ITN 2018 2026 48,671 4,174,477 2022 2026 60,145 8,137,253
Total 360,973 38,691,668 525,610 67,044,970 229,438 43,889,197

Table 1: Dataset statistics across news sources and languages. The Ada Derana Sinhala counts include NSINA
articles published before 2017, while the ITN Sinhala counts include NSINA articles published before 2023 (Het-

tiarachchi et al., 2024).

sentences per article, while Sinhala articles con-
tain 120.70 tokens and 5.96 sentences per article.
At the sentence level, English has an average of
22.57 tokens per sentence, compared with 14.11
for Tamil and 20.26 for Sinhala. The median sen-
tence lengths are 22 tokens for English, 13 for
Tamil, and 18 for Sinhala. The sampled Tamil ar-
ticles contain 514,069 unique surface token types,
whereas the English sample contains 214,032 and
the Sinhala sample contains 218,946.

For further analysis, we examined XLM-R
subword-token length distributions and year-wise
article coverage across Sinhala, Tamil, and En-
glish. The article distributions were based on data
collected by our crawlers between 2013 and 2025.
Sinhala articles from Ada Derana before 2017
and ITN before 2023 are excluded from the year-
wise analysis, as these articles were obtained from
the NSINA corpus. Figures 1 and 2 present the
subword-token-length distributions of the head-
lines and article content, respectively. As shown,
most headlines contain 12-20 tokens, whereas
most articles contain approximately 75-225 to-
kens. Sinhala has the largest annual article volume,
reaching around 48,000 articles in 2024, followed
by Tamil, which peaks at approximately 42,000
articles in 2020. English contains fewer articles
overall, with approximately 12,000-28,000 arti-
cles per year. These distributions demonstrate sub-
stantial coverage across all three languages while
also highlighting differences in the volume and
temporal availability of news content.

3 Benchmark Tasks

We derive three benchmark tasks using CEYNEWS
that capture complementary aspects of news pro-
cessing to show the utility of the corpus like
CEYNEWS: (i) news source identification, (ii)
news category classification, and (iii) news head-
line generation. The first two are classifica-
tion tasks that assess whether models can capture
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outlet-specific and topic-specific patterns across
Sinhala, Tamil, and English, while the third evalu-
ates generative ability by requiring models to pro-
duce concise headlines from full articles. Together,
these tasks provide a realistic testbed for analysing
both language understanding and generation in the
Sri Lankan multilingual context.

The task definitions, models, and evaluation
metrics were informed by the experimental design
of the NSINA corpus (Hettiarachchi et al., 2024),
while being adapted to the trilingual setting and
task requirements of CEYNEWS.

For each task, we constructed fixed training, val-
idation, and test splits and evaluated the models
under three experimental settings:



Language Sentences Tokens Unique Types Sent./Article Tok./Article Tok./Sent. Median Tok./Sent.
Tamil 715,429 10.09 M 514,069 7.15 100.93 14.11 13
Sinhala 595,661 12.07M 218,946 5.96 120.70 20.26 18
English 825,785 18.64 M 214,032 8.26 186.36 22.57 22

Table 2: Linguistic statistics computed from 100,000 randomly sampled articles per language using article content

only. Tokens refer to word-level tokens.

1. Supervised fine-tuning: Models are fine-
tuned on the combined trilingual training data
and evaluated separately on each language.
We focus on multilingual transformer models

2. Few-shot evaluation: LLaMA 3.1-8B-
Instruct is evaluated without task-specific
fine-tuning to assess few-shot performance
on the defined tasks.

3. Cross-lingual transfer: Finally, the best-
performing model from the supervised fine-
tuning is trained on one language and eval-
uated on another to assess transferability be-
tween Sinhala and Tamil.

The following subsections describe the tasks,
the machine learning models trained for each task,
and the corresponding results.

3.1 Task 1: News Source Identification

News source identification classifies articles by
their originating outlet using textual content. It
may capture outlet-specific linguistic patterns, re-
flecting differences in editorial policy, tone, and
lexical choice.

3.1.1 Data

For news source identification, the input consists
of the cleaned article content, and the target label
represents the originating news outlet. Source la-
bels were automatically derived from the prove-
nance metadata recorded during data collection
rather than manually annotated. Articles collected
from the Ada Derana, Hiru News, and ITN News
websites were assigned the corresponding source
labels. To prevent the models from relying on ex-
plicit source indicators, URLS, source attributions,
reporter bylines, and website-navigation remnants
were removed from the article content during pre-
processing.

We randomly sampled 39,680 articles from
each available language—source combination, re-
sulting in a total of 317,440 articles across eight
language—source combinations. ITN News was

not included for English because it does not pro-
vide an English-language news section.

The data were divided into training, validation,
and test sets using an 80/10/10 ratio with source
stratified sampling. The data from all three lan-
guages were then combined, and the training set
was randomly shuffled before model training.

3.1.2 Models & Experimental Setup

We evaluated four multilingual encoder models:
XLM-R Base (Conneau et al., 2020), XLM-R
Large (Conneau et al., 2020), InfoXLM Large
(Chi et al., 2021), and mmBERT (Warner et al.,
2025). All models were fine-tuned on the com-
bined trilingual corpus for one epoch using a learn-
ing rate of 2 x 107>, a batch size of 16, and a
maximum sequence length of 256. Based on trilin-
gual fine-tuning performance, XLM-R Large was
selected for cross-lingual transfer experiments,
where it was trained on one language and evalu-
ated on both in-language and cross-language test
sets. We report Macro-F1 scores (Sokolova and
Lapalme, 2009).

3.1.3 Results

Table 3 reports the Macro-F1 scores for news
source identification. In the supervised fine-tuning
setting, all multilingual encoders perform strongly,
with XLM-R Large achieving the best results for
Sinhala (0.967) and Tamil (0.812), and mmBERT
performing best for English (0.949). These high
scores across architectures suggest that news out-
lets exhibit strong outlet-specific structural and
stylistic signatures — such as characteristic sen-
tence length, punctuation conventions, formatting
patterns, and recurring phrasing — that persist even
after removing explicit source indicators during
preprocessing, making the task highly learnable
despite these controls.

Figure 3 shows confusion matrices for the best-
performing model (XLM-R Large) across all three
languages, providing insight into the lower Tamil
performance noted above. For Sinhala, misclas-
sifications are minimal and evenly rare across
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all outlet pairs, consistent with its near-perfect
Macro-F1. For Tamil, however, errors are con-
centrated asymmetrically: ITN News articles are
frequently misclassified as Ada Derana (1,233 in-
stances), substantially more than any other con-
fusion pair, while Hiru News remains compara-
tively well-separated from both. This suggests that
ITN and Ada Derana’s Tamil-language editions
may share more similar journalistic style or con-
tent conventions than either shares with Hiru. For
English, which includes only two sources, confu-
sion is moderate and roughly symmetric between
the two classes.

In contrast, cross-lingual transfer is substan-
tially weaker: models perform well on the lan-
guage they are trained on but degrade sharply
when evaluated on other languages, indicating lim-
ited transferability for source-specific stylistic fea-
tures. Notably, transfer between the two local
languages is consistently stronger than transfer to
English in both directions. This asymmetry indi-
cates that Sinhala and Tamil source-identification
features transfer more readily between each other
than either does to English.

Setting Model Sinhala  Tamil  English
InfoXLM Large 0.964 0.789 0.926
Fine-tuni mmBERT 0.943 0.802 0.949
me-uning ¥ M-R Base 0964 0799  0.931
XLM-R Large 0.967 0.812 0.935

Sinhala Fine-tuned 0.968 0.345 0.273
Tamil Fine-tuned 0.390 0.814 0.114

Cross-
lingual

Table 3: Macro-F1 scores for news source identifica-
tion

3.2 News Category Classification

News category classification assigns articles to
predefined topical categories based on their con-
tent. It is a standard NLP task with applications in
information organisation and retrieval (Bracewell
et al., 2009).

3.2.1 Data

For this task, the article content was used as the
model input, and the news category served as the
target label. Category labels were derived from the
metadata provided by the original news websites
rather than manually annotated. Ada Derana arti-
cles were excluded from this task because category
information was not available on its individual ar-
ticle pages.

Hiru News provided five category labels: Lo-
cal, International, Sports, Business, and Entertain-

ment. ITN News used a broader and less consis-
tent category scheme, including composite labels
such as Sports _ Local News and Breaking News _
International News. We therefore applied a rule-
based mapping to harmonise the source-specific
labels into five common categories: Local, Inter-
national, Sports, Business, and Entertainment. We
then selected the four most frequent categories: (i)
Local, (i1) International, (iii) Sports, and (iv) Busi-
ness. Entertainment was excluded because it con-
tained substantially fewer articles than the other
categories.

For the Local, International, and Sports cate-
gories, we randomly selected 7,000 articles per
language and category. For Business, all avail-
able Tamil and Sinhala articles were retained be-
cause of their limited availability. The result-
ing category-classification benchmark contains
81,309 articles in total.

The data were divided into training, validation,
and test sets using an 80/10/10 ratio with category-
stratified splitting. Data from all three languages
were then combined, and the resulting multilin-
gual training set was randomly shuffled before
model training.

3.2.2 Models & Experimental Setup

We evaluated the same four multilingual encoder
models used for source identification: XLM-R
Base, XLM-R Large, mmBERT, and InfoXLM
Large. All models were fine-tuned on the com-
bined trilingual corpus for one epoch with a learn-
ing rate of 2 x 1072, a batch size of 16, and a max-
imum sequence length of 256. For cross-lingual
transfer, we selected InfoXLM Large, the best-
performing model in the trilingual fine-tuning set-
ting.

3.2.3 Results

Table 4 reports the Macro-F1 scores for category
classification. In the supervised fine-tuning set-
ting, all models perform competitively across lan-
guages, with InfoXLLM Large achieving the best
scores for Sinhala (0.900) and Tamil (0.934), and
mmBERT performing best for English (0.933).
Figure 4 shows confusion matrices for the best-
performing model (InfoXLM Large) across all
three languages. Sports remains almost perfectly
separated in every language, consistent with its
near-perfect recall. Local is the most error-prone
true category across all languages, but its confu-
sions are distributed differently in each: in Sinhala,

313



News Source Identification — Sinhala

o
8
3 7915

True source
N
=
S
True source

73 278 1233

ITN News
ITN News

Ada Derana Hiru News
Predicted source

(a) Sinhala

News Source Identification — Tamil

787

Hiru News.
Predicted source

(b) Tamil

News Source Identification — English

True source

Hiru News

Predicted source

(c) English

Figure 3: Confusion matrices for news source identification (XLM-R Large) across all three languages.

Local articles are most often misclassified as In-
ternational, whereas in Tamil and English, Local
errors are more evenly split between International
and Business.

Cross-lingual transfer shows some degradation,
but the drop is moderate compared to source iden-
tification, suggesting that category classification
transfers better across languages. This is consis-
tent with the per-class pattern above: Sports arti-
cles rely heavily on named entities and specialised
terminology, including player names, team names,
and tournament names that often remain recognis-
able even across scripts, whereas source identifica-
tion depends on outlet-specific style, wording, and
editorial conventions that are more language- and
script-bound and therefore harder to transfer.

Setting Model Sinhala Tamil English
InfoXLM Large 0.900 0.934 0.930
Fine- mmBERT 0.885 0.931 0.933
tuning XLM-R Base 0.894 0.928 0.928
XLM-R Large 0.899 0.935 0.929
Cross- Sinhala 0.904 0.890 0.850
lingual ~ Tamil 0.854 0.925 0.836

Table 4: Macro-F1 scores for news category classifica-
tion

3.3 Headline Generation

Headline generation is a Natural Language Gen-
eration (NLG) task where the model generates a
news headline from the full article content.

3.3.1 Data

For headline generation, the News Content field
was used as the model input, and the correspond-
ing Headline field was used as the target output.
We extracted the headlines from the original news
articles during data collection.

We used all available Tamil and English article—
headline pairs, while the Sinhala dataset was
down-sampled to approximately match the size of
the Tamil dataset. The resulting benchmark con-
tains 360,948 Sinhala articles (37.9%), 360,884
Tamil articles (37.9%), and 229,420 English ar-
ticles (24.1%), giving a total of 951,252 article—
headline pairs.

The data were divided into training, validation,
and test sets using an 80/10/10 ratio. Data from
all three languages were then combined, and the
resulting multilingual training set was randomly
shuffled before model training.

3.3.2 Models & Experimental Setup

We evaluated three multilingual sequence-to-
sequence models: mBART-large-50 (Liu et al.,
2020), mT5-base (Xue et al., 2021), and mT5-
large (Xue et al., 2021). Models were fine-tuned
on the combined trilingual corpus for one epoch
with a learning rate of 1 x 1075, batch size of
8, maximum input length of 256, and maximum
target length of 64. For cross-lingual transfer,
we selected mT5-large. We report BLEU (Pap-
ineni et al., 2002) and Translation Edit Rate (TER)
(Snover et al., 2006).

3.3.3 Results

Table 4 reports BLEU and TER scores for headline
generation. In the fine-tuned setting, mBART-50
performs best for Sinhala and Tamil, achieving the
highest BLEU and lowest TER, while mT5-large
performs best for English and shows stable per-
formance across all three languages. Compared
to the classification tasks above, absolute BLEU
scores are low across all languages and models
(0.13-0.23) even in the fine-tuned setting. This is
expected given the nature of the task: unlike clas-
sification, where each example has a single cor-
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Figure 4: Confusion matrices for news category classification (InfoXLM Large) across all three languages.

rect label, headline generation is an open-ended
summarisation task with many valid outputs for a
given article, so n-gram overlap metrics such as
BLEU and TER can penalise fluent, semantically
appropriate headlines that do not closely match the
exact reference wording. We report BLEU and
TER as they are the standard metrics used in prior
Sinhala headline generation work (Hettiarachchi
et al., 2024). This limitation may be more pro-
nounced for Sinhala and Tamil, whose morpholog-
ically rich, agglutinative structure allows a single
word to take many valid inflected forms; exact lex-
ical matching can therefore treat such variants as
mismatches, which may contribute to the compar-
atively lower scores observed for these languages
relative to English.

Cross-lingual transfer shows a substantial drop
across all languages, with very low BLEU scores
and high TER values. This indicates that headline
generation is difficult to transfer across languages,
likely because it requires not only content under-
standing but also language-specific generation and
summarisation style or conventions. This is a
stronger requirement than the pattern-matching un-
derlying the classification tasks discussed earlier:
whereas source identification and category classi-
fication rely on recognising structural or topical
signals in text the model has already seen, head-
line generation requires producing fluent, gram-
matically well-formed output in a target language,
which is substantially harder to achieve without in-
language supervision.

3.4 Few-shot Evaluation

We evaluated a Llama model because its vari-
ants are openly available, relatively lightweight,
and widely used in practical applications (Llama,
2023). Based on these considerations, we selected

Sinhala Tamil English
Setting Model BLEU TER BLEU TER BLEU TER
mBART-50  0.167 0.946 0.234 0.811 0.151 0.926
Fine-tuned ~ mT5-base 0.134 1.058 0201 0.877 0.183 0815
mT5-large 0.150 0998 0.219 0.838 0.205 0.779
Cross- Sinhala 0.019 1.830 0.032 2364 0.025 2.240
lingual Tamil 0.021  2.123  0.037 2416 0.027 2.826

Table 5: BLEU and TER scores for headline generation

Llama 3.1-8B-Instruct for few—shot in—context
learning evaluation. We did not use SinL.lama (Ar-
avinda et al., 2025) because it is a Sinhala-specific
pretrained model and no instruction-tuned variant
was available for a comparable prompting-based
evaluation. For each task and language, we evalu-
ated Llama on a class-stratified subsample of 500
instances drawn from the same held-out test split
used for the fine-tuned models. This sampling
strategy was used to make the evaluation computa-
tionally tractable while maintaining representation
across classes.

For classification tasks, the number of demon-
strations was set to the number of classes, so that
each class was represented once in the prompt.
Accordingly, we used 4-shot prompts for cate-
gory classification, 3-shot prompts for Sinhala and
Tamil source identification, and 2-shot prompts for
English source identification. For headline gener-
ation, which does not involve discrete class labels,
we used a fixed 3-shot prompt. All prompts were
constructed using the Llama instruction chat tem-
plate.

The detailed few—shot evaluation results for
news source identification, news category classi-
fication, and headline generation, are provided in
Tables 6, 7, and 8, respectively, in Appendix A.
The model performs relatively better on English,
achieving a Macro-F1 of 0.737 for category classi-
fication and 0.545 for source identification, while
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obtaining a BLEU score of 0.067 for headline gen-
eration. In contrast, performance on Sinhala and
Tamil remains extremely low across the evaluated
tasks.

For Sinhala and Tamil, the model often gener-
ates corrupted or unreadable character sequences,
suggesting tokenisation and script-handling is-
sues.

4 Research Directions

The findings from this study point to several direc-
tions for future research. Building on CEYNEWS,
future work can explore the following directions:

* Improved cross-lingual transfer: The weak
transfer observed in source identification and
headline generation suggests the need for bet-
ter language alignment methods. Future work
could explore bi-encoder architectures, multi-
lingual contrastive learning, and shared repre-
sentation alignment techniques to reduce the
gap between in-language and cross-lingual
performance.

¢ Comparative multilingual news analysis:
Since CEYNEWS contains comparable news
articles across Sinhala, Tamil, and English, it
can support social science research on how
the same or related events are reported differ-
ently across languages, such as framing, em-
phasis, sentiment, terminology, and narrative
structure across language communities.

* Parallel and semi-parallel corpus construc-
tion: Although CEYNEWS is large-scale and
trilingual, it is comparable rather than par-
allel. Future work could use cross-lingual
news alignment techniques to identify article
pairs or clusters describing the same events,
enabling more controlled multilingual and
translation-oriented research.

* Script-robust multilingual models: The
poor few-shot performance of Llama 3.1-8B-
Instruct on Sinhala and Tamil, including cor-
rupted or unreadable outputs, suggests limita-
tions in tokenisation and script representation.
This also opens an important direction for fu-
ture research.

5 Conclusion

This paper introduced CEYNEWS, a large-scale
trilingual Sri Lankan news corpus comprising over

1.02 million articles and 136 million tokens in Sin-
hala, Tamil, and English, collected from three ma-
jor outlets between 2013 and 2026. We derived
three benchmarks — news source identification,
news category classification, and headline gen-
eration — and evaluated multilingual models un-
der supervised fine-tuning, cross-lingual transfer,
and few-shot settings. The results show that fine-
tuned multilingual models perform strongly, but
cross-lingual transfer remains task-dependent: cat-
egory classification transfers relatively well, while
source identification degrades sharply across lan-
guages. Few-shot evaluation with LLaMA 3.1-8B-
Instruct further reveals serious script-level robust-
ness issues for Sinhala and Tamil. By releasing
CEYNEWS, we aim to support multilingual NLP,
cross-lingual transfer research, and more equitable
language technology development for Sri Lankas
multilingual communities.

6 Limitations

The main contribution of this work is the
CEYNEWS corpus and its standardised multilin-
gual benchmark splits. The reported model results
are intended as baseline results to demonstrate the
usefulness of the corpus, rather than as state-of-
the-art results. To ensure a controlled comparison,
all models were fine-tuned for one epoch using
fixed hyperparameters across languages. More ex-
tensive hyperparameter tuning and ablation stud-
ies are left for future work.

7 Ethical Considerations

We considered ethical and privacy aspects dur-
ing the construction and release of the CEYNEWS
corpus. Before crawling, we examined the pub-
licly available robots. txt files of all three news
sources. The collection followed the available
crawling directives and did not intentionally ac-
cess paths explicitly disallowed by these files.

To reduce the risk of author profiling, the pub-
licly released dataset has been randomized and
does not preserve the original chronological or
author-based ordering of the articles.
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A Few-shot Evaluation Results

This appendix provides the detailed results of the
few—shot evaluation described in Section 3.4. The
evaluation covers three tasks: headline genera-
tion, news category classification, and news source
identification. Results are reported separately for
Tamil, Sinhala, and English using the same eval-
uation settings described in the main paper. For
headline generation, BLEU and Translation Edit
Rate (TER) scores are reported, while Macro-F1
is reported for the two classification tasks.

Language Macro-F1
Sinhala 0.0040
Tamil 0.0040
English 0.5448

Table 6: News source identification results in the few-
shot setting.

Language Macro-F1
Sinhala 0.0000
Tamil 0.0000
English 0.7366

Table 7: News category classification results in the few-
shot setting.

Language BLEU TER
Sinhala 0.0004 7.2935
Tamil 0.0013 5.5479
English 0.0667  10.5605

Table 8: Headline generation results in the few-shot set-
ting.

The TER scores should be interpreted together
with the generated headline length and quality.
The English model generally produces longer and
more complete headlines, which can result in a
higher number of edits when the generated head-
line differs in length from the reference. Although
the generated headline is semantically related, its
different wording and length lead to a higher TER.
In contrast, the Sinhala and Tamil outputs are often
very short or incomplete. Therefore, TER alone
does not fully reflect the quality of the generated
headlines.
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