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Abstract

Currently, the majority of the world’s languages
are “low-resource," meaning that they have lit-
tle digital training data and thus lack adequate
NLP technologies. We propose a method to im-
prove language models’ understanding of low-
resource languages without extensive training
by leveraging information from related high-
resource languages. Our method is based on
augmenting the original input with phonetic (ro-
manization) input, making it especially useful
for languages that are similar in spoken speech
but use different, non-Latin writing systems.
We select Hindi—Urdu as an example of such
a language pair and investigate whether fine-
tuning on partially romanized Hindi datasets
improves performance in Urdu for a variety of
NLP tasks. We find that our method produces
improvements, but they are not statistically sig-
nificant because the model does not reliably
learn to exploit romanizations for the tasks. 1

1 Introduction

At present, natural language processing (NLP) tech-
nologies are far from being universally accessible
due to not being sufficiently linguistically diverse.
According to Joshi et al. (2020), 90% of languages,
which include over 1 billion speakers in total, are ig-
nored by modern language technologies. The cause
of the lack of diversity lies in the severe disparity
in the availability of digital resources across lan-
guages. For instance, on Wikipedia, the most well-
represented language (English) contains nearly 7
million articles, while the median languages by
representation (Tamazight and Zulu) contain only
around 10,000 articles (Wikipedia, 2024).

Attempts have been made to address this dis-
parity between languages by pretraining multilin-
gual large language models such as mBERT (De-
vlin et al., 2019) using multiple source languages.

1Our code and data are publicly available at https://
github.com/brian224code/phoneme-bridges.

While these multilingual pretrained language mod-
els (PLMs) do exhibit improved cross-lingual per-
formance when the target language is a high-
resource language (HRL) (Conneau et al., 2020),
they still perform significantly worse when the tar-
get language is a low-resource language (LRL) (Wu
and Dredze, 2020). This difference in cross-lingual
performance is partially because PLMs perform
better when languages share similar scripts, which
is the case in many HRLs but few LRLs (Muller
et al., 2021).

For LRLs with rarer scripts, we can instead ex-
ploit shared pronunciation to improve cross-lingual
transfer. For example, languages may borrow
words from each other, keeping their pronuncia-
tions but transcribing them using their own writing
systems. These words differ orthographically but
have the same meaning that we can draw upon
using their similar sounds (Nguyen et al., 2024).
Previous studies have found that using a source and
target language pair with a common language fam-
ily and many similar-sounding words is correlated
with better cross-lingual transfer (Fujinuma et al.,
2022; Nguyen et al., 2024).

Figure 1: We choose Hindi and Urdu as an example
pair of languages with different scripts but a largely
shared lexicon. Here, the sentences written in Hindi
and in Urdu look completely different, but romanization
reveals their shared meaning.

We aim to improve a PLM’s downstream perfor-
mance on NLP tasks in an LRL by a series of fine-
tuning steps that exploit pronunciation similarities
between an HRL and a closely related LRL. We use
Hindi as the HRL and Urdu as the LRL, as these
two Indic languages share 70% of their lexicon

https://github.com/brian224code/phoneme-bridges
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but utilize different writing systems, allowing us
to exploit the lexical similarities for transfer learn-
ing. We integrate phonetic information by using a
transliterator to obtain the romanized version of the
training text and concatenating it with the original
text. Phonemic transcriptions would better cap-
ture the underlying similarity between languages,
but obtaining accurate phonemic transcriptions of-
ten requires a language-specific transformer-based
grapheme-to-phoneme model, which may not be
available for low-resource languages. General tools
for grapheme-to-phoneme conversion like Epitran
(Mortensen et al., 2018) are often incomplete: Epi-
tran, for instance, omits short vowels in its Urdu
phoneme transcriptions. Romanization reflects sur-
face forms of words (physically produced while
speaking) instead of underlying forms (those in
the speakers’ mind), which may slightly obscure
similarities, but it is widely available for all lan-
guages through general tools like UROMAN and
language-family-specific romanizers (Purkayastha
et al., 2023). Since romanization tools are accessi-
ble for all languages, obtaining phonetic informa-
tion via romanization aligns better with our goal of
addressing PLM disparity in LRLs.

2 Related Work

Cross-Lingual Transfer Using Phonemic or Pho-
netic Information

Recent works have successfully integrated
phonemic information with orthographic informa-
tion by designing a model architecture that in-
cludes a phonemic embedding layer and training
the model on a large dataset of mixed graphemes
and phonemes with a loss function that com-
bines the two modalities; this includes models like
PhoneXL (Nguyen et al., 2023, 2024), Phoneme-
BERT (Sundararaman et al., 2021), XPhoneBERT
(The Nguyen et al., 2023), and Mixed-Phoneme
BERT (Zhang et al., 2022). These works all find im-
provements in their models’ performance on token-
level and/or natural language understanding tasks
in the target LRL over a multilingual PLM like
mBERT or XLM-R (Conneau et al., 2020). How-
ever, because of the large amount of training re-
quired to learn the full set of parameters associated
with the phoneme representation, these approaches
are computationally expensive, making it difficult
to bring new developments in state-of-the-art large
language models to use in LRLs.

Another approach is to incorporate phonetic in-

formation by continuing to train a PLM instead of
designing a new model architecture. An example
of this approach is RomanSetu (Jaavid et al., 2024),
which starts with a pretrained LLaMA-2-7B model
(Touvron et al., 2023), continues pretraining on
500 million words in the target LRL transliterated
into romanization, and then instruction-tunes
on romanized tasks in the LRL. Although this
approach doesn’t learn phonetic representations
from scratch, even this amount of unlabeled extra
training data in the LRL is unreasonable to expect:
Joshi et al. (2020) categorized 88% of languages
as having little to no unlabeled data online, so
that even unsupervised methods wouldn’t help
them. Purkayastha et al. (2023) reduce the training
requirements further by only fine-tuning learning
adapters for an mBERT model on romanized
LRL datasets. They find improved performance
compared to fine-tuning on non-transliterated
data, especially on languages written in scripts not
included in the model’s training data. Their results
support the idea that fine-tuning on romanization
rather than regular text can better leverage the
PLM’s existing source language understanding,
but their analysis focuses more on comparing
transliterators than maximizing the effectiveness
of the learned romanization representation for
downstream performance. We will exploit the fact
that some LRLs have similar phonetic properties
and thus romanizations to an HRL through our
supplementary fine-tuning step that first learns
romanization representations in the HRL.

Supplementary Training on Intermediate
Labeled-data Tasks (STILTs)

While previous works required large amounts
of data to incorporate phonetic information into
PLMs, we desire a method that achieves compara-
ble performance using minimal LRL data. STILTs
is an easy-to-implement method to improve a
PLM’s general performance on downstream tasks,
even after pretraining is complete (Phang et al.,
2018). In the STILTs training method, the PLM
is first fine-tuned on a data-rich, supervised inter-
mediate task (the supplementary task), and then
further fine-tuned on a downstream task of interest
(the target task), improving performance and de-
creasing variance on the target task. The authors
also observed that STILTs is particularly effective
when the target task is data-poor, and when the in-
termediate task is closely related to the target task,
both of which apply to our HRL and LRL train-



ing situation. Phang et al. (2020) further showed
that English STILTs can specifically improve cross-
lingual transfer.

The STILTs method has also been used to as-
sist a model in learning phoneme representations.
BORT (Gale et al., 2023) demonstrated that inter-
mediately fine-tuning BART by replacing words
with their International Phonetic Alphabet (IPA)
spellings and leading the model to reconstruct the
sentence can be used to learn phonemic representa-
tions. However, since a pre-trained BART is only
available for English, their work can’t be directly
used for cross-lingual transfer.

To summarize, fine-tuning on romanized ver-
sions of an LRL dataset, using STILTs for English,
and using a closely related source language have
been separately found to improve cross-lingual
transfer, and STILTs can also be used to learn
phonemic representations. As far as we know,
we are the first to use romanization-augmented
STILTs in the HRL to transfer learned pho-
netic and semantic knowledge to a romanization-
augmented LRL task. Our training method would
reduce the need for data in LRLs by transferring
learning from phonetically similar HRLs, lower-
ing the barrier to achieving performant models in
LRLs.

3 Methods

Figure 2: Our training pipeline for the task of NER.

We will first give an overview of our training
pipeline for integrating romanization information
from the HRL and the LRL, and then specify our
implementation details for each step of the pipeline.

1. Pick an NLP task. We’ll experiment with
named entity recognition (NER) and part-of-
speech (POS) tagging.

2. Gather a dataset for the task in each of the
LRL and the HRL. Retrieve the romanizations
of the two datasets’ input texts using a translit-
erator.

3. Fine-tune the PLM on the NLP task in the
HRL, randomly replacing a fixed proportion
of words in the input text of the data by their
romanizations.

4. Further fine-tune and evaluate the resulting
model on the LRL task with both text and
romanization.

3.1 Datasets

We use the Google Xtreme benchmark (Hu et al.,
2020), which was created to evaluate how well
cross-lingual learning methods transfer linguistic
knowledge. The benchmark contains multiple tasks
in both the HRL and the LRL of our choice: Hindi
and Urdu. We specifically use the PAN-X and UD-
POS datasets for both languages, which cover NER
and POS tagging tasks, respectively.

3.2 Romanization Scheme

We use the ai4bharat romanization tool
(Kunchukuttan et al., 2020) to obtain the ro-
manizations of Hindi and Urdu words in our
datasets. We chose ai4bharat because it exhibited
better downstream performance on token-level
tasks than UROMAN in Purkayastha et al. (2023).
Even though ai4bharat is only available for Indic
languages, our work is primarily to explore if the
concept of exploiting phonetic simliarities through
romanization is possible, and in practice the same
methodology can be applied to other languages
using UROMAN.

Figure 3: An example illustrating our romanization
scheme. We concatenate the romanizations in the LRL
and replace some text with romanizations in the HRL.

After obtaining the romanizations for the LRL
datasets, we concatenate the romanizations with
the original text, and for the HRL datasets, we
randomly replace 25% of the original words with
their romanization equivalents. In the LRL case,
we concatenate the romanizations instead of replac-
ing the original script entirely because Nguyen et al.
(2024) found that romanization is a complementary



signal but not a replacement for orthographic repre-
sentation in terms of improving task performance.
However, for the HRL intermediate fine-tuning, our
goal is not to maximize performance on the test set,
but to learn useful representations for romaniza-
tion to transfer to the LRL. To this end, we hope
that this random replacement will encourage the
model not to ignore the romanized words, while
also providing Hindi context that’s already present
in its training data. As for the choice of 25%, in
BORT (Gale et al., 2023), phonetic replacements
were performed at a rate of 10%, but replacement
rates as high as 35% have been used (Liu et al.,
2020). We chose 25% as an intermediate value.

3.3 Trained Models
We chose multilingual BERT (mBERT, Devlin
et al., 2019) as this multilingual PLM is com-
monly used for testing cross-lingual transfer (Pfeif-
fer et al., 2020; Muller et al., 2021; Purkayastha
et al., 2023) and using it will allow us to determine
if our methods improve the performance of read-
ily available multilingual PLMs. For each of the
PAN-X and UD-POS datasets, we fine-tune the fol-
lowing four versions of mBERT on one A100 GPU
on the OpenMind Computing Cluster at MIT.

Figure 4: Our four fine-tuned models and relevant com-
parisons.

1. mBERTtext: mBERT fine-tuned directly on
the Urdu dataset without romanizations.

2. mBERTroman: mBERT fine-tuned directly on
the Urdu dataset with romanizations concate-
nated.

3. mBERTSTILTs + text: mBERT intermediately
fine-tuned on the Hindi dataset, then further
fine-tuned on the Urdu dataset, all without
romanizations.

4. mBERTSTILTs + roman: mBERT intermedi-
ately fine-tuned on the Hindi dataset with 25%
of the words replaced with romanizations,
then further fine-tuned on the Urdu dataset
with romanizations concatenated.

We will compare mBERTtext to mBERTroman and
mBERTSTILTs + text to mBERTSTILTs + roman by their
performances on the test split of the dataset, as
depicted in Figure 4.

The first comparison will demonstrate the effi-
cacy of directly augmenting Urdu data with roman-
ization. It will give us a measure of how much
of the performance improvement from adding ro-
manization to our training processes is due to the
PLM already having the ability to utilize roman-
ization. This hypothetical ability may stem from
the PLM’s bias for Latin script languages and the
romanization already in its training data.

The second comparison is the more important
one. It measures if adding the Hindi and Urdu
romanizations improves on cross-lingual transfer
performance over just having a plain Hindi fine-
tune. This is what we’re interested in: can the
model use romanizations as a bridge to transfer
knowledge between Hindi and Urdu about the task?

3.4 Evaluation Metrics

For PAN-X (NER), we will measure the macro-
F1 score using sklearn.metrics.f1_score with
average=‘macro’. The macro-F1 score represents
the average F1 score (harmonic mean of precision
and recall) over all class labels. Given that the
NER task is framed as a token classification task
(determining for each input token which type of
named entity it is a part of), macro-F1 score is a
very intuitive metric to use, and it has been used to
evaluate NER performance in the literature (Abilio
et al., 2024).

For UD-POS (POS tagging), we will also report
macro-F1 score because it is another token clas-
sification task (determining the part of speech for
each input token).

4 Results

Model POS Tagging Score NER Score
mBERTtext 0.8700 0.9770
mBERTroman 0.8728 0.9780
mBERTSTILTs+text 0.8702 0.9763
mBERTSTILTs+roman 0.8735 0.9788

Table 1: Our results (macro-F1 scores) for POS tagging
and NER. The better F1 score in each comparison be-
tween two models is bolded.

We trained each of the four models described
in section 3.3 on both the POS tagging and NER



Comparison Task Mean Difference 95% Confidence Interval P-value
mBERTroman − mBERTtext POS 0.0029 [-0.0016, 0.0071] 0.2180

NER 0.0010 [-0.0066, 0.0079] 0.7680
mBERTSTILTs+roman − mBERTSTILTs+text POS 0.0035 [-0.0019, 0.0092] 0.2200

NER 0.0026 [-0.0038, 0.0095] 0.4100

Table 2: Statistical test results comparing model macro-F1 scores. We observed an increase in all macro-F1 scores
for models with romanization, but the differences were not statistically significant at the 5% significance threshold.

datasets, and evaluated the 8 resulting models. Ta-
ble 1 shows the models’ macro-F1 scores on the
testing dataset.

To analyze the statistical significance of the dif-
ference between the romanized and non-romanized
models in each comparison, we took 10000 boot-
strapped resamplings of our evaluation data and
used them to calculate both a 95% confidence inter-
val for the difference in macro-F1 scores, as well
as the p-value of a two-tailed test. Table 2 shows
the results: while our hypothesis was correct in that
adding romanizations led to improvement and the
combination of Hindi intermediate fine-tuning and
romanizations produced the highest scores overall,
the improvements were not statistically significant.

5 Discussion

In accordance with the comparison plan from Fig-
ure 4, we analyze the contribution of romanizations
to both the Urdu task itself and the cross-lingual
transfer performance.

The lack of statistically significant improve-
ment from mBERTtext to mBERTroman means that
augmenting with romanization information alone
doesn’t help with learning the task in Urdu; the
PLM is unable to directly make effective use of ro-
manizations beyond what it already gains from the
text. This is not too surprising, as romanized Urdu
text likely does not make up a significant portion
of the PLM’s pretraining data.

The lack of significant improvement from
mBERTSTILTs + text to mBERTSTILTs + roman means
adding romanization through our pipeline does not
significantly improve cross-lingual transfer perfor-
mance. This is the main negative result for our hy-
pothesis that our training pipeline would improve
cross-lingual transfer. It is possible that to effec-
tively use romanizations for the task, either a larger
amount of training data or more targeted adapters
for cross-lingual transfer are necessary, as was the
case in the successful related works.

Despite the negative result, our training pipeline
still showed potential for learning Urdu roman-

(a) mBERTroman (b) mBERTSTILTs+roman

Figure 5: Comparison of mBERTroman and
mBERTSTILTs+roman final layer attention using BertViz.
“Lea-kin" is the romanization of the highlighted Urdu
token. We see that in mBERTSTILTs+roman, much more
attention is paid to the romanization, implying that the
STILTs method helped the model learn the relationship
between Urdu text and romanization.

izations based on Hindi training data. Us-
ing the BertViz (Vig, 2019) tool for visualiz-
ing attention, we inspected the final layers of
both the mBERTSTILTs+roman and mBERTroman
models fine-tuned on UD-POS, and found that
mBERTSTILTs+roman (fine-tuned on Hindi data) paid
significant attention to the Urdu romanizations of
the words, while mBERTroman did not, as seen in
Figure 5. This implies that the additional Hindi
fine-tune helped the model learn to pay attention
to Urdu romanizations, supporting our hypothesis
that the model can transfer learning from Hindi
romanizations to Urdu romanizations due to their
simliarity. However, for the models fine-tuned on
PAN-X, both models paid attention to the roman-
ization, even after controlling the sizes of the Hindi
and Urdu datasets to be the same as in UD-POS.



We hypothesize that there is some property of the
Urdu PAN-X dataset that makes it easier to learn ro-
manization representations from: if the Urdu-only
model already learns the romanizations properly,
then adding romanized Hindi isn’t necessary to
help learn Urdu romanizations.

These visualizations all suggest that our main
negative result is due to the model’s failure to learn
how to properly exploit the romanizations for the
task, not due to a failure in learning representations
for the romanizations themselves. Thus, future
work could potentially still use our pipeline in ap-
plications that require phonetic representations in
an LRL.

6 Conclusion

We have evaluated a new process for improv-
ing cross-lingual transfer performance between an
HRL and a phonetically similar LRL. Our process
augments the training data in both the HRL and
LRL with romanizations and performs two fine-
tuning steps, first in the HRL, then in the LRL.
Although our training process did not significantly
improve task performance in the LRL, we found
that adding the HRL fine-tuning step can cause
the model to pay attention to the corresponding
romanizations for each word in the LRL when it
didn’t before. This implies that our process can
help the model learn romanization representations
in the LRL using data from the HRL, which is po-
tentially useful for applications involving phonetic
information in LRLs. Looking forward, we hope to
motivate more work focused on learning in related
HRL-LRL pairs to improve NLP technologies in
the LRL.

7 Limitations

In this paper, we specifically explored the cross-
lingual transfer abilities of our pipeline using
mBERT, with Hindi as the HRL and Urdu as the
LRL, on the two NLP tasks of POS tagging and
NER. In contrast, our goal was to make a claim
about the effects of our pipeline on any language
model, on any HRL-LRL pair with sufficient pho-
netic similarity, and on any NLP task of interest.
Due to time and compute restraints, we had to nar-
row our work down to these specific choices of
model, languages, and dataset, which we hope are
representative of the general problem.

Future work could also experiment with using
phonemic transcriptions instead of romanization to

better capture underlying similarity. However, as
we noted in our choice to use romanization, phone-
mic transcriptions are generally more difficult to
access than romanization, making them unrealistic
for practical use in LRLs.

8 Impact Statement

By introducing a method that leverages phonetic
similarities between HRLs and related LRLs, we
provide a practical and accessible approach to en-
hance cross-lingual transfer learning. Although
our framework did not yield statistically signifi-
cant improvements, the minor improvements we
did see suggest that romanization, and more gener-
ally, phonetic information, can potentially be a tool
for bridging the performance gap between HRLs
and LRLs. Our framework also shows promise in
enabling models to utilize phonetic information.

Our work addresses disparities in linguistic diver-
sity within NLP. By focusing on leveraging widely
available tools like romanizers, our method aligns
with the broader goal of making NLP more inclu-
sive and accessible. Improving the performance of
NLP technologies in LRLs is particularly impor-
tant to ensure the benefits from advancements in
the field reach as many people as possible. Future
applications of this framework have the potential
to improve NLP capabilities for LRLs, support-
ing linguistic diversity and aiding communities in
preserving their languages in the digital age.
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