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Abstract
Embedding models are crucial to modern NLP.
However, the creation of the most effective
models relies on carefully constructed super-
vised finetuning data. For high resource lan-
guages, such as English, such datasets are read-
ily available. However, for hundreds of other
languages, they are simply non-existent. We
investigate whether the advent of large lan-
guage models can help to bridge this gap. We
test three different strategies for generating
synthetic triplet data used to optimise embed-
ding models. These include in-context learning
as well as two novel approaches, leveraging
adapter composition and cross lingual finetun-
ing of the LLM generator (XL-LoRA) respec-
tively. We find that while in-context learning
still falls short of strong non-synthetic base-
lines, adapter composition and XL-LoRA yield
strong performance gains across a wide array of
tasks and languages, offering a clear, scalable
pathway to producing performant embedding
models for a wide variety of languages.

1 Introduction

In natural language processing (NLP), embeddings
play an important role, powering crucial applica-
tions such as retrieval augmented generation, se-
mantic matching and classification, among others
(Cer et al., 2018; Lewis et al., 2020; Thakur et al.,
2021; Muennighoff et al., 2022). Creating the most
effective embedding models relies on human anno-
tated triplet data, which allows the model to learn
complex semantic relationships during finetuning
(Reimers and Gurevych, 2019; Ni et al., 2022).
However, such datasets are costly to produce and
although they are abundant in high resource lan-
guages such as English, they are simply unavail-
able for many languages, despite these languages
often having many millions of speakers and high
demand for NLP technologies. While unsupervised
approaches have shown promise as a potential so-
lution, their performance still lags substantially be-

hind what can be achieved using curated supervi-
sion (Gao et al., 2021; Wu et al., 2022).

The rise of large language models holds the
promise of bridging this gap. Given their impres-
sive broad spectrum capabilities (Bubeck et al.,
2023), can we use them to generate high-quality
synthetic data, cheaply and effectively bridging
the gap for languages and domains where human
annotated resources simply do not exist? Re-
cent work, investigating synthetic data generation
(Zhang et al., 2023b), has shown promising results
on standard English benchmarks. Here we examine
whether it can be applied to low resource languages
where the impact is arguably far greater, as alterna-
tives often simply do not exist.

We examine the efficacy of three approaches to
synthetic data generation: one uses in-context learn-
ing following prior work (Zhang et al., 2023b) and
two novel methods; one in which we optimise the
LLM data generator using adapter composition and
the other in which we use a specialised cross lingual
adaptation regime we dub XL-LoRA1. We find that
these latter two approaches show clear consistent
gains against strong non-synthetic baselines across
a wide array of tasks and languages. Moreover,
XL-LoRA, our best performing method, requires
no data in the target language to optimise the gener-
ator and produces highly competitive results from
just a small scale finetuning dataset, though it can
in principle be scaled further. We believe this offers
promising pathway for producing performant mod-
els for the myriad languages where the requisite
resources would otherwise be unavailable.

2 Background and Related Work

Transformer Embeddings: Early encoder-only
transformers such as BERT (Devlin et al., 2019)
produced poor embedding models, underperform-
ing simple word embeddings despite being much

1Code available at: github.com/mbasoz/xllora-embedding
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more powerful in theory (Reimers and Gurevych,
2019). This was in large part due to a tendency to
produce anisotropic embedding spaces (Su et al.,
2021; Machina and Mercer, 2024), which is prov-
ably harmful for learning useful representations
(Wang and Isola, 2020a). However, these limita-
tions were short-lived. Seminal work by Reimers
and Gurevych (2019) demonstrated that by har-
nessing supervised NLI datasets and an appropriate
representation level objective, transformer embed-
dings could achieve a new state of the art. This
discovery was quickly followed by the SimCSE
framework of Gao et al. (2021). In SimCSE repre-
sentations are optimised using a contrastive objec-
tive inspired by advances in computer vision (Chen
et al., 2020). The objective requires maximising
the cosine similarity between an anchor sentence
and a positive example, while simultaneously min-
imising similarity to a set of negative examples. It
is defined as follows:

− log
esim(hi,h

+
i )/τ

∑M
j=1

(
esim(hi,h

+
j )/τ + esim(hi,h

−
i )/τ

) . (1)

Where hi denotes the anchor, h+i denotes the
positive target and h−i denotes the hard negative.
The objective can be applied in an unsupervised
manner, in which case the term including h−i is
omitted, and the positive simply corresponds to
the anchor with a different dropout mask applied.
However, performance improves significantly
when the objective is applied in a supervised
setting, where for each example sentence a human
annotated positive and hard negative is provided
forming a triplet. The SimCSE framework set a
new state of the art and has remained dominant
since. However, its success is crucially dependent
on the existence of high-quality triplet data, with
the best reported performance coming from triplets
obtained via the NLI dataset (Bowman et al., 2015).

Embeddings for Low Resource Languages: A
core challenge of the transformer-based approach
is its reliance on supervision and scale, making
it difficult to apply to low resource languages.
One approach to this issue is to use lightweight
models that can be trained fully unsupervised
(Mao and Nakagawa, 2023; Bestgen, 2024; Opper
and Siddharth, 2024, 2025). However, these
models have weaker capacity than large scale
transformers, which places a ceiling on their

efficacy. A second approach is to attempt to train
multilingual models that have aligned embedding
spaces, so that knowledge of a high resource
language can at least partially transfer to a low
resource one. This can be achieved implicitly
through the inclusion of multiple languages in
the pre-training data and careful control over
sampling from each (Conneau et al., 2018; Marone
et al., 2025). Or explicitly through the use of
large-scale parallel corpora (Lample et al., 2017;
Feng et al., 2020; Wieting et al., 2021; Heffernan
et al., 2022). Aligned embedding spaces enable
cross lingual transfer (Reimers and Gurevych,
2020; Nair et al., 2022), whereby such models can
be finetuned on high quality supervised data in
one language and then partially transfer the same
capability to the target language. This approach
can produce very strong results. However, it
remains suboptimal compared with the ideal
situation where high-quality supervised data is
available in the target language.

Data Synthesis Using LLMs: As the capabil-
ities of LLMs grow, they have begun to gain
ever-increasing traction as tools for data synthesis.
Arising from the hope that the sheer amount of
knowledge they have internalised can be used to
address the challenge of obtaining high-quality
data for the multitudes of tasks and domains that
cover NLP (Hartvigsen et al., 2022; Sahu et al.,
2022; Wang et al., 2023; Honovich et al., 2023).
Most relevant for our work, Zhang et al. (2023b)
introduce SynCSE: a technique for synthetically
generating triplet data required to train effective
embedding models. To do so they use five-shot
in-context learning, with alternating prompts and
examples and either generate the positive and
negative examples conditioned on a provided
anchor sentence or generate all three components
of the triplet simultaneously. Zhang et al. (2023b)
demonstrated strong results on standard English
benchmarks, leaving open the promise that the
same technique could be applied to generate data
for specialised domains or language adaptation.

Summary: When coupled with high-quality triplet
data, transformer encoders can produce powerful,
effective embeddings. For high resource languages
like English, where such datasets abound, there
exist a vast array of effective embedding models.
However, for low resource languages, where such
data is lacking, producing embeddings remains a
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Figure 1: Pipeline overview: data is synthesised using
an LLM, the result of which is then used to finetune an
encoder, resulting in the final embedding model.

challenge. We explore whether the advent of pow-
erful decoder only language models can allow us
to bridge this gap. Can we synthesise high-quality
examples for low resource languages, and what are
the best approaches to do so?

3 Pipeline and Methodology

In this section, we outline a) the overall data gen-
eration pipeline and subsequent training of the em-
bedding model and b) the different techniques used
to optimise the LLM data generator.

3.1 Pipeline

Our data synthesis pipeline consists of three core
stages. First, we collect anchor sentences for
the target language from widely available web
corpora. Second, we pass these sentences to the
LLM generator which outputs the corresponding
positive and hard negative pairs for the anchor,
forming the triplet. Finally, once we have created
the entire dataset, we then use it to optimise
our transformer encoder backbone using the
supervised SimCSE contrastive objective (Gao
et al., 2021). The resulting embedding model
is then evaluated zeroshot on downstream tasks.
Figure 1 shows an overview of the pipeline. For all
experiments, we used Gemma 3 27b (Team, 2025)
as the generator, which we found to be the most
effective multilingual model given our compute
budget.

In-Context Learning with Prompting: Our first

approach follows that of SynCSE (Zhang et al.,
2023b), which demonstrated that with fewshot
prompting applied to English, language models
can generate effective synthetic data for training
embedding models, outperforming unsupervised
baselines and approaching parity with human
annotations. Motivated by these findings, we tested
whether SynCSE can be applied to low resource
languages, where the need for synthetic data is
arguably far higher. An overview of the exact
pipeline for generating prompts can be found in
Appendix A.3 while the prompts themselves can
be found in A.4. Our approach closely mirrors the
original SynCSE, though it differs in two regards.
First, we used Gemma 3 27b rather than GPT 3.5
for parity with our other experiments. Second, we
instruct the model to provide the output in the
target language while the examples are in English.
We also experimented with translating the prompt
and examples, but found this to have a negligible
effect compared to using English.

Adapter Composition: Beyond simple prompting,
we also explored whether optimising the LLM gen-
erator itself could prove beneficial. After all, pro-
ducing quality triplets requires an excellent grasp
of semantics, and on top of that, the model must
also be able to apply this knowledge to a low re-
source language. To this end, we turned to LoRA
(Hu et al., 2021) finetuning, as it has demonstrated
high efficacy in low-data training regimes (White-
house et al., 2024) and provides minimal compu-
tational overhead. A further desirable character-
istic of LoRA is that adapters can be composed,
allowing for flexible combination of different ca-
pabilities (Zhang et al., 2023a; Zhao et al., 2024).
This is particularly desirable in our case because
we are looking to optimise for two characteristics:
a) the model must be able to understand what con-
stitutes a useful positive or negative example for a
given anchor, and b) it must have competency in the
target language to generate grammatical outputs.
As a result, we turn to AdamergeX. A technique
recently introduced by Zhao et al. (2024), which
showed strong results in cross lingual transfer in
key tasks, including natural language understand-
ing, summarisation, and reasoning. The core equa-
tion underlying AdamergeX composition is given
as follows:
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TAtgt︸ ︷︷ ︸
target task

= TAsrc︸ ︷︷ ︸
source triplet tuning

elem-wise︷︸︸︷
+ λ (LAtgt − LAsrc)︸ ︷︷ ︸

Generic Instruction Tuning

(2)
Shown above, AdamergeX requires training

three separate adapters: an adapter for the task
in the source language and two generic language
adapters, one in the source language and one in the
target. The source language adapter is subtracted
from that of the target to remove any artifacts
outside of pure linguistic competency and is then
added to the task adapter, with a hyperparameter
lambda controlling the impact of the language
adapter on the composition. In our case, the task is
triplet generation and we train the corresponding
adapter using a subset of English NLI (Williams
et al., 2017; Bowman et al., 2015). For training the
task adapter we use an instruction tuning format,
inputting premise and outputting contradiction
or entailment sentences. The prompts to convert
the task to the requisite format can be found in
Appendix A.8. Language adapters are trained
using causal language modeling on the Aya dataset.
We used either the core dataset or the machine
translated collections split based on availability
(Singh et al., 2024). Following ablations, which
can be found in A.5, we observed that training
two separate Task Adapters, for generating the
positive and hard negative respectively, improved
performance compared with using a single adapter
for both. Further ablations over hyperparameters
can be found in Appendix A.8. Finally, following
Zhao et al. (2024) and due to the limited size
of Aya, we used 10k examples to train each adapter.

XL-LoRA: For our final approach, we introduce
a technique we term XL-LoRA (cross lingual
LoRA). Here we do not require the generator to
produce outputs in the target language. Rather we
generate English positives and negatives while only
the anchor remains in the target. This approach is
motivated by two key observations. First, LLMs
display internal cross lingual alignment (Wendler
et al., 2024). Whereby in the middle layers tokens
frequently occupy an abstract concept space,
shared across languages. Second, LLMs have a
strong bias towards outputting English. This means
that even if they understand a task completely,
the very fact of having to output non-English
tokens can be highly detrimental to performance,
masking true capabilities and perhaps partially

Figure 2: XL-LoRA training data construction. Starting
with high quality translations we generate positives and
negatives based on English, before swapping back the
anchor to the original non-English language. Resulting
examples are used to finetune the XL-LoRA generator.

being responsible for the capability gap observed
in low resource languages (Pomerenke et al., 2025;
Ahuja et al., 2023). Consequently, we constructed
an additional finetuning set where anchors are in
the target language, but the positives and negatives
(i.e. generation targets for the LLM) are in English.
We used the following steps to create this dataset
as illustrated in Figure 2.

Step 1: First, we sourced high-quality translations
between English and non-English languages2.
One of these is the XNLI test set (Conneau
et al., 2018), which unlike the XNLI training
set, contains translations by human experts. In
this case, we already had positives and negatives
available for each example so we simply swapped
the English anchor for multilingual ones. As a
result, the languages used to train the adapter
are restricted to those present in XNLI and are
largely differfrom the target languages used
as the anchor sentences later, with Hindi as
the sole exception. This avoids the need to
include target language supervision, which is
often difficult to obtain for low-resource languages.

Step 2: To further increase the number of
examples to 10k, matching the SFT set sizes
used for AdaMergeX, we could not rely on the
XNLI test set alone, as it is very limited in scale.
For further data, we found high-quality human
translation data (Tiedemann and de Gibert, 2023)
in the same languages covered by XNLI. We then
used our triplet generation model, finetuned on
English, to generate the corresponding positives

2Training of the XL-LoRA adapter includes the following languages: Ara-
bic, Bulgarian, German, Greek, Spanish, French, Hindi, Russian, Swahili, Thai,
Turkish, Urdu, Vietnamese and Chinese.
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and negatives before swapping out the English
anchor with its multilingual equivalent. We found
that high-quality translations in the XL-LoRA
training were absolutely crucial to ensuring success
(ablations can be found later in the paper), and
using machine translated examples was highly
detrimental. However, we note that this is only
required for the small scale finetuning of the gener-
ator. Additionally, we emphasize that, unlike in the
adapter composition approach, no data in the target
language is required for training the XL-LoRA
adapter, and the vast majority of the languages we
later evaluate on are not present in the training data.

Step 3: We train the XL-LoRA adapter using
instruction tuning, where the model is prompted
in a zero shot manner using the positive and
negative pair generation instructions described in
Appendix A.8. Each prompt takes a non-English
anchor sentence as a premise and instructs the
model to generate either a contradictory sentence
as a hard negative or an entailment sentence as a
positive in English. During training, the reference
positives and hard negatives are provided only as
target outputs for supervision and are not included
in the input prompt. Once this is completed, the
generator can then be deployed at scale for data
synthesis.

Summary: We present three methods for optimis-
ing our synthetic data generator: one based on
prompting, the second on adapter composition and
the final uses cross lingual examples. Next, we test
them experimentally.

4 Experiments

Setup: We want to evaluate the efficacy of syn-
thetic data for training embedding models suitable
for low resource languages. To do so we select two
popular and capable multilingual models, XLM-
R (Conneau et al., 2020) and mmBERT (Marone
et al., 2025), as backbones that we finetune into em-
bedding models. We compare against the following
baselines not reliant on synthetic data:

1. Base Encoder: The first baselines are simply
the pretrained backbones without any finetun-
ing. These are unlikely to be good embedding
models out of the box (Reimers and Gurevych,
2019), but provide a useful lower bound.

2. Unsupervised: Here we finetune backbones
using the unsupervised SimCSE objective

(Gao et al., 2021) on unlabeled data in the
target language. This approach mitigates the
lack of human annotated data, and has been
shown to produce strong results on English
STS.

3. Cross Lingual: While unsupervised SimCSE
is a strong method for training embedding
models its performance still lags in compari-
son to human annotated data. An alternative
approach is to take advantage of the fact that
multilingual encoders learn partially shared
representations across languages (Conneau
et al., 2020), which enables a good degree
of zeroshot cross lingual transfer. Therefore,
a highly performant alternative approach is
to finetune using human annotated English
data, and then evaluate zeroshot transfer to
the target language (Nair et al., 2022).

We compare these baselines against the three
approaches for synthetic data generation described
in Section 3. Namely, prompting using in-context
examples, adapter composition and finally
XL-LoRA. The cross lingual baseline is trained
using supervised SimCSE on the English NLI
dataset from Williams et al. (2017); Bowman et al.
(2015). The unsupervised baseline for each target
language is trained using sentences sourced from
the Leipzig Corpora Collection (Goldhahn et al.,
2012) except for the Hausa data sourced from
Opus (Nygaard and Tiedemann, 2003), while the
synthetic approaches use these same sentences as
anchors and then generate the corresponding hard
positives and negatives - totalling 275k training
examples, in line with the English NLI sample size.
We evaluate performance using both STS/STR
tasks from (Ousidhoum et al., 2024) and a subset
of retrieval tasks from MTEB (Muennighoff
et al., 2022) specifically focusing on low resource
languages. Further training and hyperparameter
details can be found in Appendix A.2.1.

4.1 Results
STS Results can be found in Table 1. Overall, we
see that all three synthetic data approaches outper-
form both the base encoder and unsupervised base-
lines by a substantial margin. The cross lingual
baseline nevertheless proves a tough competitor,
and outperforms the prompt based synthetic ap-
proach across the board. However, the more sophis-
ticated synthetic approaches, adapter composition
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XLM-R MM-BERT

Method Afr Hin Mar Tel Ind Hau Kor Score Afr Hin Mar Tel Ind Hau Kor Score

Base Encoder 56.2 52.7 55.7 46.3 46.7 4.1 60.8 46.1 72.0 63.8 70.7 66.8 52.2 21.7 62.0 58.5

Unsupervised 74.8
±0.3

69.7
±0.2

77.1
±0.2

76.2
±0.3

39.2
±0.3

45.4
±0.7

70.9
±0.3

64.7
±0.2

75.5
±1.2

58.0
±2.6

68.6
±1.3

62.1
±3.5

44.7
±1.7

25.5
±1.2

58.0
±2.9

56.1
±0.8

Cross Lingual 78.0
±0.3

77.4
±0.1

81.6
±0.2

80.9
±0.7

47.1
±0.6

48.2
±1.0

79.9
±0.1

70.4
±0.2

78.0
±0.4

77.7
±0.1

79.8
±0.4

73.6
±0.6

49.3
±0.6

29.4
±1.7

79.6
±0.1

66.8
±0.4

Synth - Prompting 81.4
±0.5

77.9
±0.3

82.3
±0.3

81.4
±0.5

38.3
±0.9

47.4
±1.2

69.9
±0.5

68.4
±0.2

80.6
±0.3

76.8
±0.4

76.3
±0.6

76.6
±0.3

41.3
±1.0

45.2
±1.4

68.0
±0.4

66.4
±0.4

Synth - Adapter Composition 80.4
±0.3

77.6
±0.2

84.8
±0.2

83.0
±0.2

46.4
±0.3

49.5
±0.5

74.7
±0.6

70.9
±0.2

79.9
±0.3

77.6
±0.2

82.2
±0.4

81.1
±0.4

46.2
±0.6

42.1
±1.4

72.6
±0.9

68.8
±0.2

Synth - XL-LoRA 81.0
±0.2

78.0
±0.2

84.3
±0.2

84.0
±0.2

47.8
±0.3

58.4
±0.3

72.8
±0.3

72.3
±0.1

80.4
±0.3

79.5
±0.4

84.6
±0.3

83.5
±0.3

49.1
±0.6

56.1
±1.5

72.6
±0.3

72.3
±0.3

Table 1: Embedding performance on STS tasks (Spearman’s correlation). We report results for two backbones, with
mean ± standard deviation over four random seeds where applicable.

Figure 3: Retrieval results across multiple benchmarks. Results are averaged across backbones (XLM-R and
mmBERT) and across languages. Metric is recall@10. Full results for all tasks and backbones can be found in
Appendix A.7, but reflect the same clear trend depicted here.

and XL-LoRA, show consistent improvements over
the cross lingual baseline, with XL-LoRA perform-
ing best of all. The same pattern can be seen in the
retrieval results shown in Figure 3, where adapter
composition and XL-LoRA outperform all base-
lines by a considerable margin, while the prompt
based approach lags behind the cross lingual base-
line. This trend is observable across backbones and
across tasks, indicating that - provided the right
considerations are taken in training the generator -
synthetic data can be a powerful tool to bootstrap
training where resources are otherwise unavailable.
However, its success requires careful considera-
tion and can be subject to multiple challenges and
potential failure modes. In the following section,
we will explore the behaviour of the various data
generation methods and attempt to shed light on
their strengths and weaknesses, together with their
subsequent effects on the representation space.

5 Analysis and Ablations

Successfully generating high quality synthetic data
can be challenging, particularly in somewhat OOD
settings such as low resource languages. Here
we highlight some of the key failure modes and
challenges we encountered in the hope they will
prove useful for future development.

The first approach we tried was prompt based
generation using in-context examples. This is
the SynCSE approach advocated by Zhang et al.
(2023b), which showed very strong performance
on standard English benchmarks, and the promise
of being easily extensible to other languages and
domains. However, in our experiments we found
this approach suffers from three key difficulties:

1. Lack of competency in the target language:
The model often struggled to generate fluent
and coherent sentences in the target language.
Frequently mixing in words from other lan-
guages, and producing ungrammatical sen-
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Data type Anchor Positive Hard Negative

Example 1

Annotated

yeah it’s really sad i don’t know i
just think um

That’s a sad thing. Its an uplifting topic to talk about.

Synthetic - Prompted The person appears to be expressing emo-
tional distress and uncertainty.

yeah it’s great I’m sure I just feel like
yeah

Synthetic - LoRA Yes, I agree that is really sad. Yeah I know, it’s actually very happy.

Example 2

Annotated
that one person has total control and
i always figured at least in a day care
center there are other people around
and if you get one bad apple there’s
are at least other people that can see
it they can watch and i just kind of
always felt that the chances of some-
thing happening were less

It seems like even though there are some
bad kids in daycare, there’s always someone
around to supervise.

I’ve never experienced any kids with
bad behaviour in daycare.

Synthetic - Prompted I figured a daycare center with multiple staff
would be safer because others can monitor
and prevent bad behavior.

I figured one bad apple could cause
harm with no others to supervise.

Synthetic - LoRA I always thought that there were less chances
of something happening in a day care be-
cause there are other people watching.

I thought the chances of something hap-
pening were high.

Table 2: Synthetic triplet examples vs annotations (English).

Figure 4: Synthetic Turkish data produced via ICL-
Prompting. Unintended code switching and poor intel-
legibility are apparent throughout.

tences. These issues compound the more low
resource the language is as demonstrated in
Figure 4.

2. Contextual and pragmatic mismatch: The gen-
erated hard negatives often failed to be con-
textually or pragmatically aligned with the
anchor sentence. For example, defaulting to a
generic style whereas the anchor may be e.g.
more conversational/informal as observed in
the first example of Table 2. Human annota-
tions, meanwhile, mirror the tone.

3. High lexical overlap between anchor and hard
negative compared to anchor and positive (Fig-
ure 5): While it may not be initially obvi-
ous why this is an issue, it differs strongly
from the human annotations, and is indica-
tive of the model using lazy strategies such
as simply including a negation (e.g., that was
not good) which offer limited semantic diver-
sity and scope for learning. This pattern is
also observed in the qualitative analysis in
Appendix A.9.

Overall, the adapter composition approach yields
stronger results than the prompting approach and
shows consistent, though moderate, improvements
over the cross-lingual baseline. However, while

Figure 5: Lexical overlap between the anchor and posi-
tive/negative pairs computed via Dice coefficient. En-
glish results, including gold human annotations, are
shown on the left. Right compares adapter composition
with prompted data in low resource languages. XL-
LoRA is excluded as languages differ within the triplet.

we found that task adaptation worked extremely
well as seen in Appendix A.1, the performance
of the composed adapters was more variable.
Alignment and uniformity analysis (Wang and
Isola, 2020b) in Figure 7 reveals that embeddings
produced by adapter composition exhibit weaker
alignment than those from cross-lingual and
prompting methods. This behavior is intuitive
when considering that adapter composition relies
on anchor–positive pairs with higher lexical
overlap than the prompting synthesised method
(see Figure 5) reducing their lexical diversity.
As a result, the model may struggle to group
semantically similar sentences that differ lexically.
While adapter composition demonstrates a strong
potential, its weaker alignment highlights clear
opportunities for further refinement to enhance
its efficacy in matching semantically similar
sentences.
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Figure 6: Examples of data synthetsised by the XL-LoRA generator when trained on machine-translated (MT) and
human-translated plus synthesised (HT+Syn) data. MT data shows leads to lower quality.

Figure 7: Alignment and Uniformity values of finetuned
embedding models, based on the corresponding STR
language embeddings3. Lower ℓalign values indicate that
similar sentences are clustered closely together in the
embedding space, while lower ℓuniform values indicate
a more evenly distributed embedding space, reducing
anisotropy. Here mmBERT is used as the base encoder,
but trends are consistent across backbones (see A.10)

The final model we evaluated was XL-LoRA,
which leverages the stronger proficiency of models
in high resource languages by generating hard pos-
itives and negatives in English while maintaining
the language-specific anchors. Beyond achieving
strong performance across all evaluation settings,
XL-LoRA generally exhibits improved uniformity
across languages relative to other synthetic
approaches and cross lingual method. Furthermore,
it maintains strong alignment compared to both
adapter composition and unsupervised methods,
as illustrated in Figure 7. This results in a more
balanced embedding space that effectively clusters

3Alignment and uniformity are computed per language from the STS test
set, using sentence pairs with normalized similarity ≥ 0.8 as positives and all
test sentences to estimate the data distribution.

10k 20k

hin 79.5 ± 0.4 80.0 ± 0.1
mar 84.6 ± 0.3 83.9 ± 0.1
tel 83.5 ± 0.3 84.9 ± 0.6
hau 56.1 ± 1.5 59.3 ± 0.9

avg 75.9 ± 0.5 77.0 ± 0.2

Table 3: STS results (mean ± std over 4 seeds, Spear-
man’s correlation) for XL-LoRA method (mmBERT as
the base encoder) trained with 10k vs. 20k data.

semantically similar pairs while preserving
separation between distinct examples.

We further observe that XL-LoRA is highly
sensitive to training data quality: when trained on
XNLI machine-translated data, the LLM generator
produces positives which exhibit notable semantic
mismatches with their anchors, as shown in the
qualitative analysis in Figure 6 in Appendix A.6.
Replacing machine-translated data with XNLI
human-translated data augmented by synthesised
examples resolves this issue, highlighting the
importance of high-quality training data for
effective sentence generation.

Finally, we conducted a limited experiment to
study whether scaling the amount of training
data improves the performance of the XL-LoRA
adapter. In this setup, the training data for both
the XL-LoRA adapter and the LoRA based task
adapter used for the data augmentation step is
increased from 10k to 20k. As shown in Table 3,
even this basic increase leads to improved STS
performance across most languages. We note
that this is only one axis of scaling, and there are
many options including increasing source dataset
diversity and LoRA rank.
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Additional ablation studies are included in the Ap-
pendix section, detailing hyperparameter tuning
for non-English sentence embedding models (Ap-
pendix A.2), adapter composition ablations for
triplet data synthesis strategies (Appendix A.5)
and XL-LoRA triplet data synthesis strategies (Ap-
pendix A.6). Full retrieval evaluation tables are
also provided in Appendix A.7.

6 Conclusions and Future Work

We investigate whether synthetic data can be used
in order to train capable embedding models for low
resource languages. We find that while in-context
learning through prompting is unlikely to be suffi-
cient, more sophisticated approaches which use re-
source efficient LoRA adaptation of the LLM data
synthesiser can prove highly effective. Notably,
our best performing method, XL-LoRA, achieves
considerable gains without requiring parallel data
in the target language. Thouhg we limited the num-
ber of examples for finetuning in order to maintain
parity with the adapter composition. Many more
examples can be sourced both to optimise the En-
glish triplet generator, and as quality substitutions
for the English anchor. With greater scale, perfor-
mance should improve even further, as hinted by
the results in 3. Compounded with the unrelent-
ing advances in LLM capabilities, we believe this
offers a bright future for low resource NLP.

7 Limitations

While we aim for broad experimental coverage, ex-
tending evaluation to additional language families
and analysing performance with respect to typo-
logical features such as morphology, word order,
and script would be valuable future work. Our
experiments are also constrained by compute, lim-
iting evaluation to LLMs below 100B parameters;
scaling to larger or more recent models may fur-
ther improve synthetic data quality, particularly for
lower-resource and typologically distant languages.
Finally, our pipeline focuses on encoder-based em-
bedding models, and we do not explore alternative
embedding paradigms such as decoder-based em-
beddings from instruction-tuned LLMs, which may
prove far more capable backbones.
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A Appendix

A.1 English Experiments Setup

Base
Encoder

Base Model
Description

Synthesised
Data
Generation
Method

STS-B

RoBERTa
Base

unsupervised
SimCSE – 80.0

supervised-SimCSE
on annotated
English triplets

– 85.4

supervised
SimCSE

SynCSE-partial
(GPT3.5) 83.3

SynCSE-partial
(Gemma3-27b)* 83.1

LoRA TA
(Gemma3-1b)* 83.2

LoRA TA
(Gemma3-27b)* 84.3

Table 4: STS-B performance (Spearman’s correlation)
of SimCSE-based English models. Results are repro-
duced via SimCSE fine-tuning methodologies, using
their hyperparameter settings. * denotes synthesised
data. Original scores for unsupervised SimCSE, super-
vised SimCSE, and SynCSE-partial (GPT-3.5) are 80.2,
85.8, and 83.9 (Gao et al., 2021; Zhang et al., 2023b).

A.2 Non-English Setup Ablations

A.2.1 Sentence Embedding Models Training
and Hyperparameter Settings

To train our models, we utilise the SimCSE pack-
age, which is built on top of the Transformers li-
brary (Wolf et al., 2020), modifying the package
to be able to extend the base encoder use to Mod-
ernBERT (Warner et al., 2024) architecture. Our
approach builds upon pre-trained language models,
leveraging the XLM-RoBERTa Base model (Con-
neau et al., 2020) and the mmBERT Base model
(Marone et al., 2025) as the foundations for our low
resource language models. We drew upon the hy-
perparameters established in the original SynCSE
and SimCSE studies except the pooling method.
Our ablation study indicates that using the average
first last pooling method during training and infer-
ence, a batch size of 512, a learning rate of 5e-5 and
a maximum sequence length of 32 consistently re-
sults in high scores across two different languages.
For training the unsupervised SimCSE models, we
use the same hyperparameters as the original un-
supervised SimCSE, including a batch size of 512,
a maximum sequence length of 32, and a learning
rate of 1e-5. The ablation studies were conducted
on the development sets of the evaluation data. All
results report the average first–last pooling method,
except for the Base Encoder models in the STS

experiments, which use average pooling, as this
pooler yields higher baseline scores for this spe-
cific task.

Pooler Type STR

Afr Hin
cls + mlp 77.9 81.8
avg 77.6 81.3
afl 78.4 82.0
at2 78.0 81.6
cbp 77.7 81.8

Table 5: Spearman correlations for STR perfor-
mance fine-tuned with Prompting synthesis method in
Afrikaans and Hindi, using different pooler types

Batch
Size

MLM
Obj

STR

Afr Hin
128 FALSE 78.4 82.0
128 TRUE 78.5 82.1
512 FALSE 79.0 82.8

Table 6: Spearman correlations for STR perfor-
mance fine-tuned with Prompting synthesis method in
Afrikaans and Hindi, using different batch sizes and
MLM objective.

A.3 Localised SynCSE-partial pipeline

Figure 8: The prompting strategy for localised SynCSE-
partial. As in the original method, each prompt includes
five randomly selected examples from a pool of 18, to-
gether with a randomly chosen opening sentence from
one of the four prompt types shown in Figure 9. Lan-
guage specific details are added in the closing prompt.
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A.4 SynCSE-partial Positive and Hard
Negative Prompts

Figure 9: Positive and hard negative prompts used in
the SynCSE-partial methodology (Zhang et al., 2023b)
to promote diversity in data synthesis.

A.5 Adapter Composition Triplet Data
Synthesis Ablations

A.5.1 Ablation Design

Ablation studies of the adapter composition method
for triplet data synthesis include reproducing the
pipeline of (Zhao et al., 2024) for the XNLI task
using Gemma3 1B model and implementing the
approach to the STR task for Gemma3 1B and
27B models. For ensuring the effectiveness of the
implementation, we tested the performance of dif-
ferent task adapter training methods (Table 9) and
different sources of training data for the language
adapters (Table 10), rank values (Table 11) and
lambda hyperparameters (Figure 10). The develop-
ment set is used for the STR evaluation throughout
the ablation experiments. The initial experiments
synthesise a smaller set (50k) of data due to com-
pute limits.

A.5.2 LoRA Hyperparameters

For training all the LoRA adapters, the fol-
lowing hyperparameters are used; lora_alpha:
16, target_modules: all-linear following the
AdaMergeX parameters. Rank is set to 8 based
on our ablation results.

Task Adapter
Adapter
Composition
Method

XNLI Accuracy Score

XLM-R Gemma3-1b

Base model – 33.3 35.3
Hindi XNLI – 57.2 65.7
English XNLI – 56.8 65.3

English XNLI AdaMergeX with
Hindi LA & English LA 60.5 65.8

Table 7: XNLI accuracy on the Hindi test set for Base
models, LoRA task adapters (TAs) in Hindi and English,
and the AdaMergeX cross-lingual TA.

Data Synthesis Method STR (Hindi)

Gemma3-1b Gemma3-27b

Base 79.1 81.0
LoRA TA trained on English data 80.2 82.5
Crosslingual TA (Hindi)
via Adamergex 80.5 82.7

Table 8: Spearman correlations for STR performance
in Hindi, using different data synthesis methods with
50,000 synthesized samples.

TA Adapter Specs LA Adapter Specs STR
(Hindi)

Trained a combined model
with both negative and
positive prompt examples

Aya annotated dataset 81.1
Combined sentence corpora 82.0
Individual sentences 81.8
Aya annotated + collections dataset 82.4

Trained two individual
models with negative and
positive prompt examples

Aya annotated dataset 82.5
Combined sentence corpora 83.0
Individual sentences 81.8
Aya annotated + collections dataset 82.7

Table 9: Spearman correlations for STR performance
in Hindi, using different language adapter (LA) and
task adapter (TA) specifications with 50,000 synthe-
sized data samples. Aya annotated dataset contains the
human annotated samples (Singh et al., 2024), collec-
tions dataset denotes the Aya collections of machine
translated samples. Combined sentence corpora and in-
dividual sentences experiments source the multilingual
corpora from (Opper and Siddharth, 2025)

LA Adapter Specs STR

Hindi Telugu Afrikaans

Aya annotated dataset 82.2 81.0 –
Combined sentence corpora 82.7 81.4 77.4
Aya annotated + collections dataset 83.0 81.3 77.5

Table 10: Spearman correlations for STR performance
across Hindi, Telugu, and Afrikaans for different lan-
guage adapter (LA) and task adapter (TA) specifications
synthesising the full dataset. Data for Afrikaans in the
Aya annotated category was unavailable.

421



STR

Hindi Telugu Afrikaans

Rank 4 82.1 81.7 77.0
Rank 8 83.0 81.3 77.5
Rank 16 82.4 81.9 77.4

Table 11: Spearman correlations for STR performance
across Hindi, Telugu, and Afrikaans for different ranks
synthesising the full dataset.

Figure 10: Accuracy for XNLI (dev) and STR (dev)
performances across different lambdas.
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A.6 XL-LoRA Triplet Data Synthesis Ablations

XLM-R mmBERT Score

Method Afr Hin Mar Tel Ind Hau Kor Afr Hin Mar Tel Ind Hau Kor

MT 80.0 78.2 83.6 84.7 48.3 61.0 73.9 80.5 79.8 83.9 83.1 50.7 59.4 74.1 72.9
HT + MT 80.2 78.4 83.5 84.1 49.3 60.7 72.9 80.7 79.8 84.5 84.6 51.7 59.1 72.7 73.0
HT + Syn 81.2 77.8 84.0 84.0 47.8 58.0 72.9 80.6 79.5 85.0 83.7 48.9 57.7 72.9 72.4

Table 12: STR results on synthesised data methods using XL-LoRA models trained on machine-translated (MT),
human-translated plus machine-translated (HT+MT) and human-translated plus synthesised (HT+Syn) data.

nDCG@10 Recall@10

XLM-R mmBERT Score XLM-R mmBERT Score

Method Hin Tel Ind Kor Hin Tel Ind Kor Hin Tel Ind Kor Hin Tel Ind Kor

MT 17.2 13.4 14.3 25.4 16.2 8.1 18.7 26.3 17.5 26.9 22.4 21.4 35.9 23.4 14.3 25.8 35.8 25.7
HT + MT 18.2 16.6 17.1 25.2 18.3 11.9 19.0 28.9 19.4 29.3 26.4 24.2 34.6 27.1 20.1 25.7 37.7 28.1
HT + Syn 18.8 16.7 18.1 25.9 20.8 11.6 22.5 26.9 20.2 28.4 28.0 25.2 37.1 29.3 19.4 29.8 36.2 29.2

Table 13: MIRACL Retrieval Hard Negative results on synthesised data methods (XL-LoRA; MT vs. HT+MT vs.
HT+Syn)

nDCG@10 Recall@10

XLM-R mmBERT Score XLM-R mmBERT Score

Method Hin Mar Tel Hin Mar Tel Hin Mar Tel Hin Mar Tel

MT 49.9 56.8 54.2 46.6 55.7 49.5 52.1 69.4 75.0 74.6 65.2 74.3 67.8 71.1
HT + MT 50.2 57.5 54.9 48.2 56.2 51.1 53.0 68.7 75.3 74.7 67.2 75.0 68.9 71.6
HT + Syn 51.2 57.6 55.1 48.8 58.6 51.6 53.8 70.6 75.8 75.4 68.2 76.8 69.7 72.8

Table 14: Indic QA Retrieval results on synthesised data (XL-LoRA; MT vs. HT+MT vs. HT+Syn).

nDCG@10 XLM-R mmBERT Score

Method Afr Hin Mar Tel Ind Hau Kor Afr Hin Mar Tel Ind Hau Kor

MT 76.8 68.2 69.6 63.6 77.7 65.4 75.4 78.7 69.4 70.5 65.7 82.4 66.3 79.1 72.1
HT + MT 78.0 70.1 71.8 64.4 78.9 64.6 76.3 81.1 70.8 72.6 65.6 82.0 62.3 80.4 72.8
HT + Syn 79.2 70.1 71.6 64.6 79.1 65.8 78.4 81.9 70.8 73.9 65.5 83.7 58.9 81.0 73.2

Table 15: Belebele Retrieval nDCG@10 results on synthesised data (XL-LoRA; MT vs. HT+MT vs. HT+Syn)

Recall@10 XLM-R mmBERT Score

Method Afr Hin Mar Tel Ind Hau Kor Afr Hin Mar Tel Ind Hau Kor

MT 88.9 84.1 84.6 80.1 90.1 79.0 89.4 90.4 86.1 85.3 80.6 93.4 79.8 91.8 86.0
HT + MT 90.1 84.7 86.8 81.1 91.0 79.1 89.7 92.6 85.2 86.4 80.2 93.0 79.2 92.1 86.5
HT + Syn 91.1 84.8 87.0 80.2 91.9 80.1 91.6 92.7 86.3 87.8 81.2 94.0 74.2 93.3 86.9

Table 16: Belebele Retrieval Recall@10 results on synthesised data (XL-LoRA; MT vs. HT+MT vs. HT+Syn)
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A.7 Retrieval evaluation

nDCG@10 Recall@10

XLM-R mmBERT Score XLM-R mmBERT Score

Method Hin Tel Ind Kor Hin Tel Ind Kor Hin Tel Ind Kor Hin Tel Ind Kor

Base Encoder 1.4 0.6 0.3 4.9 0.3 0.0 0.0 0.7 1.0 1.7 0.7 0.6 6.6 0.4 0.0 0.1 0.7 1.4
Unsupervised 16.1 11.0 8.6 22.7 2.2 0.7 3.3 7.7 9.0 23.5 17.6 12.1 29.1 3.8 1.0 5.2 12.1 13.1
Cross Lingual 19.8 13.3 16.5 27.4 22.0 8.2 20.0 28.3 19.4 29.8 22.0 23.9 36.3 30.6 13.6 27.7 37.5 27.7
Synth - Prompting 16.7 16.3 15.1 21.6 9.5 11.4 9.7 24.5 15.6 24.5 28.8 21.6 32.5 13.6 20.2 14.5 36.6 24.0
Synth - Adapter Composition 16.5 17.0 18.8 25.5 16.6 11.5 21.7 29.1 19.6 26.5 28.4 26.4 37.4 25.4 19.8 29.4 40.5 29.2
Synth - XL-LoRA 18.8 16.7 18.1 25.9 20.8 11.6 22.5 26.9 20.2 28.4 28.0 25.2 37.1 29.3 19.4 29.8 36.2 29.2

Table 17: MIRACL Retrieval Hard Negative results across languages.

nDCG@10 Recall@10

XLM-R mmBERT Score XLM-R mmBERT Score

Method Hin Mar Tel Hin Mar Tel Hin Mar Tel Hin Mar Tel

Base Encoder 5.9 21.0 21.7 1.9 2.0 39.6 15.4 12.2 31.1 43.1 4.3 4.6 57.2 25.4
Unsupervised 43.2 44.6 48.2 17.1 23.1 13.9 31.7 61.9 62.8 67.2 31.5 38.7 24.2 47.7
Cross Lingual 50.7 55.0 50.8 46.2 50.1 39.6 48.7 70.0 73.4 69.6 64.9 68.3 57.2 67.2
Synth - Prompting 52.3 52.3 51.8 44.4 47.8 42.5 48.5 72.0 71.7 72.1 62.9 67.0 59.9 67.6
Synth - Adapter Composition 52.5 57.5 57.7 48.5 52.7 47.0 52.7 71.5 75.8 77.5 66.2 72.3 65.1 71.4
Synth - XL-LoRA 51.2 57.6 55.1 48.8 58.6 51.6 53.8 70.6 75.8 75.4 68.2 76.8 69.7 72.8

Table 18: Indic QA Retrieval results across languages

nDCG@10 XLM-R mmBERT Score

Method Afr Hin Mar Tel Ind Hau Kor Afr Hin Mar Tel Ind Hau Kor

Base Encoder 14.7 11.5 13.8 14.8 27.9 5.9 23.0 1.1 0.8 0.9 1.0 1.1 1.2 1.2 8.5
Unsupervised 7.4 8.0 5.7 49.7 66.5 18.6 62.4 36.1 20.1 16.8 12.5 54.4 5.0 32.1 28.2
Cross Lingual 74.9 65.6 66.8 60.2 79.1 41.9 74.3 78.5 64.7 63.0 48.0 82.9 30.0 77.4 64.8
Synth - Prompting 70.5 58.5 61.0 56.6 71.0 48.3 72.7 65.0 53.6 53.5 48.7 73.2 28.0 70.9 59.4
Synth - Adapter Composition 77.7 64.0 68.6 61.3 76.9 56.7 73.1 76.6 58.8 61.0 57.6 79.9 43.6 72.7 66.3
Synth - XL-LoRA 79.2 70.1 71.6 64.6 79.1 65.8 78.4 81.9 70.8 73.9 65.5 83.7 58.9 81.0 73.2

Table 19: Belebele Retrieval nDCG@10 results across languages

Recall@10 XLM-R mmBERT Score

Method Afr Hin Mar Tel Ind Hau Kor Afr Hin Mar Tel Ind Hau Kor

Base Encoder 20.8 16.8 20.4 20.9 39.8 10.6 31.9 2.2 1.7 2.0 2.1 2.1 2.4 2.4 12.6
Unsupervised 12.8 13.7 11.2 64.1 81.2 30.0 78.3 52.2 32.0 27.0 22.0 69.2 8.9 47.0 39.3
Cross Lingual 87.4 80.0 83.1 77.1 90.3 54.2 86.9 90.6 78.7 78.1 62.8 92.7 37.3 90.7 77.9
Synth - Prompting 84.1 73.4 77.3 71.7 84.6 63.8 85.9 81.1 69.6 70.8 64.9 86.6 40.9 84.4 74.2
Synth - Adapter Composition 89.1 78.2 83.8 75.7 89.3 72.4 85.9 90.4 75.6 76.6 72.4 90.7 58.8 85.1 80.3
Synth - XL-LoRA 91.1 84.8 87.0 80.2 91.9 80.1 91.6 92.7 86.3 87.8 81.2 94.0 74.2 93.3 86.9

Table 20: Belebele Retrieval Recall@10 results across languages
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A.8 Zero-shot Prompting Strategies for Task Adapters

Prompting Strategy Zero-Shot Prompt

Huang et al. (2023) Prompting –
XNLI Classification

I want you to act as a natural language inference expert for {lan-
guage}. Premise: {premise}. Hypothesis: {hypothesis}. You
should retell the premise and hypothesis in English. You should
judge whether the hypothesis is true (entailment), false (contra-
diction), or undetermined (neutral) given the premise. The rela-
tionship can be chosen from entailment, contradiction and neutral.
You should step-by-step answer the request. You should tell me
the relationship in this format ‘Relationship:’.

Modified Prompting – XNLI
Classification (This Work)

You are an expert at natural language inference. Given a premise
and hypothesis (in {language}), you should return an integer clas-
sification. The options are as follows: 0 for entailment, 1 for
neutral, and 2 for contradiction. Return only the integer without
any preamble or explanation. Premise: {premise}. Hypothesis:
{hypothesis}.

Prompting – Positive Pair Gener-
ation (This Work)

You are an expert at natural language inference. Given a premise,
you should return an entailment sentence example (in {language})
to the premise. Return only the entailment sentence example
without any preamble or explanation. Premise: {premise}.

Prompting – Negative Pair Gen-
eration (This Work)

You are an expert at natural language inference. Given a premise,
you should return a contradiction sentence example (in {lan-
guage}) to the premise. Return only the contradiction sentence ex-
ample without any preamble or explanation. Premise: {premise}.

Table 21: Zero-shot prompting strategies used in this study.

A.9 Qualitative Analysis - Turkish data

Figure 11: Qualitative review comparing the Turkish semi annotated data (Halat and Atlamaz, 2024), synthetic data
via Prompted, Adapter Composition and XL-LoRA methods. We constructed the annotated triplet dataset from the
ImplicaTR dataset (Halat and Atlamaz, 2024) by treating entailment pairs as positive examples and contradiction
pairs as hard negatives.

A.10 Alignment and Uniformity

Figure 12: Alignment and Uniformity analysis of XLM-R based fine tuned sentence embedding models, based on
Telugu STR language embeddings.
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