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 A B S T R A C T

This paper presents a multi-way parallel English-Tamil-Sinhala corpus annotated with Named Entities (NEs), 
where Sinhala and Tamil are low-resource languages. Using pre-trained multilingual Language Models (mLMs), 
we establish new benchmark Named Entity Recognition (NER) results on this dataset for Sinhala and Tamil. We 
also carry out a detailed investigation on the NER capabilities of different types of LMs. Finally, we demonstrate 
the utility of our NER system on a low-resource Neural Machine Translation (NMT) task. Our dataset is publicly 
released: https://github.com/suralk/multiNER.
. Introduction

Named Entity Recognition (NER) is the process of identifying
amed Entities (NEs) in natural language text. An NE can be a word or 
 phrase, and the detected entities are categorized into predetermined 
ategories such as person, location and organization. As an example, 
onsider the sentence: John works in Facebook at Los Angeles. This 
entence contains three NEs: John (person), Facebook (organization) 
nd Los Angeles (location).
NER either acts as an intermediate step for, or helps to improve 
any high-level Natural Language Processing (NLP) tasks such as ques-
ion answering (Lamurias and Couto, 2019), Neural Machine Transla-
ion (NMT) (Hu et al., 2022; Sulistyo et al., 2025), Information Re-
rieval (Guo et al., 2009) and automatic text summarization (Khademi 
nd Fakhredanesh, 2020). NER is useful in end-user applications as 
ell. One very good example is identifying fine-grained location names 
rom social media posts related to rescue requests during disaster 
ituations (Hu et al., 2024). This would enable the rescue teams to 
romptly attend to those rescue requests. A domain-specific example 
s extracting biological NEs from scientific text - accurate recognition 
f these entities is crucial for downstream tasks such as including 
ene-disease association and drug re-purposing (Jung et al., 2024).
There have been many developments with respect to NE tag sets (Li 

t al., 2020), tagging schemes (Ringland et al., 2019a), as well as NER 
echniques (Li et al., 2020). Most of the NER algorithms that produced 
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promising results are supervised, meaning that they are trained with 
NE annotated datasets. While there have been efforts to produce NE 
annotated data (Lima et al., 2023), many low-resource languages still 
have little to no annotated data (Joshi et al., 2020).

Sinhala and Tamil are examples of low-resource languages (Joshi 
et al., 2020; Ranathunga and de Silva, 2022) with limited NE annotated 
data (De Silva, 2019). Manamini et al.’s (2016) is the only publicly 
available Sinhala NE dataset that has been manually annotated. FIRE 
corpus1 is the only publicly available manually annotated NE dataset 
for Tamil. WikiANN (Pan et al., 2017) and LORELEI (Tracey and 
Strassel, 2020) are multilingual (but not multi-way pararell) NE anno-
tated datasets that contain both Sinhala and Tamil. However, WikiANN 
has been automtically annotated using entity linking and LORELEI is 
hidden behind a paywall.

In this paper, we present a multi-way parallel English-Sinhala-Tamil 
NE annotated corpus that consists of 3835 sentences per language. This 
corpus is annotated using the CONLL03 tag set (Sang and De Meulder, 
2003), which has four tags: persons (PER), locations (LOC), organiza-
tions (ORG) and miscellaneous (MISC). The corpus was annotated using 
Beginning-Inside-Outside (BIO) format. We provide a comprehensive 
analysis of this dataset and the data creation process. This dataset is 
publicly released.2

The benefit of having such multi-way parallel datasets is that they 
can serve as good test beds to evaluate language-specific NER capabil-
ities of pre-trained multilingual Language Models (mLMs), which form 
ttps://doi.org/10.1016/j.nlp.2025.100160
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the basis of modern-day multilingual NLP systems. In other words, if 
the mLM is fine-tuned with data from individual languages, this results 
in language-specific NER models, which can be probed to identify how 
their performance varies across languages. On the other hand, fine-
tuning the mLM with all the language data of the multi-way parallel 
corpus results in a single NER model that caters for all the languages 
included in the corpus. An understading on how the performance of 
these models varies depending on the linguistic properties of individual 
languages is useful in building optimal language-specific NER systems.

Despite the NER models built on pre-trained LMs outperforming the 
more traditional Deep Learning (DL) models such as Recurrent Neural 
Networks (specifically BiLSTM-CRF (Bi-Directional Long Short Term 
Memory with a CRF layer) (Li et al., 2020; Yadav et al., 2018)), these 
newer techniques have not been employed for Sinhala or Tamil NER.

In order to build the Sinhala and Tamil NER systems, we ex-
perimented with different types of pre-trained LMs. These include 
encoder-based LMs (eLMs): language-specific, language family-specific 
and multilingual, as well as Large Language Models (LLMs). Our results 
show that, when the language is already included in the pre-trained LM, 
NER systems built on that LM significantly outperform those that use 
the BiLSTM-CRF model. We also show that a multilingual NER model 
built by fine-tuning the multilingual eLM XLM-R (Conneau et al., 2019) 
with our multi-way parallel corpus outperforms (or is on-par with) the 
NER models trained for individual languages. Finally, we demonstrate 
the utility of the built NER models by using their output in building 
an NMT system. The NMT system, which was trained using the NEs 
identified using our NER system as an additional input significantly 
outperformed the baseline NMT model.

2. Related work

In this section, we provide a brief overview of NE tag sets, an-
notation schemes, NE annotated datasets, NER techniques based on 
pre-trained LMs, as well as NER research for low-resource languages. 
We also discuss NER research available for Sinhala and Tamil.

2.1. NE tag sets

One prominent tag set that has been widely used in NER is the 
CONLL03 tag set (Sang and De Meulder, 2003). This tag set has only 
4 tags - Person, Location, Organization and Miscellaneous. The Co-
reference and Entity Type tag set (Weischedel and Brunstein, 2005) has 
12 NE types (7 numerical types, 10 nominal entity types and temporal 
types). WNUT2017 (Derczynski et al., 2017) corpus has 6 entity types. 
ACE 2005/2008 (Song et al., 2015) has identified 7 NE types, as peo-
ple, organizations, locations, facilities, Geo political entities, weapons, 
vehicles and events. ACE was defined for the tourism domain, thus can 
be considered as a domain-specific tag set. While having more NE types 
helps in extracting more information, training Machine Learning (ML) 
models for the task becomes very data intensive, which in turn makes 
manual data annotation costly. As shown by Azeez and Ranathunga 
(2020a), if a sufficient annotated corpus is not created, having a fine-
grained tag set is not useful, as many NE tags will not have sufficient 
data points to train the ML model.

2.2. Annotation schemes

Flat NE annotation schemes have been most commonly used in 
previous research. Alshammari and Alanazi (2021) present a compre-
hensive list of such annotation schemes. Some popular NE annotation 
schemes are IO (tags each token either as an inside tag (I) or an outside 
tag (O), where NEs are marked as I), IOB (which is also known as BIO 
- tags each token either as beginning (B) of a known NE, inside (I) it, 
or outside (O) of any known NE) and IOE (similar to IOB, but tags the 
end of an NE (E) instead of its beginning).
2

The main drawback of these flat annotation schemes is that they are 
unable to capture nested NEs. As an alternative, markup NE annotation 
schemes have been proposed (Mitchell et al., 2005; Ringland et al., 
2019b; Marcus et al., 2011). While more comprehensive annotation 
schemes allow the extraction of more fine-grained information, this re-
quires more input from humans who annotate the data and ML models 
need more data to learn. Therefore, still the BIO tagging scheme, which 
was used in the CONLL 2003 shared task (Sang and De Meulder, 2003) 
is being commonly used.

2.3. NER techniques

eLMs such as BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019) 
and their multilingual variants such as mBERT and XLM-R have been 
widely used for the NER task. In fact, NER was one of the evaluation 
tasks used for the BERT and XLM-R papers. Subsequent research has 
introduced various improvements on the vanilla fine-tuning of eLMs 
for NER (Souza et al., 2019; Fetahu et al., 2022; Huang et al., 2022; Fu 
et al., 2022). This line of research has outperformed the traditional DL 
techniques such as RNNs by a significant margin. For a comprehensive 
survey on the previous DL techniques for NER, we refer the reader to 
Yadav and Bethard (2019).

Some research that used eLMs, combined NE corpora from multi-
ple languages (not multi-way parallel) to build a single multilingual 
NER model (Kulkarni et al., 2023; Shaffer, 2021), which has shown 
to perform better than language-specific models. This is due to the 
cross-lingual transfer of knowledge across languages in the eLM. Thus 
such multilingual eLMs are a very promising solution for low-resource 
languages. If there is no NE annotated data for a target language, one 
solution is to synthetically generate NE data using an NER model of 
a high-resource language (Li et al., 2021; Yang et al., 2022). Another 
popular solution is Transfer Learning, where an NER model fine-tuned 
on an eLM is used to infer NE information on a target language (Adelani 
et al., 2021).

With the advent of decoder-based LLMs such as Llama (Touvron 
et al., 2023), Mistral (Jiang et al., 2023) and Gemma (GemmaTeam 
et al., 2024), the task of NER has been revisited. There has been 
research on developing advanced prompting strategies for zero-shot 
NER (Xie et al., 2023), as well as different fine-tuning (Zhao et al., 
2024) and decoding (Lu et al., 2024) techniques. However, these 
LLMs are very much English dominant and have very limited language 
coverage. While a few high and medium resource languages have been 
included in the pre-training data, low-resource languages have been 
largely ignored.

All Sinhala NER research except Rijhwani et al. (2020) (who used 
an LSTM) is based on traditional Machine Learning (ML) models such 
as SVM and CRF (Dahanayaka and Weerasinghe, 2014; Manamini 
et al., 2016; Azeez and Ranathunga, 2020b; Senevirathne et al., 2015; 
Wijesinghe and Tissera, 2022). Similarly for Tamil, except Anbukkarasi 
et al. (2022) and Hariharan et al. (2019), all the other research is based 
on traditional ML techniques (Murugathas and Thayasivam, 2022; 
Srinivasagan et al., 2014; Srinivasan and Subalalitha, 2019; Abinaya 
et al., 2015; Vijayakrishna and Sobha, 2008; Antony and Mahalakshmi, 
2014; Abinaya et al., 2014; Gayen and Sarkar, 2014; Murugathas and 
Thayasivam, 2022; Theivendiram et al., 2018; Mahalakshmi et al., 
2016; Malarkodi and Devi, 2020; Malarkodi et al., 2012; Ram et al., 
2010).

2.4. NE annotated corpora for Sinhala and Tamil

Manamini et al. (2016) produced an NE annotated dataset3 for 
Sinhala. However, it has not used a standard tagging schema such 
as BIO. Other Sinhala NER research has not publicly released their 

3 http://bit.ly/2XrwCoK
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datasets. The FIRE corpus is the most commonly used dataset for Tamil 
NER. Other research (Antony and Mahalakshmi, 2014) that created 
NER datasets has not published their data.

WikiAnn corpus (Pan et al., 2017) is one of the efforts to build an 
NE annotated dataset for low resource languages. It was created by 
transferring annotations from English to other 282 languages through 
cross-lingual links in knowledge bases. Thus, the WikiAnn corpus is 
said to have ‘‘silver-standard’’ labels. Although it has both Sinhala and 
Tamil data, the amount is rather small, specially for Sinhala. Moreover, 
WikiAnn corpus has been annotated with only three major entities: Per-
son, Organization and Location. LORELEI (Tracey and Strassel, 2020) 
is another multilingual NE annotated corpus that includes both Sinhala 
and Tamil. Unlike WikiAnn, LORELEI is a manually annotated corpus. 
However, it is hidden behind a paywall.

2.5. NER for low-resource languages

A pre-cursor for a successful NER system is a Named Entity an-
notated dataset. Table  1 lists the Named Entity annotated datasets 
available for some low-resource languages. 

In addition to the WikiAnn and LORELEI multilingual dataets men-
tioned above, there exist some multilungual datasets such as Multi-
CoNER (Malmasi et al., 2022) and MasakhaNER (Adelani et al., 2021). 
MultiCoNER was built using a technique similar to WikiANN. How-
ever, data for low-resource languages has been created by Machine 
Translation. MasakhaNER corpus contains manually annotated data for 
low-resource African languages. None of these are multi-way parallel.

According to recent research, the use of eLMs have become a popu-
lar choice for NER in low-resource languages. While both monolingual 
eLMS, as well as multilingual eLMs such as XLM-R have been used, 
there is no general consensus on the best-performing eLM type. For 
example, Torge et al. (2023) reported that both mono-lingual and 
language family models outperform their multi-lingual counterpart. 
Similarly, Snæbjarnarson et al. (2023) showed that language fam-
ily models outperform XLM-R for the low-resource Faroese language. 
They also demonstrated that an eLM trained on a high-resource lan-
guage can produce on-par results. Subedi et al. (2024) reported that a 
language-specific eLM was the best in their experiments for Nepalese.

As mentioned above, multilingual NER systems built on multilin-
gual eLMs has been quite successful in the context of low-resource 
languages. In addition, there have been further improvements on tech-
niques that use eLMs. Mehari Yohannes et al. (2024) employed a 
collaborative learning setup that made use of two different multilingual 
eLMs. Sohn et al. (2024) converted the high-resource language data 
into a phonetic alphabet, before using it to fine-tune an eLM. The low-
resource language test data was also converted into the same phonetic 
alphabet, to benefit better from Transfer Learning.

3. Multi-way parallel English-Tamil-Sinhala dataset

In this section, first we give a brief introduction to Sinhala and 
Tamil. Then we discuss the data source used to create the NE annotated 
dataset, the pre-processing and annotation steps we have performed, 
data format we used and statistics of the multi-way parallel dataset.

3.1. Sinhala and Tamil languages

Sinhala is an Indo-Aryan language spoken by approximately 16 
million people, primarily in Sri Lanka. It possesses a unique alphabet 
and script. Tamil is a Dravidian language spoken by around 78 million 
people, predominantly in the Indian state of Tamil Nadu. It is widely 
spoken in Sri Lanka, Singapore, and Malaysia as well. The language is 
written using the unique Tamil script. According to Ranathunga and de 
Silva’s (2022) language classification, Sinhala is categorized as a class 
2 language and Tamil as a class 3 language. Based on Joshi et al.’s 
(2020) language category definition, this classification indicates that 
Sinhala has limited annotated datasets available. In contrast, Tamil 
being in class 3 indicates that it has limited labeled datasets but a more 
prominent web presence compared to Sinhala.
3

Table 1
NE annotated datasets for low-resource languages.
 Language Research Daset size Tags  
 Bhojpuri, 
Maithili, 
Magahi

Mundotiya et al. 
(2023)

228,373, 
157,468, and 
56,190 tokens

22  

 Faroese Snæbjarnarson et al. 
(2023)

102k words 8  

 Tigrinya Yohannes and 
Amagasa (2022)

69,309 tokens 4  

 Odia Dalai et al. (2025) 6,71,354 tokens 12  
 Algerian Dahou and Cheragui 

(2023)
220k+ tokens 3  

 Punjabi Ahmad et al. (2020) 318,275 tokens 3  
 Urdu Khan et al. (2022) 2161 sentences 7  
 Kannada Sathyanarayanan 

et al. (2018)
46110 tokens 3  

 Icelandic Ingólfsdóttir et al. 
(2020)

1 million tokens 8  

 Bengali Lima et al. (2023) 10,05,791 tokens 13  

3.2. Raw data

Our data comes from the multi-way parallel English-Tamil-Sinhala 
dataset developed by Fernando et al. (2020). This corpus contains 
official government documents, namely annual reports, letters and 
circulars. Despite being specific to the government domain, this dataset 
has a wide coverage mainly because of the inclusion of annual reports 
coming from different government institutions corresponding to Art, 
Media, Finance, Education, Technology, Procurement, etc.

This corpus contains duplicate sentences, unwanted long lists (with 
200+ tokens per list) such as table of contents and meaningless sen-
tences. Thus, we manually filtered 3835 Sinhala sentences4. During 
the filtering process, we removed meaningless sentences, duplicate sen-
tences, undesirable lists and captions/headers of figures/tables from the 
dataset. For each Sinhala sentence in this filtered corpus, we extracted 
the corresponding Tamil and English sentences from Fernando et al.’s 
(2020) raw parallel corpus.

3.3. Data annotation

Since our dataset has only about 100k tokens per language, we did 
not want to go for a fine-grained NE tag set. Therefore the annotation 
was carried out using the CONLL03 tag set. BIO annotation scheme 
was used for annotation. This corpus was annotated manually using 
the Inception annotation tool.5 Two independent annotators for each 
language were employed to annotate the dataset. Annotators were 
provided an in-house training and annotation guidelines. Later, in 
order to establish the inter-annotator agreement, two more annotators 
annotated about 500 tokens from each language. The inter-annotator 
agreement values were reported as 0.83, 0.89 and 0.88 for Sinhala, 
English and Tamil (respectively).

Fig.  1 is an example annotated sentence in all three languages.

3.4. Data statistics

Our final dataset consists of 3835 parallel sentences per language. 
Sinhala, Tamil and English vocabularies of the prepared dataset con-
tains 11560, 19308 and 10607 distinct word tokens respectively. Table 
2 shows the tag counts in each dataset. Table  3 shows the entity 
percentage in each dataset. Altogether, 9.74% of tokens in the corpus 
are NEs. This amount is in a similar range as the amount of NEs 
identified in the CoNLL03 dataset. Given that this dataset is from 

4 We started with Sinhala sentences because Fernando et al.’s (2020) corpus 
was compiled by taking Sinhala as the source.

5 https://inception-project.github.io/downloads/

https://inception-project.github.io/downloads/
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Fig. 1. Sample English/Tamil/Sinhala sentences annotated with CONLL03 tag set, following the BIO format.
Table 2
Number of entities in each dataset.
 Tag English Sinhala Tamil  
 B-PER 194 194 226  
 I-PER 542 610 406  
 B-ORG 1539 1628 1420  
 I-ORG 3721 3666 2247  
 B-LOC 1511 1728 1829  
 I-LOC 552 780 437  
 B-MISC 6283 6549 6012  
 I-MISC 8587 7354 7543  
 O 82335 73493 62947 

official government documents, it has more location and organization 
NEs than person NEs. The percentage of all the other NEs being just 
6.55% justifies our selection of the ConLL tagset with 4 tags - Had the 
Miscellaneous tag been expanded into unique NEs, each category would 
have a very low amount of samples annotated.

According to Table  2, we could see that B-tag counts of Person, 
Organization and Location entities do not tally up across languages. 
Following are the reasons (and an example for each) we identified for 
this discrepancy.

1. Translation discrepancies due to dissimilar language syntax

Here, Rathnapura District, has been wriitten as District of Rath-
napura, which has been marked as having one NE. However the 
Sinhala translation of it contains two NE tags.
2. Differences in how abbreviations and acronyms have been 

handled in different languages

The English sentence has the NE as an acronym, whereas the 
Sinhala version has the expanded version of it. Note that the 
English abbreviation ACCIMT has been annotated as B-MISC, 
while the corresponding Sinhala entity has been identified as an 
ORG.

3. Annotation mistakes by human annotators

In this phrase, the last term has been annotated as B-ORG 
simply because the word (incorrectly) starts with capitalization, 
although it does not refer to any specific ministry.
4

Table 3
Percentage of NEs in each dataset.
 NE Type English Sinhala Tamil 
 PER 0.18 0.19 0.26  
 LOC 1.38 1.73 2.10  
 ORG 1.63 1.41 1.63  
 MISC 6.55 5.76 6.92  

4. Methodology

As mentioned in Section 2.3, the DL techniques used so far for 
Sinhala and Tamil NER are based on RNN models. Therefore we used 
one of these models as the baseline. To be specific, we used a Bi-LSTM 
CRF model, as it has been the state-of-the-art architecture before the 
introduction of pre-trained eLMs (Yadav and Bethard, 2019).

As for NER model implementation with eLMs, we experimented 
with three variants: a language-specific eLM, a language-family specific 
eLM, and two mLMs. As the LLM, we used Llama 3.1 8B instruct tuned 
model.

4.1. Bi-LSTM CRF method

We used the BiLSTM-CRF model used by Yadav et al. (2018), which 
has shown to be the best recurrent model for NER. In addition to 
character and word embeddings, this model uses prefix-suffix embed-
dings as the input. The model architecture is shown in Fig.  2. In our 
implementation, we used FastText to obtain word embeddings. We 
experimented with both prefix and suffix features, however only prefix 
features resulted in improved results, hence only that result is reported. 
We used three techniques to generate character embeddings:

1. Convolutional Neural Networks (CNNs) (Ma and Hovy, 2016)
2. LSTMs (Lample et al., 2016)
3. LSTM for character embedding + Affix features (Yadav et al., 
2018)

4.2. Fine tuning pre-trained LMs

Multilingual eLMs:  We experimented with mBERT and XLM-R. Both 
mBERT and XLM-R have been trained with the Masked Language Model 
(MLM) objective. However the creators of XLM-R claim that it is better 
than mBERT, and the same is confirmed by their experiment results. 
XLM-R has been trained with 100 languages, while mBERT has been 
trained with 104 languages. English and Tamil are included in both 
these models, however Sinhala is included only in XLM-R.
Language family-specific eLMs: We experimented with IndicBERT
(Kakwani et al., 2020), a model specifically trained for 12 Indian 
languages, primarily from the Indo-Aryan and Dravidian language fam-
ilies. While Tamil is included in IndicBERT, Sinhala, despite being an 
Indo-Aryan language, is not.
Language-specific eLMs: For Sinhala, we used SinBERT (Dhananjaya 
et al., 2022), a language-specific model built following the RoBERTa 



S. Ranathunga, A. Ranasinghe, J. Shamal et al. Natural Language Processing Journal 11 (2025) 100160
Fig. 2. Architecture of the Bi-LSTM CRF network with affix features (Yadav et al., 2018).
Fig. 3. The prompt used to fine-tune Llama 3.1 for the NER task.
Table 4
Language coverage in different eLMs.
 mBERT XLM-R IndicBERT SinBERT Llama 3.1 
 Sinhala ✓ ✓  
 Tamil ✓ ✓ ✓  
 English ✓ ✓ ✓ ✓  

framework. SinBERT was trained on a dataset containing 15.7 million 
Sinhala sentences. We could not find an equivalent language-specific 
eLM for Tamil.
LLM: We used Llama 3.1 8B instruc-tuned model via Unsloth. Neither 
Sinhala nor Tamil is included during the pre-training of this LLM.6

Table  4 provides an overview of the language coverage of each 
model. Each eLM was individually fine-tuned using our annotated 
dataset. A feed-forward layer was added on top of each model for classi-
fication. For the multilingual model, we combined Sinhala, English, and 
Tamil datasets, sampling them with a fraction of 1 to ensure a balanced 
mix of sentences from all three languages. In order to fine-tune Llama 
3.1, the annotated dataset was converted into an instruction format. 
We used the prompt presented by Ahuja et al. (2023), which is shown 
in Fig.  3.

5. Experiment setup

For eLM fine-tuning, the hyperparameter tuning was done using Op-
tuna Python library.7 For all the eLMs, training batch size 8, evaluation 
batch size 16, 3 training epochs and a weight decay of 0.01 gave the 

6 Llama 3.1 has used pre-training data from only 7 languages: French, 
German, Hindi, Italian, Portuguese, Spanish, and Thai.

7 https://optuna.org/
5

Table 5
Best hyper-parameter values.
 Model Learning rate 
 XLM-R base(Si, Ta, En) 3e−5  
 mBERT base(Si, Ta, En) 3e−5  
 SinBERT small(Si) 2.5e−4  
 SinBERT small(Ta, En) 2.5e−5  
 IndicBERT(Si, En) 9e−5  
 IndicBERT(Ta) 5e-5  

optimal results. As shown in Table  5, only the learning rate was varied. 
For the LLM, we used the default hyper-parameters used by Unsloth. 
These values are as follows: Learning rate - 2e-4, weight decay - 0.01, 
batch size - 2. We used LoRA (r, alpha =16) during fine-tuning.

Evaluation was done according to the holdout method. The dataset 
was divided as 70-10-20 for train/validation/test sets, respectively. 
Eack eLm experiment was run three time with three different seeds and 
then the average was calculated to get the final results. However, due to 
computing costs, LLM experiments were run only once. All experiments 
were conducted on the Google Colab platform. The following GPU 
configurations were used for eLM experiments: CUDNN Version - 8700, 
Number CUDA Devices - 1, CUDA Device Name - Tesla T4, CUDA 
Device Total Memory [GB] - 15.8. The following configurations were 
used for Llama 3.1 fine-tuning: CUDA Version: 12.4, Number CUDA 
Devices - 1, CUDA Device Name - NVIDIA A100, CUDA Device Total 
Memory [GB] - 40.

6. Evaluation

Table  6 presents the final results, while Table  7 provides the tag-
wise distribution of results for the XLM-R model, which gave the best 
results.

https://optuna.org/
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Table 6
Macro F1 score for different models.BLC- BiLSTM CRF, L- LSTM for char embeddings, C- CNN for char embeddings, L+A - LSTM for char embeddings with affix features.
 BLC (L) BLC (C) BLC (L+A) mBERT XLM-R mXLM-R IndicBERT SinBERT Llama3.1 
 Sinhala 64.91 64.67 65.66 60.53 87.71 88.33 49.59 83.77 46.20  
 Tamil 46.64 42.20 47.19 77.46 78.81 80.23 65.93 41.40 20.0  
 English – – – 89.11 89.67 89.59 88.90 58.47 -  
), 
Table 7
Tag-wise Macro F1 score for the XLM-R model.
 PERSON LOC ORG MISC OUTSIDE 
 Sinhala 97.45 82.23 82.65 83.23 96.14  
 Tamil 79.35 81.43 69.49 76.88 94.02  
 English 96.6 86.18 82.92 85.57 96.71  

It is important to recall that mBERT and IndicBERT were not pre-
trained on Sinhala, and SinBERT was not pre-trained on Tamil or 
English. Lalama 3.1 was not pre-trained on either Sinhala or Tamil. De-
spite this, we evaluated all models across all languages.8 If a language 
was not included in a particular pre-trained LM, its corresponding result 
is grayed out.

Among the Bi-LSTM models, the Bi-LSTM CRF with LSTM-generated 
input embeddings and prefix features achieved the best performance. 
However, its results were significantly lower than those of pre-trained 
LMs when the target language was included in the respective model. 
Note that we did not generate Bi-LSTM CRF results for English, as 
pre-trained LMs already achieved the highest performance for this 
language.

In contrast, we observed that LMs not pre-trained on a given lan-
guage performed poorly for that language—for instance, mBERT’s re-
sults for Sinhala and Llama 3.1 results for both Sinhala and Tamil. On 
a positive note, SinBERT, despite being trained on only 15.7 million 
Sinhala sentences, significantly outperformed the corresponding Bi-
LSTM CRF results. This highlights the potential of language-specific 
pre-trained LMs for low-resource languages. Given that many languages 
have monolingual datasets, training and fine-tuning a language-specific 
LM for tasks such as NER can be a viable and effective approach.

Consistent with Conneau et al. (2019)’s observations, mBERT per-
forms slightly worse than XLM-R for both English and Tamil. Mean-
while, IndicBERT lags behind both multilingual language models (mLMs
with a particularly significant drop in performance for Tamil. This is 
surprising, given that IndicBERT was specifically trained on Indic lan-
guages, including Tamil and other Dravidian languages. However, Kak-
wani et al. (2020) also reported similar findings, where IndicBERT 
underperformed compared to XLM-R and mBERT in multiple NLP tasks.

Another noteworthy observation is SinBERT’s performance on Sin-
hala, which is lower than that of XLM-R. A similar trend was noted 
by Dhananjaya et al. (2022) in sentiment analysis. We attribute XLM-
R’s superior performance to its cross-lingual transfer capabilities (Asai 
et al., 2024). This suggests that multilingual eLMs can be a viable 
alternative to language-specific eLMs, especially when there is limited 
language-specific data available for training.

We also observed notable variations in XLM-R’s performance across 
the three languages. Given that our dataset is multi-way parallel 
(i.e., the same dataset is annotated across all three languages), this 
variance can be explained by two key factors: the representation of 
each language in XLM-R and the linguistic complexity of individual 
languages. For example, English, which has the highest representation 
in XLM-R—meaning that significantly more English-language data was 
used during its pretraining—also achieved the highest performance. 
However, despite Tamil having greater representation in XLM-R than 
Sinhala, its performance is notably lower. This discrepancy could be 

8 Except for English on Llama 3.1.
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due to Tamil’s higher morphological complexity, as it is more agglu-
tinative than Sinhala. Another possible explanation is that Dravidian 
languages (such as Tamil) are underrepresented in XLM-R compared 
to Indo-Aryan languages (such as Sinhala) (Ranathunga and de Silva, 
2022).

We observed that the multilingually fine-tuned XLM-R (mXLM-R) 
achieved the best performance for both Sinhala and Tamil. However, 
there was a slight performance drop for English, which we attribute to 
the phenomenon of negative interference. This occurs when the per-
formance of high-resource languages declines in multilingual training 
settings (Wang et al., 2020). Despite this minor drawback, mXLM-R 
remains the optimal choice for our task, as it can effectively handle 
all three languages within a single model.

As mentioned above, very low performance of Llama 3.1 for Sinahla 
and Tamil has to be due to these two languages not being included 
in the training data of the model. We believe that the performance of 
Llama 3.1 is better for Sinhala than Tamil because of the presence of 
Hindi, which belongs to the same language family as Sinhala.

7. Case study - improving neural machine translation with NER

Named Entity translation is challenging even to the modern day 
NMT systems (Läubli et al., 2020). Early solutions to this problem 
involve the use of external transliteration systems (Grundkiewicz and 
Heafield, 2018; Ameur et al., 2017; Zhang et al., 2020). However, 
such NE transliteration systems focus on translating individual NEs 
with no regard to the context of the NEs, which makes it difficult to 
resolve ambiguities. This is particularly problematic in highly inflected 
languages such as Sinhala and Tamil. Hu et al. (2022) recently proposed 
an alternative solution that involves pre-training a language model 
prior to fine-tuning it for NMT. Since their results seem to far exceed 
the results of NMT models that do not have explicit NE translation 
capabilities, we selected this model as the case study to demonstrate 
the usability of our NER system.

Hu et al. (2022) adopted a pre-training and fine-tuning process to 
implement an NMT system that has better capabilities for NE trans-
lation. They first identified NEs in a monolingual corpus and linked 
them to a knowledge base (KB) that contains entity translations (Wiki-
Data (Vrandečić and Krötzsch, 2014) in their case). For NE linking, they 
used the SLING (Ringgaard et al., 2017) entity linker. Then the entity 
translations in the KB were used to generate noisy code-switched data. 
After that, a Transformer model (Vaswani et al., 2017) was pre-trained 
with this noisy code-switched data using the de-noising pre-training 
objective. Note that this is the same objective that was used to train 
the encoder–decoder multilingual LM mBART (Tang et al., 2021). In 
de-noising pre-training, the Transformer model is taught to reconstruct 
an original sentence from its noised version. Finally to further improve 
translation of low-frequency NEs, they used a multi-task learning strat-
egy that fine-tunes the model using both the denoising task on the 
monolingual data and the translation task on the parallel data. This 
model, known as DEEP (DEnoising Entity Pre-training) is illustrated in 
Fig.  4 using English and Sinhala as the example (note the code-switched 
data used for pre-training).

We first implemented Hu et al.’s (2022) DEEP NMT system using 
SLING, as well as a baseline NMT system without DEEP, for English-
Sinhala (En-Si) translation. We used WikiData (Vrandečić and Krötzsch, 
2014) as the monolingual dataset, and Fernando et al.’s (2020) parallel 
data to train the NMT model. To elaborate further, the baseline NMT 
system was built by simply fine-tuning a Transformer model from 
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Fig. 4. DEEP (Hu et al., 2022) Architecture.

Table 8
Named entity translation results on En-Si.
 Technique BLEU Entity translation Acc. 
 NMT model without DEEP 11.9 49  
 DEEP+SLING 11.59 47.94  
 DEEP+NER+Wiki data linking 21.12 62.75  

scratch, similar to Hu et al. (2022). To build the DEEP NMT system, 
first the NEs in the Sinhala WikiData were identified and linked to their 
corresponding English NEs using SLING. Then the NEs in the Sinhala 
WikiData were replaced with the identified English NEs. These code-
switched noisy sentences were used to pre-train a Transformer model 
using the de-noising objective. Finally, this pre-trained Transformer 
model was further fine-tuned with the training set of Fernando et al.’s 
(2020) parallel data using the NMT objective.

However, as shown in Table  8, the DEEP system with SLING lags 
behind the baseline system with respect to the BLEU score. This is not 
surprising since the SLING entity linker used in DEEP does not support 
Sinhala, and the WikiData corpus that was used as the KB is rather small 
for Sinhala.

Next, we re-implemented the DEEP system by replacing SLING with 
our best NER system. In other words, we used our NER system to 
identify NEs in Sinhala WikiData. Entity linking across the languages 
was done using the Pywikibot library (Anon, 2015). As shown in Table 
8, the resulting NMT system significantly outperforms both baseline 
and DEEP with SLING (by about 9 BLEU points).

Similar to Hu et al. (2022), we also calculated entity translation 
accuracy. Here, we first count the number of NEs in the target side 
(i.e. Sinhala) of the test set used to test the NMT system. Out of these 
NEs, the number of NEs that got correctly translated by the NMT system 
is taken as the entity translation accuracy. As shown in Table  8, the 
NMT model that incorporates our NER output shows the highest NE 
translation accuracy.

8. Conclusion

In this paper, we introduced a multi-way parallel Named Entity 
annotated dataset for Sinhala, English, and Tamil. To the best of our 
knowledge, this is the first such corpus available for any language 
pair. We conducted a comprehensive evaluation of various pre-trained 
language models for the NER task. Our best-performing model is a 
multilingual NER system trained on the multi-way parallel corpus, 
demonstrating its effectiveness for this task. Additionally, we show-
cased the practical application of our NER system by integrating it 
into an English-Sinhala NMT model. Despite the promise of modern-
day LLMs, our experiments with Llama 3.1 model resulted in very low 
7

results for Sinhala and Tamil, which could be due to these languages 
not being included in that LLM.

For future work, we plan to expand the dataset further and extend 
the annotation to include a broader range of Named Entities. Given 
that the XLM-R based NER system achieves very good performance, it 
is possible to use this system to annotate new data. Getting humans to 
clean such annotated data would be more effective than getting them 
to annotate data from scratch. As mentioned in Section 2, there have 
been work to improve LLM performance for the task of NER. In future 
we plan to experiment with those techniques.
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