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Abstract

Extending Large Language Models (LLMs)
to new languages is challenging, with most
methods proposed suffering from high com-
putational cost and catastrophic forgetting of
original model capabilities. Embedding relearn-
ing (Artetxe et al., 2020), a technique that cre-
ates new tokenizers and tunes embeddings on
fixed model weights for target language adapta-
tion, is both light-weight and performant. How-
ever, it has only been shown to work for older
generation encoder-only models and for high
resource languages. In this paper, we extend
this framework to decoder-only LLMs focus-
ing on joint adaptation to many languages, in-
cluding low-resource ones. We experiment
in three language groups over 100 languages
each. We adapt a pre-trained LLM via switch-
ing to a customized tokenizer, and relearning
the embedding layer. Across 96 diverse lan-
guages spanning both classification and gen-
eration tasks, we show embedding relearning
improves Gemma2 models by up to 20%, being
highly competitive with full-weight updating
baselines while vastly more computationally ef-
ficient and mitigating catastrophic forgetting.
This translates into better results in transferring
the improved multilingual performance to tasks
that build on core English abilities (e.g., multi-
lingual math reasoning), compared to various
baselines. Further analysis reveals the criti-
cal role of customizing tokenizers in achieving
effective language transfer, particularly for non-
Latin script languages.

1 Introduction

Large Language Models (LLMs) have transformed
the field of natural language processing through pre-
training on extensive web-scale corpora (Brown
et al., 2020; Anil et al., 2024). Despite these ad-
vancements, their success has been primarily cen-
tered on English, leaving the multilingual ability

*Work done during an internship at Google.

less explored. While the multilingual potential of
LLMs has been demonstrated across multiple lan-
guages (Shi et al., 2023), their practical applica-
tions remain largely confined to a limited set of
high-resource languages. This limitation reduces
their utility for users speaking under-represented
languages (Ahia et al., 2023).

Recently, many works focus on increasing the
language support of LLMs. For instance, contin-
ued pre-training approaches further train LLMs on
additional multilingual data by using either the orig-
inal vocabulary (Zheng et al., 2024; Üstün et al.,
2024) or introducing language-specific tokens (Fu-
jii et al., 2024; Lu et al., 2024) (Figure 1 (b)).
Despite the effectiveness in enhancing multilin-
gual support, this paradigm typically requires full-
parameter tuning on vast data, making adapting
an LLM to accommodate new languages expen-
sive. Moreover, such adaptation poses a signifi-
cant risk of catastrophic forgetting, whereby the
LLM loses previously acquired knowledge from
the initial pre-training phase (Luo et al., 2024; Shi
et al., 2024). Additionally, these methods usually
focus on a smaller number of high-resource lan-
guages (Aryabumi et al., 2024; Alves et al., 2024;
Xu et al., 2024), neglecting mid- and low-resource
languages. Given these challenges, it is crucial to
explore efficient and scalable methods for devel-
oping multilingual LLMs that can support diverse
languages across varying resource levels.

Alternatively, embedding relearning – a tech-
nique that adapts models to new languages by learn-
ing new tokenizers and embeddings while keep-
ing the transformer layers fixed – has shown to be
effective in improving performance in target lan-
guages (Artetxe et al., 2020). However, existing
embedding relearning approaches face several lim-
itations: 1) the major focus on ‘outdated‘ encoder-
only PLMs limits the applicability; 2) the mono-
lingual transfer strategy (i.e., one embedding per
language) reduces efficiency; 3) limited linguistic
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Figure 1: Methods for cross-lingual transfer of LLMs. (a): Use English instruction data for fine-tuning for vanilla
cross-lingual transfer. (b): Continued pre-training: create customized tokenizers and do full-parameter tuning on
multilingual data followed by English instruction-tuning. (c): EMBSWAP: 1-a: freeze the original embeddings
of LLMs and instruction-tune the transformer body using English alignment data; 1-b: learn new multilingual
embeddings by freezing the transformer body for target language adaptation of LLMs; 2) combine new embeddings
with instruction-tuned transformer body as the EMBSWAP and further perform LoRA tuning to connect the combined
components for enhanced cross-lingual transfer.

coverage and exclusive evaluation on classification
tasks leave the diverse linguistic and task settings
underexplored (Liang et al., 2023). These limita-
tions prompt important questions: 1) Can this ap-
proach be extended to modern decoder-only LLMs
and how well it performs on generation tasks as
compared to well-studied classification ones? 2)
Can we achieve efficient cross-lingual transfer to
diverse languages with different resource levels
altogether? 3) What are the effective ways of build-
ing tokenizers for a large group of target languages
that also help preserve LLM’s existing abilities?

We revisit embedding relearning and extend
it to decoder-only LLMs for cross-lingual trans-
fer across many languages. Figure 1 (c) shows
that the pipeline starts with two parallel training
from English-centric LLMs: 1) We adapt it to a
target language group1 by learning multilingual
embeddings on new tokenizers while fixing the
transformer body; 2) We employ English align-
ment data to instruction-tune the transformer body,
keeping the original embeddings fixed. After this,
the relearned multilingual embeddings are com-
bined with the instruction-tuned transformer body
for efficient zero-shot cross-lingual transfer, which

1We focus on three language groups: South East Asia
(SEA), Indic (IND), and African (AFR).

we denote as EMBSWAP. We can further enhance
the compatibility of the composed modules via a
cost-effective LoRA-based adaptation.

To our best knowledge, this is the first compre-
hensive empirical study to systematically validate
and extend established embedding relearning
techniques in the new context of decoder-only
models. Overall, our summarized findings are:

1. We develop a practical recipe that emerges
from our investigation into the best practices
for tokenizer design, embedding initialization,
and module composition.

2. We conduct experiments on diverse multilin-
gual classification and generation tasks. Ex-
tensive results show that EMBSWAP offers
a superior overall package when considering
performance given its massive efficiency gains
and catastrophic forgetting mitigation.

3. Our analysis reveals that carefully-curated tok-
enizers and embedding initialization methods
are crucial, and non-Latin script languages
benefit the most from customized tokenizers.

2 Methodology

Prior embedding relearning methods create dedi-
cated tokenizer and embedding layer for each tar-
get language, which is practical as the involved
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Figure 2: The tokenization comparison between using
the vanilla and customized multilingual tokenizers on
Gemma2. Tok. Length refers to the average number of
tokens required to represent the same amount of texts.

language model is monolingual. By contrast, most
recent LLMs exhibit a degree of multilingualism in
both their representations and tokenizers (Blevins
and Zettlemoyer, 2022). A naive solution to apply-
ing embedding relearning to LLMs is to continue
training the embedding layer on additional multi-
lingual data. However, the tokenizers employed in
these LLMs are biased towards English and several
high-resource languages. This bias results in the
over-fragmentation of text from long-tail languages
(Figure 2), thereby degrading the performance and
efficiency of processing such languages (Ahuja
et al., 2023). In this paper, we demonstrate that
having tokenizers that provide fairer representation
across languages is critical to achieving effective
cross-lingual transfer.

2.1 Customized Vocabulary Construction
Our strategy involves constructing distinct tokeniz-
ers for each language group (§3.2). Tailoring tok-
enizers to specific language groups enhances cross-
lingual transfer among geographically related long-
tail languages compared to using monolingual tok-
enizers. Moreover, this approach avoids the short-
comings of a universal tokenizer that treats all low-
resource languages uniformly poorly. Based on
this, we propose a Prune-with-Extension approach
for developing tokenizers optimized for language
adaptation while maintaining English ability. First,
we prune the tokenizer of target LLMs by remov-
ing non-English tokens. Then the pruned tokenizer
is extended through adding new tokens, which are
obtained by training tokenizers for target languages
using BPE (Gage, 1994; Sennrich et al., 2016).

Pruning the Tokenizer To preserve the pre-
trained knowledge embedded in the language
model, current approaches often expand the vo-
cabulary by adding new tokens (Fujii et al., 2024;
Cui et al., 2024). This, however, can substantially
increase pre-training time due to the extra compu-

tational cost of the output embedding layer (Liang
et al., 2023). To avoid this, we first prune the ex-
isting tokenizers by retaining only English tokens
before adding those from low-resource languages.
Given the predominant English training data for
LLMs, we hypothesize that a significant portion of
their knowledge is associated with English tokens,
and reusing English tokens can effectively retain
this knowledge (Garcia et al., 2021). In our imple-
mentation, for a given LLM, we identify English
tokens by tokenizing a set of 20 million English
sentences using its tokenizer, with further filtering
through removing non-Latin script tokens.2

Training Multilingual Tokenizers To get the
data for building a multilingual vocabulary for long-
tail languages, we sample from the Next Thousand
Languages (NTL) corpus (Caswell et al., 2020;
Bapna et al., 2022). Our empirical analysis reveals
that sampling data for each language up to a maxi-
mum of 500K lines from NTL effectively addresses
the imbalance between high- and low-resource lan-
guages, outperforming temperature-sampling tech-
niques. Subsequently, we train a BPE tokenizer
using the sampled data to generate a vocabulary
whose size aligns with that of the target LLMs.

Extending the Pruned Tokenizer We sequen-
tially add the identified English tokens followed
by tokens from the newly built multilingual tok-
enizer. Both types of tokens are added in the same
preference order as in their respective tokenizers.
The final vocabulary maintains the same size as the
original tokenizer, with over 60% token overlap, re-
sulting in negligible variations in English tokeniza-
tions (see Table 6 in Appendix). Figure 2 shows
our final vocabulary achieves significant compres-
sion rate improvements by consistently producing
shorter sequences across languages of a spectrum
of resource levels while barely affecting English.

2.2 Training Recipe

Embedding Initialization To maximally inherit
the pre-trained knowledge embedded in the tar-
get LLM’s embedding layer, we adopt a strategy
inspired by Gee et al. (2022). For tokens that over-
lap between the target LLM’s vocabulary and our
multilingual vocabulary, we directly copy the corre-
sponding embeddings. For new tokens, we employ
the LLM’s original tokenizer to decompose them

240% of tokens are discarded: non-Latin scripts tokens
from high-resource languages and very rare English tokens.
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into subtokens and initialize their embeddings us-
ing the average of their subtoken embeddings.3

Language Adaptation We fine-tune the cus-
tomized embeddings on 200B curated multilin-
gual tokens Dla while keeping the transformer
body frozen (Figure 1 (c) step 1-b), with the same
training objective used for pre-training the base
LLM. This is based on the assumption that the
pre-trained transformer body encapsulates univer-
sal cross-lingual knowledge (Zhao et al., 2024b;
Wendler et al., 2024; Tang et al., 2024), while the
embedding layer encodes language-specific infor-
mation, which suggests embedding tuning should
be effective for language adaptation.

EMBSWAP We instruction-tune the transformer
body of base LLMs on a diverse range of English
tasks Dit (Wei et al., 2022) with 20B tokens (Fig-
ure 1 (c) step 1-a). Notably, we employ the LLM’s
original embeddings and keep them frozen in this
step.4 We then integrate the customized embed-
dings obtained from the language adaptation stage
into the instruction-tuned transformer body.

LoRA-Adaptation Since the transformer body
and customized embeddings are independently
trained, EMBSWAP may suffer from incompati-
ble parameters. Our empirical findings indicate
that EMBSWAP is effective for discriminative tasks
but sometimes underperforms an instruction-tuned
baseline on generative tasks. To mitigate this and
ensure the assembled model’s effectiveness across
various tasks, we insert LoRA weights into the self-
attention layer of the tuned transformer body (Fig-
ure 1 (c) step 2). These weights are then fine-tuned
on a sub-sampled joint corpus Dmix = Dla ∪ Dit

with 4B tokens, while keeping both the body and
embeddings frozen.

3 Experiment setup

3.1 Pre-training Data

The data Dla for embedding training is a mixed cor-
pus with 65% sentence-level and 35% document-
level texts. The sentence-level data is exclusively
from the Next Thousand Languages (NTL) cor-
pora (Caswell et al., 2020; Bapna et al., 2022),

3We find initialization from original embeddings are cru-
cial, while the exact method (averaging or max-pooling)
makes minimal difference (See Appendix Figure 16).

4Freezing embeddings makes the instruction tuning and
language adaptation processes symmetry. This enhances mod-
ularity and improves the parameter compatibility.

which provides web-crawled monolingual sen-
tences and translation pairs for over 1000 lan-
guages. For document-level texts, we sample data
from multilingual Wikipedia and mC4 (Xue et al.,
2021). We use UniMax sampling (Chung et al.,
2023) with N = 5 to up-sample low-resource lan-
guages. Please refer to Appendix Figure 14 for
pre-training data ablations.

We take FLAN (Wei et al., 2022) as the instruc-
tion tuning data Dit. The data Dmix used in LoRA-
Adaptation consists of a 10% sample of Dit, com-
bined with an equal number of instances from Dla.5

3.2 Languages

We select languages from three families based on
geographic relations6: South East Asian (SEA),
African (AFR), and Indic (IND). This results in
212 languages from SEA, 392 from AFR, and 170
from IND. Each regional dataset is processed sepa-
rately, with a tailored tokenizer, language-adapted
embeddings and LoRA update parameters.

3.3 Models

Our evaluation is focused on Gemma2 (2B, 9B,
27B) (Riviere et al., 2024). We also test the
generalization ability of embedding relearning in
two LLMs with varying degrees of multilingual-
ity: Aya23 (8B, 35B) (Aryabumi et al., 2024) and
PaLM2 (XXS, S) (Anil et al., 2023).

As shown in Figure 1, we end up having four
types of models: (i) FLAN (step 1-a): models that
undergo instruction tuning. (ii) Lang-Adapt (step
1-b): the LLMs after language adaptation with em-
bedding tuning. (iii) EMBSWAP (step-2 Combine):
model denoted as EMBSWAP is constructed by
combining the transformer body of FLAN with the
embeddings from Lang-Adapt. (iv): LoRA-Adapt
(step-2 LoRA Tuning): EMBSWAP models with the
LoRA-Adaptation process. Detailed training pro-
cedures for each model type are in Appendix A.1.

We compare EMBSWAP with three variants: 1)
Continued Pre-training (CPT): the most costly
method which first fully tunes the base model on
multilingual data Dla to obtain language-adapted
model θla, then instruction tunes θla on English data
Dit. 2) ChatVector (Huang et al., 2024): which

5This ensures the instruction-following ability isn’t forgot-
ten. Please refer to Appendix Figure 15 for detailed analysis.

6Languages within a geographic region often share writing
systems and have a higher degree of lexical overlap due to
historical and cultural contact. Creating a single customized
tokenizer for a group can maximize token sharing and improve
compression for low-resource languages.
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Figure 3: FLORES-200 EN-XX and BELEBELE Lan-
guage Adaptation results across all sizes of Gemma2 mod-
els with 5-shot prompting. #P : fraction of tuned pa-
rameters in embedding relearning.

avoids repeated instruction tuning, through obtain-
ing a task vector (Ilharco et al., 2023) from a base
model and IT model: θtask = θit − θbase, which
is then added to θla. 3) IT+Lang-Adapt: an em-
bedding relearning variant that performs one-step
embedding tuning on Gemma2-IT model with the
combination of Dla and Dit. For all three variants,
we adopt the same customized tokenizer, initial-
ized embeddings, and training data conditions (i.e.,
200B Dla and 20B Dit) for fair comparison.

3.4 Evaluation Tasks
We use five-shot prompting for evaluating language-
adapted LLMs. In contrast, EMBSWAP is evaluated
in a zero-shot setting, given it has been instruction
tuned. We also evaluate EMBSWAP using a com-
piled English benchmark (Appendix B) to examine
potential regressions in general English ability.

We perform evaluation with various multilingual
tasks including machine translation (MT), multiple
choice question answering (MCQA), topic classifi-
cation, mathematical reasoning, cross-lingual ques-
tion answering (QA) and summarization. For MT,
we focus on EN-XX and select 23 SEA, 42 AFR,
and 21 IND languages from FLORES-200 (Goyal
et al., 2022). For MCQA, we use BELEBELE (Ban-
darkar et al., 2024) and evaluate on 15 SEA, 25
AFR, and 19 IND languages. For multilingual
mathematical reasoning, we use GSM8K-NTL (Shi
et al., 2023; Bansal et al., 2024) translated from
GSM8K and select 5 SEA, 5 AFR, and 10 IND lan-
guages. For cross-lingual QA and summarization,
the XORQA-IN and XSUM-IN datasets from IN-
DICGENBENCH (Singh et al., 2024) are used and
29 IND languages are included for evaluation.

3.5 Main Results
We first present the results of Language Adapta-
tion through embedding tuning on its own (§2.2 –

Model SEA AFR IND Avg.

CALM (PaLM2-XXS-NTL+S)† 25.3 17.8 17.9 19.8
PaLM2-S-NTL 25.2 17.4 15.1 18.2
PaLM2-S 22.0 15.3 14.2 16.4
+ Lang-Adapt 25.6 18.8 22.3 22.3

Gemma2-9B 19.9 18.3 13.6 16.4
+ Lang-Adapt 36.4 25.8 29.6 30.4
Gemma2-27B 30.6 22.2 18.4 22.4
+ Lang-Adapt 41.9 31.8 27.5 32.2

Table 1: Language adaptation results on GSM8K-NTL,
with the best in bold. †: from Bansal et al. (2024).
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Figure 4: Multilingual mathematical reasoning results
on GSM8K-NTL. ∗-EMBSWAP: integrate customized
embeddings into different instruction-tuned models. IT:
LLMs are instruction-tuned without fixing embedding.

Language Adaptation) in §3.5.1. Then we evalu-
ate EMBSWAP alongside LoRA adaptation (§2.2 –
EMBSWAP & LoRA-Adaptation) in §3.5.2.

3.5.1 Language Adaptation Results

Embedding relearning improves cross-lingual
transfer. Figure 3 shows embedding relearning
consistently outperforms vanilla Gemma2 across
three language groups and achieves better cross-
lingual transfer than CPT, as evident by BELEBELE

results, a task that relies on skills learnt from En-
glish. While CPT excels on FLORES (likely due to
its full model adaptation for MT with training on
parallel data), it does not generalize well to other
task types. See Appendix C.1 for more language
adaptation results on Aya23 and PaLM2.

Embedding relearning helps preserve LLMs’
reasoning knowledge. We evaluate how lan-
guage adaptation affects English reasoning trans-
fer to other languages. Table 1 shows embedding
relearning consistently improves the mathemati-
cal reasoning ability across various low-resource
languages. Compared to CALM (Bansal et al.,
2024), a form of adapter enabling model composi-
tion, embedding relearning achieves more substan-
tial improvements over PaLM2-S with only embed-
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Eval. Metric BELEBELE SIB-200 FLORES-200 XORQA-IN XSUM-IN
Avg.Accuracy Accuracy ChrF++† Token-F1 ChrF

Model LA IT LoRA SEA AFR IND SEA AFR IND SEA AFR IND IND EN IND EN

Gemma2-2B
FLAN - 100% - 73.0 52.0 36.0 50.2 65.9 47.3 67.8 27.8 9.6 20.7 7.6 47.8 3.7 36.6 31.7
IT+Lang-Adapt 3×22.5% - - 54.1 51.2 36.7 42.9 67.0 48.7 67.1 35.4 14.2 29.2 12.3 40.2 7.1 27.5 33.0
EMBSWAP 3×22.5% 77.5% - 69.8 62.0 40.2 54.4 72.9 57.9 70.5 27.0 11.0 17.2 8.6 54.1 6.6 34.1 35.3
+ LoRA-Adapt - - 3×0.26% 69.7 63.3 43.7 55.8 73.5 47.8 70.7 37.1 18.3 32.5 9.8 60.5 9.9 31.9 38.7

ChatVector 3×100% 100% - 39.1 28.8 32.5 30.6 24.5 29.3 52.2 42.1 32.7 36.1 19.4 16.1 19.3 21.9 28.0
CPT 3×100% 3×100% - 64.3 55.4 49.0 58.9 66.9 65.9 78.4 44.2 24.4 36.0 11.2 68.2 14.8 34.0 43.0

Gemma2-9B
FLAN - 100% - 83.5 70.6 49.9 68.9 74.4 61.0 79.1 32.0 12.6 27.8 9.8 60.3 15.1 37.5 42.0
IT+Lang-Adapt 3×9.9% - - 73.9 75.4 57.9 72.7 77.2 69.2 79.7 39.3 22.2 38.7 23.1 69.6 17.0 33.9 48.3
EMBSWAP 3×9.9% 90.1% - 82.3 78.1 57.5 71.2 78.6 68.8 79.8 35.9 16.5 31.4 12.5 65.2 15.2 37.1 45.5
+ LoRA-Adapt - - 3×0.12% 82.5 78.4 60.2 73.1 78.5 69.2 80.1 40.0 25.6 40.5 12.1 64.1 17.4 37.0 47.3

ChatVector 3×100% 100% - 58.4 69.0 52.5 59.3 82.1 66.1 77.2 44.5 26.6 40.5 17.3 29.8 22.1 26.9 43.7
CPT 3×100% 3×100% - 74.6 76.3 65.4 74.1 83.0 64.8 80.0 45.2 34.1 44.6 19.5 72.7 22.6 37.0 51.7

Gemma2-27B
FLAN - 100% - 84.3 71.9 52.6 72.9 72.6 60.2 76.4 33.2 15.2 29.6 20.4 61.7 15.0 37.6 43.7
IT+Lang-Adapt 3×3.8% - - 81.9 81.7 62.7 76.0 82.1 70.0 81.9 42.5 24.8 39.3 26.4 73.0 18.3 35.8 51.1
EMBSWAP 3×3.8% 96.2% - 83.6 78.8 56.3 73.1 78.1 66.1 78.5 33.7 13.2 23.9 15.2 59.3 12.4 36.8 43.5
+ LoRA-Adapt - - 3×0.09% 83.4 79.5 60.4 74.3 79.5 68.3 80.0 42.5 25.7 40.6 16.4 70.1 18.0 36.9 49.1

ChatVector 3×100% 100% - 62.9 78.5 55.7 71.7 81.5 55.9 77.1 43.4 31.4 37.8 16.2 18.2 20.0 22.8 43.0
CPT 3×100% 3×100% - 79.5 81.2 68.6 77.6 72.6 72.3 78.2 45.4 34.4 45.0 21.1 72.4 23.7 38.7 52.5

Table 2: Zero-shot cross-lingual transfer results. Bold and underlined: best and second-best results for embedding
relearning methods. Red values indicate instances where EMBSWAP hurts FLAN. English results are excluded from
the average. % Updated Parameters: proportions of trainable parameters in each of the Language Adaptation (LA),
Instruction Tuning (IT), and LoRA Adaptation stage; 3× indicates a training stage is repeated for each language
group: SEA, AFR, and IND. †: we report the corresponding BLEU scores in Appendix Table 17.

ding tuning and incurring no extra inference costs.7

Moreover, it shows superior performance (+4%)
compared to PaLM2-S-NTL that was full-parameter
tuned on NTL.8 Overall, our results suggest that
embedding relearning offers an effective alterna-
tive to CALM and full-parameter tuning. We ob-
serve performance improvements with more mod-
ern models, with particularly pronounced gains in
Gemma2.

3.5.2 EMBSWAP Results

EMBSWAP transfers mathematical reasoning
abilities across languages. Figure 4 shows that
EMBSWAP outperforms the instruction-tuned base-
line for zero-shot evaluation on mathematical rea-
soning tasks, with up to 8% gains across 20 low-
resource languages. Moreover, EMBSWAP further
advances performance by incorporating LLMs with
enhanced mathematical reasoning ability. These
include the IT models aligned via reinforcement
learning and math models instruction-tuned on rea-
soning intensive data (Yue et al., 2024).

7Embedding relearning requires more training as it must
be repeated for different linguistic regions.

8Both methods use the same training dataset. However,
NTL training did not create region-specific models by splitting
training data, potentially diminishing its effectiveness due to
the curse of multilinguality (Conneau et al., 2020), which
arises when a single model is trained on too many languages.

EMBSWAP is more effective for classification
tasks. Table 2 shows that EMBSWAP improves
the performance on classification tasks across all
model sizes with up to 10% gains. By contrast, for
generation tasks, the method’s behavior is incon-
sistent, often leading to performance degradation.
We attribute this phenomenon to intrinsic difficulty:
classification tasks are generally easier as the solu-
tion space is typically small compared to genera-
tion tasks, making them more robust to embedding
changes. However, the embedding layer is used for
both text encoding and decoding in generation, and
the auto-regressive generation paradigm makes the
model sensitive to embedding changes due to error
propagation accumulating over time steps.

LoRA-Adaptation connects both worlds. In Ta-
ble 2, we demonstrate that the two components
within EMBSWAP can cooperate better after LoRA-
Adaptation, leading to significant gains on genera-
tion tasks. This results in an average improvement
of 5.4% on the largest 27B variant. The results
demonstrate the practical use of EMBSWAP for effi-
cient zero-shot cross-lingual transfer of instruction-
tuned LLMs. See Appendix C.2 and Table 4 for
additional results on Aya23 and PaLM2.

Embedding relearning on IT LLMs represents a
viable alternative to EMBSWAP. Table 2 reveals
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macro-averaged scores on SEA subset of BELEBELE,
SIB-200 and FLORES-200 are reported.

that for smaller model sizes, EMBSWAP outper-
forms IT+Lang-Adapt in downstream tasks. How-
ever, as model size increases, IT+Lang-Adapt be-
comes the more effective solution. This suggests
that IT+Lang-Adapt provides a highly effective al-
ternative to EMBSWAP for zero-shot cross-lingual
transfer involving a single model. However, when
handling multiple IT models derived from a com-
mon base model, EMBSWAP offers greater modu-
larity by eliminating the need for costly embedding
relearning across individual models.

EMBSWAP mitigates catastrophic forgetting.
CPT with full-weight updating boosts cross-lingual
transfer but suffers from forgetting of English ca-
pabilities. ChatVector shows large drops both in
English and multilingual tasks, demonstrating the
technique in not well suited to our problem. In con-
trast, EMBSWAP shows only minor regressions in
English, indicating the benefits of its modular com-
position which reuses existing knowledge. This
advantage is clear in multilingual mathematical
reasoning (Figure 4), where EMBSWAP, by preserv-
ing English knowledge, significantly outperforms
full-weight updating methods. Similar findings are
observed for Aya23 etc. (See Table 4).

3.6 Ablation Analysis

Customized vocabulary amplifies the benefits of
training on multilingual data. We decouple the
effects of multilingual data in language adaptation
from the change in vocabularies. Figure 5 shows
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Figure 7: Correlation between the results of language
adaptation on Gemma2-2B with tokenizer fertility. Nor-
malized ChrF++ on FLORES-SEA is reported. ♦ and ★
indicate the original and our customized tokenizers used
in the other settings, respectively.

that simply tuning embeddings on multilingual
data can significantly improve the performance in
medium and low-resource languages, indicating
LLMs are under-fitting to these languages. Based
on this, employing a new vocabulary customized
for these languages can amplify the benefits of em-
bedding tuning on multilingual data. This enhanced
learning process facilitates better knowledge acqui-
sition (Zhang et al., 2022; Hofmann et al., 2022).
Moreover, the improvements are more pronounced
in smaller models, highlighting the importance of
effective tokenization for these models to adapt
well to low-resource languages. Figure 6 indicates
that the importance of customized vocabulary is
also apparent in the EMBSWAP setting.

Tokenization fertility is inversely correlated to
downstream performance. We study how tok-
enization fertility (the average number of tokens
produced per word) affects the LLM’s performance
across languages. To ablate this effect, we gener-
ate several re-sampled replicates of our tokenizer
training datasets with different levels of priority
given to high v.s. lower resource languages. Specif-
ically, we use temperature sampling to manipulate
the training sentences of each language for build-
ing different tokenizer training data, and train to-
kenizers with varying fertilities. We then relearn
embeddings for each of these tokenizers and ana-
lyze the downstream performance. As shown in
Figure 7, we find that the performance is inversely
correlated to tokenization fertility, but the corre-
lation is not uniform across languages. Notably,
slight reductions in fertility lead to significant per-
formance improvements in low-resource languages
(e.g., ACE) while high-resource languages are less
sensitive to fertility changes. Furthermore, Latin-
script languages generally benefit more from fer-
tility reductions compared to those in non-Latin
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Figure 8: Ablations on tokenizer building methods. We
report SEA language adaptation on Gemma2-2B.

scripts. Please refer to Appendix Figure 13 which
reports similar findings for PaLM2-XXS.

Pruning with extension outperforms other to-
kenizer construction methods. We study how
different ways of creating tokenizers affect how
well LLMs adapt to new languages. We compared
Prune+Extension to two variants: 1) Scratch trains
tokenizers completely new for both English and
target languages; and 2) Extension appends target
language tokens to an existing tokenizer without re-
moving any old ones, which adds 34% extra embed-
ding parameters. Figure 8 shows Prune+Extension
works the best overall. On a simpler task (FLORES),
all methods perform similarly. We believe this is
because FLORES is not as complex as BELEBELE,
which needs reasoning skills likely learned from
English. Supporting this, Prune+Extension greatly
improves English performance on BELEBELE by
keeping the original English tokens, and transfers
this advantage to medium and low resource lan-
guages. By contrast, Scratch has far fewer original
English tokens, suggesting that keeping these En-
glish tokens is important for retaining knowledge
from pre-training.9 Prune+Extension also outper-
forms Extension, showing that removing tokens
irrelevant to target languages is beneficial.10

A joint tokenizer for all languages is inferior to
language-group specific tokenizers. We test if
using one joint tokenizer for SEA, AFR, and IND

languages is better than using distinct tokenizers
for each group. The joint tokenizer is trained on
the combined tokenizer training corpora and has
the same vocabulary size as the distinct ones. We
relearn a single embedding layer with the joint
tokenizer, followed by applying EMBSWAP with

9It’s an open question of whether other facets of the tok-
enizer need to be retained to preserve other behaviours, e.g.,
markup tokens to facilitate code understanding.

10We suspect large vocabulary could increase ambiguity in
output embeddings. Evidence also reveals that large vocabu-
laries are not optimal for smaller LLMs (Tao et al., 2024).
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Figure 9: Distinct tokenizers per language group v.s.
Joint tokenizer for all languages. Averaged results of
five tasks included in Table 2 are reported.

LoRA-Adaptation. As shown in Figure 9, although
the joint tokenizer improves FLAN across all model
scales, it is outperformed by distinct tokenizers.
Smaller models show the biggest performance drop
with the joint tokenizer. This happens because
the shared vocabulary limits how much capacity is
dedicated to each language, resulting in about 10%
more tokens and making learning less effective.

4 Related Work

Language Adaptation of LLMs. Traditional
ways of adapting LLMs to new languages involve
continued pre-training on monolingual data (Cui
et al., 2024; Zhao et al., 2024a) or multilingual
instruction-tuning on synthetic data (Chen et al.,
2024; Üstün et al., 2024; Aryabumi et al., 2024).
These methods usually focus on monolingual trans-
fer and a few high-resource languages. Moreover,
their full-parameter tuning strategy is expensive, be-
ing prone to catastrophic forgetting. We achieve ef-
ficient adaptation to hundreds of languages through
embedding relearning and prevent knowledge for-
getting with reusing parts of existing models.

Tokenizer Adaptation and Embedding Relearn-
ing. Previous tokenizer adaptation methods in-
troduce languages into models through embed-
ding relearning on new vocabularies (Artetxe et al.,
2020; de Vries and Nissim, 2021; Marchisio et al.,
2023; Chen et al., 2023). This increases flexibility
in handling linguistic diversity and avoids over-
segmentation that impairs task performance (Ahuja
et al., 2023). However, they only consider encoder-
only PLMs and monolingual transfer. We reevalu-
ate this method for large-scale decoder-only LLMs
with extension to hundreds of languages.

Many works focus on how to initialize the new
embeddings of new vocabularies (Yamaguchi et al.,
2024, 2025). They involve complex combina-
tions (Dobler and de Melo, 2023; Liu et al., 2024)
of overlapping tokens using auxiliary embeddings
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and external resources (Minixhofer et al., 2022;
Remy et al., 2024), which limits their use across
many languages. We avoid external resources by
initializing the new embeddings with averaging
the corresponding original embeddings (Gee et al.,
2022; Mosin et al., 2023), making it scalable for
hundreds of languages.

Model Merging. Model merging combines dif-
ferent specialized LLMs to create new ones with
all their abilities (Wortsman et al., 2022). This can
be done with simple arithmetic on existing parame-
ters (Ilharco et al., 2023). We compared with one
such method for instruction following across lan-
guages, ChatVector (Huang et al., 2024). Layer
Swapping (Bandarkar et al., 2025) retains specific
layers from language-adapted models while merg-
ing others from task fine-tuned models. Similar to
Layer Swapping, EMBSWAP merges embeddings
relearned on new vocabulary into instruction-tuned
transformer body for cross-lingual transfer.

5 Conclusion

We tackled the challenge of adapting LLMs to
diverse languages through embedding relearning.
Our empirical findings reveal that embedding tun-
ing with customized tokenizers contributes to effec-
tive language adaptation of LLMs, especially for
low-resource languages with severe fragmentation.
We also demonstrate that these embeddings can
be integrated into any instruction-tuned LLMs to
enable cross-lingual transfer with minimal train-
ing costs, outperforming or matching other strong
baselines with high computational cost.

Limitations

Although embedding relearning involves only em-
bedding tuning while keeping the transformer body
frozen, it still incurs a computational cost of per-
forming a full forward pass and back-propagation
through all transformer layers. To address this,
more efficient approaches, such as embedding tun-
ing on a subset of transformer layers (Marchisio
et al., 2023), could be employed to accelerate the
training process.

We achieve substantial language adaptation by
learning shared embeddings targeted at groups of
geographically related languages, thereby avoiding
the monolingual adaptation requiring the creation
of language-specific embeddings. In addition, we
demonstrate that constructing distinct embeddings
for each language group outperforms the approach

of treating all languages uniformly. However, this
group-specific strategy may block certain forms of
cross-lingual transfer and raises the critical ques-
tion of how to best define ‘regions‘ to facilitate the
best transfer.

Although embedding relearning effectively ad-
dresses catastrophic forgetting, we still observe
a slight regression in English and several other
high-resource languages (HRLs). This decline
is primarily attributable to the fact that the orig-
inal LLMs were already extensively pre-trained
on these languages. Furthermore, the English and
HRL data included in our multilingual dataset Dla

is likely of lower quality compared to the origi-
nal pre-training data. This limitation becomes par-
ticularly pronounced in Gemma2, where the more
advanced Gemini models (Anil et al., 2024) are em-
ployed for knowledge distillation. We believe that
such regressions in English and HRL performance
could be alleviated with access to higher-quality
data.

While we provide empirical results to demon-
strate the effectiveness of embedding relearning
and the importance of customized vocabularies tai-
lored to target languages for cross-lingual transfer,
future research should explore the conditions under
which performing embedding relearning on LLMs
is advantageous for cross-lingual transfer and the
scenarios where it might be less effective.

There might also be safety concerns arising from
the disruption of alignment abilities due to the
changes to the embeddings, and how to align the
model effectively and efficiently to reject unsafe
queries after the EMBSWAP pipeline which would
need to be carefully addressed.
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Overview of Appendix

Our supplementary includes the following sections:
• Section A: Experimental Settings, including

implementation details for training and evalu-
ation.

• Section B: Detailed result comparison be-
tween instruction-tuned models and EMB-
SWAP in English tasks.

• Section C: Additional Language Adaptation
and EMBSWAP results on PaLM2, Aya23 and
Gemma2-IT models.

• Section D: Supplementary analysis including
additional data ablations.

• Section E: Results by language for both lan-
guage adaptation and EMBSWAP.

A Experimental Settings

A.1 Training Details

For language adaptation, we use a constant learning
rate of 1×10−4 for PaLM2 and 1×10−5 for Gemma2
and Aya23 with the Adam optimizer (Kingma and
Ba, 2014). The embeddings are trained on a total of
200B tokens,11 with each batch consisting of exam-
ples packed to a maximum sequence length of 2K
for PaLM2 and 8K for Gemma2 and Aya23. We pre-
train the model using the UL2 objectives (Tay et al.,
2023) for PaLM2 and causal language modeling ob-
jectives for Gemma2 and Aya23. Language adap-
tation consumes up to 256 TPU-v5 chips for the
largest Gemma2-27B and Aya23-35B models. The
batch size is selected based on the model size and
computing resources we have, with batch sizes of
256, 128, and 64 assigned to the Gemma2-2B, 9B,
and 27B models, respectively. A similar strategy
is applied to the Aya23 models. For PaLM2 mod-
els, we use the same batch size of 2048 for all
variants. We choose the best checkpoint based on
the performance of FLORES-200 development sets
corresponding to each target language group. The
training time varies with model size, where smaller
models complete training within 24 hours while
larger models require up to 1 week to finish.

We instruction-tune the transformer body of
LLMs on Dit using the same hyper-parameter
setting to obtain XX-FLAN, where we sample up
to 200M instances from the FLAN mixture to
construct Dit. We use early stopping to select
the best model based on the performance on
MMLU (Hendrycks et al., 2021) and assemble it

11English accounts for 30.8% of the tokens.

Dataset Prompt

BELEBELE The following are multiple choice questions
(with answers).

Passage: [Target Language Passage]
Question: [Target Language Question]
(A) [Choice A] (B) [Choice B] (C) [Choice
C] (D) [Choice D]
Answer:

SIB-200 [News Article in Target Language]
Question: What label best describes this
news article?
(A) science/technology (B) travel (C) poli-
tics (D) sports (E) health (F) entertainment
(G) geography
Answer:

FLORES-200 Translate this from English to [Target Lan-
guage Name]:

English: [Sentence in English]
[Target Language Name]:

XSUM-IN I will first show a news article in English and
then provide a one sentence summary of it
in [Target Language Name].

Summarize the following article: [Article in
English]
Summary in [Target Language Name]:

XORQA-IN Generate an answer in [Target Language
Name/English] for the question based on
the given passage:

[Passage in English]
Q: [Question in Target Language]
A:

GSM8K-NTL Q: [Question in Target Language]
A: [Let’s think step by step.]

Table 3: Prompt templates used in each of the evaluation
dataset. For few-shot evaluation, n-shot examples have
the same format as the last test instance, which comes
after the preamble but before the test instances.

with customized embedding to obtain EMBSWAP

models. We observe all LLMs converge fast, as in-
dicated by the average performance on MMLU. In
most cases, training is completed within 24 hours.

For LoRA-Adaptation, we add LoRA weights
to the self-attention module of all transformer lay-
ers with a LoRA rank of 64 and exclusively op-
timize these weights.12 We use a learning rate of
5×10−6 for all models with 10% steps of warm-up.
Analogous to embedding tuning, the FLORES-200
development set is used for model selection. The
training process is computationally efficient, com-
pleting within 12 hours even for the largest model.

12This adds less than 1% parameters.
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Figure 10: Performance on English tasks. For EMBSWAP methods, we present the averaged performance with
variances across three embeddings (i.e., SEA, AFR, IND). Shading indicates the standard deviations measured over
three embeddings.

A.2 Evaluation Details
We use the prompt formats listed in Table 3 for
evaluation. For generation tasks, greedy decoding
is employed with a maximum sequence length of
256 tokens. For classification tasks, we calculate
the logits of each available option (e.g., (A), (B))
and select the option with the highest score as the
predicted answer.

B Details on English Benchmarking

For benchmarking performance in English, we
choose ARC-Challenge (Clark et al., 2018),
Boolq (Clark et al., 2019), DROP (Dua et al., 2019),
GSM8K (Cobbe et al., 2021), HellaSwag (Zellers
et al., 2019), MMLU (Hendrycks et al., 2021),
PIQA (Bisk et al., 2019), and Winogrande (Sak-
aguchi et al., 2021). We use different number of
shots for evaluation following Riviere et al. (2024).

Figure 10 shows the comparison between the
instruction-tuned FLAN model and EMBSWAP

across various sizes of Gemma2. Both EMBSWAP

variants exhibit performance regressions across all
tasks compared to the FLAN model, although the
performance gap closes as model capacity scales
up. We believe that these minor regressions are
justifiable in light of the substantial gains achieved
in zero-shot cross-lingual transfer.

C Additional Main Results

C.1 Language Adaptation on PaLM2 and
Aya23

We evaluate the generalization ability of language
adaptation on two LLMs with varying levels of mul-
tilingualism. Among them, PaLM2-S exhibits the

XXS S 8B 35B
FLORES-200

0

10

Ch
rf+

+

XXS S 8B 35B
BELEBELE

0

10

Ac
c

SEA AFR IND

Figure 11: Language Adaptation on PaLM2 (XXS, S)
and Aya23 (8B, 35B). Absolute gains over the pre-
trained models are reported.

strongest multilingual abilities while Aya23 models
demonstrate limited multilingual performance. Fig-
ure 11 shows that the performance gains from lan-
guage adaptation decrease as the original multilin-
gual scope of the LLMs expand (Aya23→ PaLM2-
XXS → PaLM2-S). Moreover, larger performance
improvements are observed on Aya23 models when
scaling up their size, suggesting that language adap-
tation may be particularly effective for models with
stronger English proficiency.

C.2 EMBSWAP Results on PaLM2, Aya23 and
Gemma2-IT

Employing the same EMBSWAP pipeline, we ob-
serve similar patterns of performance improvement
across all sizes of the PaLM2 and Aya23 models, as
shown in Table 4. This demonstrates the broad ap-
plicability of EMBSWAP to various types of LLMs.
In addition, we also show the detailed results of
Gemma2-IT models. EMBSWAP also performs ef-
fectively with off-the-shelf IT models that have
undergone complex supervised fine-tuning and re-
inforcement learning. This further underscores the
versatility of EMBSWAP in integrating pre-trained
multilingual embeddings into LLMs that have been
instruction-tuned using diverse methodologies for
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Task Type

E
N

G
L

IS
H CLASSIFICATION GENERATION

Eval. Metric BELEBELE SIB-200 FLORES-200 XORQA-IN XSUM-IN
Avg.Accuracy Accuracy ChrF++ Token-F1 ChrF

Model SEA AFR IND SEA AFR IND SEA AFR IND IND EN IND EN

PaLM2-XXS-FLAN 59.7 54.5 40.0 49.4 67.2 51.3 70.9 28.5 13.9 21.0 9.7 42.1 4.8 33.7 32.8
PaLM2-XXS-EmbSwap 62.6 58.0 40.2 50.9 76.8 62.2 77.2 27.7 12.2 17.9 10.4 59.4 2.1 34.2 35.9
+ LoRA-Adapt 58.9 59.7 43.4 53.8 73.7 63.5 76.9 32.3 16.0 26.7 11.7 64.2 1.0 30.7 37.7

PaLM2-S-FLAN 86.3 80.2 67.4 82.1 70.6 60.9 74.5 37.6 19.3 36.7 21.3 46.9 15.8 41.1 45.4
PaLM2-S-EmbSwap 85.1 83.2 67.1 79.9 77.0 66.9 74.6 36.1 23.1 34.6 21.1 51.8 17.3 40.1 47.1
+ LoRA-Adapt 85.7 83.6 68.4 81.8 77.7 68.7 77.8 39.3 24.1 38.7 18.9 57.3 15.2 41.2 48.2

Aya23-8B-FLAN 74.3 47.8 34.1 42.7 64.3 48.5 60.6 22.9 6.0 16.1 10.5 58.5 11.7 34.5 32.3
Aya23-8B-EmbSwap 71.1 56.6 38.4 48.0 72.4 58.7 71.3 28.8 9.1 11.5 7.8 61.6 3.9 25.7 34.2
+ LoRA-Adapt 71.3 59.1 39.0 50.8 65.6 55.3 65.2 37.1 16.9 33.4 9.6 56.5 9.4 30.7 36.8

Aya23-35B-FLAN 83.6 56.9 40.3 54.6 67.0 52.9 67.2 27.1 9.1 23.6 11.4 64.7 10.4 37.9 36.5
Aya23-35B-EmbSwap 79.2 57.6 40.2 53.0 70.8 53.8 68.5 27.7 9.5 13.9 6.8 62.3 7.3 22.1 35.2
+ LoRA-Adapt 82.0 72.6 50.1 65.2 75.2 64.7 74.0 41.6 23.4 40.1 12.6 67.8 15.7 37.1 45.1

Gemma2-2B-IT 55.5 47.5 35.4 45.8 57.4 42.8 61.2 24.2 7.3 17.7 14.9 53.0 10.1 31.9 31.6
+ Lang-Adapt 54.1 51.2 36.7 42.9 67.0 48.7 67.1 35.4 14.2 29.2 12.3 40.2 7.1 27.5 33.0
Gemma2-2B-IT-EmbSwap 55.1 53.7 37.4 46.0 66.7 49.5 64.0 27.4 11.7 27.0 16.7 58.7 13.4 32.0 35.9
+ LoRA Adapt 58.4 56.4 39.9 50.7 67.5 53.0 69.9 37.6 18.6 32.4 11.7 60.5 9.3 27.7 37.6

Gemma2-9B-IT 79.9 71.5 51.4 72.5 72.5 57.8 79.3 32.2 14.0 31.1 24.0 64.4 16.6 34.3 44.5
+ Lang-Adapt 73.9 75.4 57.9 72.7 77.2 69.2 79.7 39.3 22.2 38.7 23.1 69.6 17.0 33.9 48.3
Gemma2-9B-IT-EmbSwap 78.5 77.4 54.5 72.6 78.2 66.1 78.5 33.8 16.6 18.8 21.4 65.2 9.6 34.2 43.8
+ LoRA-Adapt 79.5 76.5 58.1 70.8 81.3 71.2 82.8 41.5 25.1 39.8 18.2 68.2 15.7 33.0 48.4

Gemma2-27B-IT 82.1 74.9 54.6 75.9 76.2 63.1 83.0 35.2 20.1 34.5 27.7 68.2 19.0 34.7 48.0
+ Lang-Adapt 81.9 81.7 62.7 76.0 82.1 70.0 81.9 42.5 24.8 39.3 26.4 73.0 18.3 35.8 51.1
Gemma2-27B-IT-EmbSwap 79.9 80.8 59.5 75.9 81.4 68.9 83.0 35.1 6.2 29.9 20.0 68.8 15.0 34.6 46.7
+ LoRA-Adapt 82.2 78.8 60.1 74.3 81.7 71.7 82.6 42.3 25.6 40.6 24.2 67.9 15.6 34.0 49.6

Table 4: Additional EMBSWAP results on PaLM2, Aya23 and Gemma2-IT models. The best and second-best results
are marked in bold and underlined. Red values indicate EMBSWAP hurts the performance.
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Figure 12: The tokenization comparison between using
the vanilla and customized multilingual tokenizers on
Gemma2. Tok. Length refers to the average number of
tokens required to represent the same amount of texts.

efficient zero-shot cross-lingual transfer.

D Supplementary Analysis

Additional tokenization results on the cus-
tomized vocabularies. We present additional re-
sults on tokenization fertility using customized vo-
cabularies developed for PaLM2 and Aya23. Fig-
ure 12 shows similar patterns as those reported
for Gemma2, where the fertility tokenization for
both MRLs and LRLs shows a substantial decrease,
while the English tokenization remains roughly un-
changed. This effect is particularly pronounced
in Aya23, where we observe over ×3 reduction in
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Figure 13: Correlation between the performance of lan-
guage adaptation on PaLM2-XXS with tokenizer fertility.
Normalized ChrF++ on FLORES-SEA are reported. ♦
and ★ indicate the original and customized tokenizers
in PaLM2.

fertility for SEA and IND languages. In Table 6,
we also show a few tokenized examples for low-
resource languages. We find that the customized
tokenizer produces more meaningful tokens and
avoids overtokenization.

Tokenizer fertility is also inversely correlated to
downstream performance in PaLM2. We repli-
cate the analysis shown in Figure 7 using PaLM2-
XXS, with results shown in Figure 13. We observe
patterns analogous to those reported for Gemma2-2B,
wherein reduced tokenizer fertility is generally as-
sociated with improved downstream performance
and this relationship is particularly pronounced in
LRLs and languages written in non-Latin script.
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Figure 14: Pre-training data ablation for language adap-
tation. Dntl: multilingual data sampled from the NTL
corpus; Ddoc: multilingual data sampled Wikipedia and
mC4; Dla: our final data mixture for language adap-
tation, i.e., Dla = Dntl ∪ Ddoc; Dmono: monolingual
data by excluding parallel sentences from Dla. SEA
languages results on Gemma2-2B are reported.
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Figure 15: Training data ablation for Lora-Adaptation.
Dla: multilingual data for embedding tuning; Dit: the
FLAN mixture for instruction-tuning; Dmix: a combi-
nation of equally sub-sampled Dla and Dit. Averaged
SEA language results (normalized score v.s. EMBSWAP)
on Gemma2-2B are reported.

Long-tail NTL and document-level data are
both important for language adaptation. We
perform language adaptation on Gemma2-2B in
SEA languages with different data mixture. Fig-
ure 14 reveals that improved performance in long-
tail languages primarily stems from the inclusion
of NTL data, while document-level data plays
a crucial role in preserving knowledge for high-
resource languages. The significance of incorpo-
rating document-level data is further underscored
by the results on BELEBELE, where the removal
of Ddoc leads to a substantial performance decline
across all resource levels. This finding highlights
the importance of Ddoc in maintaining the ability
of LLMs in processing various types of texts. In
addition, excluding parallel data from the training
mixture (i.e., Dmono) leads to a significant decline
in performance on translation tasks. Moreover, the
performance of LRLs on BELEBELE also declines
substantially, indicating the critical role of parallel
data in enhancing tasks beyond translation through
facilitated cross-lingual transfer (Anil et al., 2023).

Both multilingual and instruction data are im-
portant for LoRA-Adaptation We investigate
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Figure 16: Ablations on embedding initialization meth-
ods. FLORES-SEA language performance of language
adaptation on Gemma2-2B is reported. Max Pooling: for
each new token in the customized vocabulary, we use
the original tokenizer to tokenize it and apply max pool-
ing over the embeddings of the corresponding subtokens
as the initialization.
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Figure 17: The effects of using customized vocabularies
with different proportions of tuned parameters. The
averaged score on SEA languages of FLORES-200 is
reported.

the impact of employing multilingual Dla and
instruction-tuning data Dit in LoRA-Adaptation.
As shown in Figure 15, the removal of either Dla or
Dit harms the performance compared to the vanilla
EMBSWAP model on FLORES-200 or BELEBELE,
while combining both datasets enables the adapted
LLM to achieve the best overall results.

Employing the original embeddings for initial-
ization is essential to language adaptation. In
Figure 16, we show that without initializing the
customized embeddings using the original embed-
dings from the LLM, the language adaptation does
not perform well at all, yielding ChrF++ scores be-
low 10 even for HRLs. In contrast, initializing with
the original embeddings significantly improves the
effectiveness of language adaptation, where the av-
erage pooling method slightly outperforms the max
pooling variant.

The benefits of employing customized vocabu-
lary decrease with more tuned parameters. We
study the effects of employing customized em-
beddings with varying ratios of tuned parameters.
As shown in Figure 17, the benefits of using cus-
tomized embeddings diminish as the number of
tuned parameters increases (Emb → Emb+LoRA
→ Full). Specifically, on Gemma2-2B model, cus-
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Size Vocab HRL MRL LRL

2B
Original 59.1 55.6 57.1
Custom 61.1 ↑3.38% 61.2 ↑10.07% 60.3 ↑5.60%

9B
Original 30.2 27.2 28.6
Custom 33.8 ↑11.92% 33.3 ↑22.43% 32.1 ↑12.24%

27B
Original 17.1 15.0 16.0
Custom 19.6 ↑14.62% 19.2 ↑28.0% 18.4 ↑15.0%

Table 5: Comparing latency for using original and cus-
tomized vocabularies in EMBSWAP. The number of in-
stances processed per second (i.e., prefilling) by Gemma2
are reported. We use the passages in BELEBELE for all
SEA, AFR, and IND languages.
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Figure 18: Learning curves of language adaptation on
LLMs with limited multilingual abilities. Averaged
results on SEA languages of FLORES-200 are reported.

tomized embeddings show no advantage when full-
parameter tuning is employed. This phenomenon
arises because increasing the number of tuned pa-
rameters allocates greater model capacity for lan-
guage adaptation, which simplifies the adaptation
process compared to relying solely on embedding
tuning. Nonetheless, full-parameter tuning could
exacerbate the problem of catastrophic forgetting,
while embedding tuning provides a safer alterna-
tive. Furthermore, the use of customized embed-
dings amplifies the advantages of embedding tun-
ing, making it a promising technique.

Customized vocabulary improves latency. We
evaluate latency by measuring the number of texts
processed per second by LLMs. We use the pas-
sages from all SEA, AFR, and IND languages in
BELEBELE as test texts. For comparison, we test
EMBSWAP models integrated with embeddings
trained using either the original Gemma2 tokenizer
or our customized one. Table 5 shows that employ-
ing customized tokenizer consistently improves la-
tency, particularly in MRLs and LRLs. This trend
becomes increasingly pronounced as model size
scales, highlighting the importance of customized
tokenizers in achieving low-latency processing for
long-tail languages in larger LLMs.

Multilingual warmup is necessary for embed-
ding relearning on LLMs with limited multi-
lingual abilities. We investigate whether embed-
ding tuning with customized embeddings is a uni-
versal technique for the language adaptation of any
types of LLMs. As shown in Figure 18, simply per-
forming embedding tuning on Gemma-2B, a model
with very limited multilingual capabilities, does not
successfully adapt it to various languages. In con-
trast, when a multilingual continued pre-training
process is conducted prior to embedding tunning,
where the document-level data Ddoc is used to
warm up the LLM, we observe consistent improve-
ments throughout the training process. This sug-
gests that, for LLMs, a good initial multilingual
ability is essential for the success of embedding
relearning.

E Results by Language

Table 7 presents an overview of languages avail-
able across our evaluation benchmarks. We show
the per-language results on each task for both lan-
guage adaptation (Tables 8 – 10) and EMBSWAP

(Tables 11 – 16).
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 ဢ  မ ႇ  လ  ႆ ်  တ  ၢ  င်း  ၸ  ဵ  ပ  ◌း်  ။ ႇ ၼ  ႂ  ◌း်  လ  ွ  င် ႈ  ၽ  ႃ  ၵ ႉ ၼ  ်  ၼ  ၼ  ်

ဢမ်ႇလႆႈ

 ႈ

တၢင်း ၸဵပ်း  ၼ်ႂး  လင်ွႈ ၽႃႇ ၵၼ် ၼၼ်ႉ။

ဢမ်ႇ လႆႈ တၢင်း ၸဵပ်း  ၼ်ႂး  လင်ွႈ ၽႃႇၵၼ် ၼၼ်ႉ။

Bias aj  ih tv pe ug otdi  ung  ön cara  ke  u pe usen angde

Biasajih tv dipeugot deungön cara  keu peusenang masyarakat umum

masyarakat umum

Bias aj  ih tv ugotdipe deung  ön cara  keu pe usen ang masyarakat umum

It

It is the biggest acquisition in eBay’s history

is the biggest acquisition in eBay history’ s

is the biggest acquisition in eBay history’ sIt

Sentence

Gemma

Custom

Sentence

Gemma

Custom

Sentence

Gemma

Custom

English:

Achinese:

Shan:

Table 6: Qualitative examples for comparing tokenization using the customized vocabulary against Gemma’s
original one. We find that the customized tokenizer reduces overtokenization without affecting English tokenization.
Sentences have been word-segmented to simplify presentation.

Language name ISO code BELEBELE SIB-200 FLORES-200 XORQA-IN XSUM-IN GSM8K-NTL

English eng_Latn ✓ ✓ ✓ ✓

SEA

Achinese (Arabic) ace_ArabL ✓ ✓
Achinese ace_LatnL ✓ ✓
Balinese ban_LatnL ✓ ✓
Betawi bew_LatnM ✓
Banjar (Arabic) bjn_ArabL ✓ ✓
Banjar bjn_LatnL ✓ ✓
Buginese bug_LatnL ✓ ✓
Cebuano ceb_LatnM ✓ ✓ ✓
Ilocano ilo_LatnM ✓ ✓ ✓ ✓
Indonesian ind_LatnH ✓ ✓ ✓
Javanese jav_LatnM ✓ ✓ ✓
Kachin kac_LatnL ✓ ✓
Khmer khm_KhmrM ✓ ✓ ✓
Lao lao_LaooM ✓ ✓ ✓
Kedah Malay meo_LatnM ✓
Pattani Malay mfa_ArabL ✓
Minangkabau (Arabic) min_ArabL ✓ ✓
Minangkabau min_LatnL ✓ ✓ ✓
Myanmar (Burmese) mya_MymrM ✓ ✓ ✓
Pangasinan pag_LatnL ✓ ✓
Shan shn_MymrL ✓ ✓ ✓
Sundanese sun_LatnM ✓ ✓ ✓
Tagalog tgl_LatnH ✓ ✓
Thai tha_ThaiH ✓ ✓ ✓
Vietnamese vie_LatnH ✓ ✓ ✓
Waray (Philippines) war_LatnL ✓ ✓ ✓
Standard Malay zsm_LatnH ✓ ✓

AFR

Afrikaans afr_LatnH ✓ ✓
Twi aka_LatnL ✓
Amharic amh_EthiH ✓ ✓
Bambara bam_LatnL ✓ ✓
Bemba (Zambia) bem_LatnL ✓ ✓
Chokwe cjk_LatnL ✓ ✓
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Language name ISO code BELEBELE SIB-200 FLORES-200 XORQA-IN XSUM-IN GSM8K-NTL

Dinka din_LatnL ✓
Dyula dyu_LatnL ✓
Efik efi_LatnL ✓
Ewe ewe_LatnL ✓ ✓
Fon fon_LatnL ✓ ✓
Fulfulde ful_LatnL ✓
Nigerian Fulfulde fuv_LatnL ✓ ✓
Hausa hau_LatnH ✓ ✓
Igbo ibo_LatnH ✓ ✓ ✓
Kamba (Kenya) kam_LatnL ✓ ✓
Kabiyè kbp_LatnL ✓ ✓
Kabuverdianu kea_LatnL ✓ ✓
Kikuyu kik_LatnL ✓ ✓
Kinyarwanda kin_LatnM ✓ ✓ ✓
Kimbundu kmb_LatnL ✓ ✓
Central Kanuri (Arabic) knc_ArabL ✓
Central Kanuri knc_LatnL ✓
Kongo kon_LatnL ✓ ✓
Krio kri_LatnL ✓
Lingala lin_LatnL ✓ ✓ ✓
Tshiluba (Luba-Lulua) lua_LatnL ✓ ✓
Luganda lug_LatnM ✓ ✓ ✓
Luo luo_LatnL ✓ ✓ ✓
Mossi mos_LatnL ✓ ✓
Sepedi nso_LatnL ✓ ✓ ✓ ✓
Nuer nus_LatnL ✓ ✓
Chichewa (Zambia) nya_LatnL ✓ ✓ ✓
Oromo orm_LatnM ✓
Nigerian Pidgin pcm_LatnL ✓
Rundi run_LatnL ✓ ✓
Sango sag_LatnL ✓ ✓
Shona sna_LatnM ✓ ✓ ✓
Somali som_LatnH ✓ ✓ ✓
Sesotho sot_LatnH ✓ ✓ ✓
Swati ssw_LatnL ✓ ✓ ✓
Swahili swa_LatnH ✓
Tamasheq (Latin) taq_LatnL ✓ ✓
Tamasheq (Tifinagh) taq_TfngL ✓ ✓
Tigrinya tir_EthiM ✓ ✓ ✓
Tswana tsn_LatnM ✓ ✓ ✓
Tsonga tso_LatnL ✓ ✓ ✓ ✓
Tumbuka tum_LatnL ✓ ✓
Umbundu umb_LatnL ✓ ✓
Wolof wol_LatnL ✓ ✓ ✓
Xhosa xho_LatnM ✓ ✓ ✓
Yoruba yor_LatnH ✓ ✓ ✓
Zulu zul_LatnH ✓ ✓ ✓

IND

Assamese asm_BengM ✓ ✓ ✓ ✓ ✓ ✓
Awadhi awa_DevaL ✓ ✓ ✓ ✓
Bengali ben_BengH ✓ ✓ ✓ ✓ ✓
Bengali (Latin) ben_LatnM ✓
Haryanvi bgc_DevaL ✓ ✓
Bhojpuri bho_DevaL ✓ ✓ ✓ ✓ ✓
Tibetan bod_TibtM ✓ ✓ ✓ ✓
Bodo (India) brx_DevaL ✓ ✓
Dhivehi div_ThaaM ✓
Dogri doi_DevaL ✓
Dzongkha dzo_TibtM ✓ ✓
Garhwali gbm_DevaL ✓ ✓
Goan Konkani gom_DevaL ✓ ✓ ✓
Gujarati guj_GujrH ✓ ✓ ✓ ✓
Hindi hin_DevaH ✓ ✓ ✓ ✓ ✓
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Language name ISO code BELEBELE SIB-200 FLORES-200 XORQA-IN XSUM-IN GSM8K-NTL

Hindi (Latin) hin_LatnM ✓
Chhattisgarhi hne_DevaL ✓ ✓ ✓ ✓
Hadothi hoj_DevaL ✓ ✓
Kannada kan_KndaH ✓ ✓ ✓ ✓ ✓
Kashmiri kas_ArabL ✓
Kashmiri (Devanagari) kas_DevaL ✓
Mizo lus_LatnM ✓
Magahi mag_DevaL ✓
Maithili mai_DevaL ✓ ✓ ✓ ✓ ✓
Malayalam mal_MlymH ✓ ✓ ✓ ✓ ✓
Marathi mar_DevaH ✓ ✓ ✓ ✓ ✓
Meitei (Bengali) mni_BengL ✓ ✓ ✓ ✓ ✓
Malvi mup_DevaL ✓ ✓
Marwari mwr_DevaL ✓ ✓
Mazanderani mzn_ArabM ✓
Nepali npi_DevaM ✓ ✓
Odia ory_OryaM ✓ ✓ ✓ ✓ ✓
Punjabi pan_GuruM ✓ ✓ ✓ ✓ ✓
Southern Pashto pbt_ArabM ✓
Pashto pbu_ArabM ✓ ✓
Sanskrit san_DevaM ✓ ✓ ✓ ✓
Santali (Ol Chiki) sat_OlckL ✓ ✓ ✓
Sinhala sin_LatnL ✓
Sinhala sin_SinhH ✓ ✓
Sindhi (Perso-Arabic) snd_ArabM ✓ ✓
Tamil tam_TamlH ✓ ✓ ✓ ✓ ✓
Telugu tel_TeluH ✓ ✓ ✓ ✓ ✓
Urdu urd_ArabH ✓ ✓ ✓ ✓ ✓
Urdu urd_LatnL ✓

Table 7: Overview of languages included in each of our evaluation benchmark. H,M,L indicate high, medium,
and low-resource languages, respectively.

Language Adaptation Results on FLORES-200 EN-XX

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant PT LA PT LA PT LA PT LA PT LA PT LA PT LA

SEA

ind_Latn 65.9 65.0 70.7 69.1 64.4 64.6 68.9 68.3 69.9 68.5 73.2 69.5 71.9 68.6
tha_Thai 42.9 40.9 50.3 49.8 35.6 35.3 44.7 43.8 47.4 45.6 20.3 33.9 28.4 37.0
vie_Latn 56.4 56.4 61.7 61.6 52.1 54.2 58.7 58.3 60.0 59.8 65.7 63.5 64.9 62.3
zsm_Latn 63.0 64.6 68.0 67.4 58.4 63.1 64.6 65.6 65.6 65.9 54.2 64.6 57.4 64.9
tgl_Latn 54.2 55.1 62.1 61.4 48.4 55.2 57.8 58.3 60.4 59.7 36.7 55.3 47.4 57.9

mya_Mymr 22.4 26.9 40.9 37.4 12.9 27.5 25.4 33.5 30.1 33.3 6.5 23.4 7.3 29.5
lao_Laoo 30.6 37.8 48.8 47.9 9.5 39.0 26.7 42.9 33.7 42.1 4.0 27.0 10.2 41.1

khm_Khmr 24.7 29.0 36.7 36.4 12.7 25.9 24.3 28.0 27.4 32.0 2.2 20.6 8.7 26.3
ceb_Latn 41.7 56.3 58.5 60.6 31.8 54.0 50.6 58.2 54.9 59.1 25.8 55.6 35.1 57.2
jav_Latn 43.9 50.1 53.9 53.3 26.4 48.7 43.5 51.6 47.0 52.6 25.8 51.4 30.1 52.6
sun_Latn 38.9 48.1 51.1 52.0 21.8 45.1 39.4 44.5 41.7 47.8 29.2 43.7 29.2 48.7
ilo_Latn 19.3 42.9 45.1 51.8 19.0 43.3 32.0 49.0 42.6 52.2 18.0 45.5 20.0 49.9
war_Latn 29.9 51.6 54.6 59.2 33.7 54.1 49.0 58.2 52.4 59.3 25.6 52.5 35.2 55.5
bug_Latn 7.9 15.9 16.5 25.0 14.1 22.2 18.1 28.9 21.7 28.5 15.4 21.9 18.8 27.2
pag_Latn 14.5 32.8 28.2 43.6 25.1 38.6 28.2 43.3 34.2 43.8 17.9 39.2 20.5 43.0

shn_Mymr 4.4 17.7 3.0 21.0 11.6 29.6 14.9 32.4 16.2 32.7 4.6 9.2 5.0 28.4
min_Latn 25.0 46.9 49.8 53.6 23.8 47.7 38.4 51.3 45.9 52.8 35.1 47.6 36.0 50.8
ace_Latn 8.2 29.0 25.7 40.0 9.4 32.5 16.1 37.0 26.8 40.3 16.0 32.6 15.2 38.3
ban_Latn 13.7 41.3 39.4 42.4 21.7 44.4 30.1 46.8 37.1 47.5 21.8 45.1 24.7 47.2
bjn_Latn 21.6 26.1 47.2 44.5 24.9 29.9 36.3 38.0 42.7 40.6 36.8 32.6 36.7 35.5
ace_Arab 2.7 3.5 7.9 10.1 3.0 15.7 3.9 15.7 9.3 18.0 3.9 1.6 2.2 14.8
bjn_Arab 2.7 4.5 9.8 11.3 4.7 11.0 6.5 11.9 12.0 20.6 3.9 7.3 4.1 19.2
min_Arab 3.4 5.2 10.9 16.2 5.1 20.0 6.6 17.9 10.3 20.9 5.3 1.1 2.7 18.8

Avg. 27.7 36.9 40.9 44.1 24.8 39.2 34.1 42.8 38.7 44.5 23.8 36.7 26.6 42.4
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Language Adaptation Results on FLORES-200 EN-XX

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant PT LA PT LA PT LA PT LA PT LA PT LA PT LA

AFR

swa_Latn 52.2 54.4 63.8 62.1 40.3 51.1 57.0 58.7 61.5 59.5 9.8 39.9 15.1 49.6
lin_Latn 9.0 25.7 20.6 40.8 7.9 30.2 14.7 42.2 21.0 42.1 9.9 30.8 12.1 35.1
yor_Latn 9.5 14.9 24.8 23.0 6.3 14.7 11.6 21.6 18.4 22.8 4.0 13.6 5.9 16.9
ful_Latn 4.0 6.2 5.5 13.4 8.0 10.0 5.3 11.0 6.0 16.0 6.4 11.2 7.8 11.0
ibo_Latn 23.2 30.1 39.0 38.9 8.7 23.8 20.5 34.4 29.6 35.9 5.0 22.6 7.0 27.3
orm_Latn 4.6 8.8 12.1 24.6 8.3 14.1 9.0 25.1 11.2 25.7 9.2 12.7 9.3 15.8
som_Latn 24.6 32.5 42.5 42.4 11.2 29.0 26.4 38.4 32.3 40.0 17.6 28.5 25.4 37.3
tso_Latn 9.8 20.3 16.4 38.4 9.3 20.7 16.0 37.0 26.3 40.7 7.6 17.3 9.2 18.4
nya_Latn 25.5 37.5 44.8 44.6 9.0 28.1 17.9 40.1 27.5 40.2 7.7 26.5 10.9 30.2
zul_Latn 27.2 39.0 49.0 47.9 10.3 25.2 24.4 39.5 32.4 40.6 8.3 22.1 7.8 26.1
kin_Latn 5.9 22.8 25.1 37.0 7.8 15.9 16.0 29.7 22.5 33.9 8.3 10.8 8.3 20.3
run_Latn 5.0 18.6 17.0 30.4 5.5 14.2 11.6 26.3 18.0 27.8 6.3 11.8 7.1 15.2
sna_Latn 25.3 33.5 40.3 39.9 8.3 22.8 18.0 33.6 26.5 35.5 6.9 18.2 9.4 22.3
xho_Latn 26.3 35.6 44.4 44.5 12.2 26.9 23.5 36.5 32.2 38.4 9.1 22.4 8.0 28.1
tsn_Latn 10.4 26.5 34.1 42.2 7.8 21.0 17.6 39.7 30.6 42.1 8.4 19.5 10.5 24.7
tir_Ethi 3.0 5.1 13.2 13.1 3.0 14.0 4.4 20.5 5.4 18.9 2.2 6.6 2.1 9.4

kik_Latn 5.9 9.0 9.6 12.6 9.1 11.0 9.5 9.0 12.0 11.2 7.1 7.8 7.0 8.2
kon_Latn 8.1 28.6 16.3 38.7 8.8 33.4 13.8 38.9 16.0 38.2 7.8 31.7 9.9 35.6
lua_Latn 10.2 19.1 7.3 20.9 8.4 19.7 8.8 27.5 11.8 30.5 7.1 11.8 9.4 18.7

umb_Latn 5.6 3.6 6.2 7.1 7.9 5.8 7.3 8.1 8.6 8.5 6.4 7.0 6.9 7.1
sot_Latn 21.1 35.6 50.0 50.5 7.9 30.2 21.0 42.5 34.3 42.9 8.1 29.3 10.9 31.7

mos_Latn 3.8 7.7 3.5 5.6 5.7 5.4 5.9 4.6 6.9 8.3 4.7 4.3 4.3 4.7
nso_Latn 10.0 29.9 33.5 46.2 7.5 20.5 16.7 42.3 31.3 45.0 8.4 15.8 10.8 25.9
knc_Latn 5.3 7.9 6.5 8.4 8.3 9.4 5.9 12.5 7.6 12.8 6.9 8.6 5.8 9.6
knc_Arab 7.9 4.5 6.1 5.5 6.2 5.9 4.4 3.9 7.8 8.9 8.2 3.5 9.0 5.4
luo_Latn 6.7 9.5 8.5 15.2 12.2 11.0 10.1 18.1 13.0 22.2 5.9 7.9 7.7 10.8
bem_Latn 6.2 8.6 19.3 23.4 7.0 13.0 11.3 17.5 17.3 22.2 7.7 12.1 9.8 10.0
lug_Latn 5.4 13.9 15.6 30.6 6.4 13.4 9.1 22.1 16.0 27.1 6.4 11.4 8.0 12.5
wol_Latn 3.3 7.4 11.9 18.9 5.5 9.9 7.3 15.0 9.2 17.0 6.9 6.1 8.0 8.9
kmb_Latn 7.7 7.4 7.5 11.6 8.0 10.8 8.8 14.9 10.8 21.3 6.9 9.4 8.2 11.3
kam_Latn 13.4 8.3 8.5 12.0 10.1 9.2 10.9 10.5 10.2 11.3 6.2 10.2 6.9 10.3
ewe_Latn 10.0 11.9 7.4 26.0 6.2 16.1 7.0 27.7 9.6 27.8 4.6 8.0 6.2 19.3
ssw_Latn 14.2 28.7 31.6 37.6 8.9 17.9 15.9 28.5 23.6 32.5 7.4 17.4 6.5 18.1
tum_Latn 9.0 24.1 23.4 33.2 7.7 18.8 11.9 27.8 16.9 31.5 6.6 17.4 8.9 18.5
fon_Latn 4.8 6.1 2.7 11.3 4.6 11.8 4.5 18.1 4.5 15.1 4.5 6.1 4.8 11.6
din_Latn 4.6 2.7 5.5 8.5 8.2 9.0 6.1 13.4 7.6 18.8 6.7 8.4 6.6 9.7
kbp_Latn 4.7 8.6 9.9 15.4 8.0 12.6 8.6 18.7 9.7 19.3 6.5 6.7 6.7 11.5
cjk_Latn 4.7 6.3 5.2 7.2 6.5 9.9 6.8 9.2 7.4 14.9 5.5 7.8 6.7 8.4
nus_Latn 3.4 5.2 4.3 8.7 8.6 13.1 6.0 17.1 6.6 16.4 5.1 7.8 6.8 11.4
taq_Latn 4.1 4.1 5.4 7.4 5.9 6.6 7.4 9.2 7.4 10.5 7.4 7.0 8.2 7.5
taq_Tfng 2.6 3.5 8.7 6.1 9.4 3.5 4.7 3.9 5.8 6.2 3.6 1.2 6.0 1.8
sag_Latn 8.0 11.3 10.4 15.1 10.2 15.5 7.9 23.0 11.3 27.8 8.0 11.5 10.4 20.8

Avg. 10.9 17.3 19.5 25.4 8.7 16.8 12.7 24.2 17.3 26.4 7.1 14.1 8.5 17.6

IND

hin_Deva 50.2 50.3 60.2 58.3 47.0 50.2 54.8 54.1 55.8 54.4 60.2 48.7 59.9 53.1
ben_Beng 34.5 39.8 48.7 47.8 26.8 37.2 41.9 44.0 45.3 43.8 13.9 36.8 27.5 41.4
urd_Arab 31.8 37.9 47.8 48.3 26.8 37.0 40.8 45.5 44.8 45.5 11.3 38.7 19.5 42.4
tel_Telu 33.0 36.7 54.6 51.8 22.8 42.0 43.3 49.1 48.6 50.2 9.0 29.4 13.9 42.3

tam_Taml 33.7 37.0 54.4 52.4 27.0 38.3 45.7 48.9 49.8 48.9 19.0 31.7 32.6 41.6
mar_Deva 31.2 35.1 47.7 46.3 22.9 34.7 38.3 42.0 42.9 42.5 20.0 33.3 24.5 35.9
mai_Deva 24.8 38.1 47.2 49.4 23.4 38.5 35.7 44.6 41.8 46.2 32.3 35.5 37.7 41.8
bho_Deva 26.7 33.7 39.9 41.7 25.5 34.9 34.3 40.8 37.6 40.1 32.5 37.0 36.2 34.8
pbt_Arab 15.6 24.2 32.6 33.2 6.0 18.2 14.6 24.9 15.9 27.4 2.9 24.5 4.6 25.9
guj_Gujr 27.6 36.8 49.6 49.2 22.5 40.2 41.8 46.4 46.1 47.0 11.9 37.4 23.0 41.6
kan_Knda 30.6 34.0 50.8 49.2 21.7 40.4 40.9 47.2 45.6 46.2 9.1 32.7 18.9 39.9
awa_Deva 33.4 35.9 45.6 46.5 32.2 36.4 39.6 43.5 41.2 44.4 39.0 39.3 42.4 41.1
ory_Orya 14.8 19.8 46.3 44.5 10.1 24.9 21.3 39.6 27.7 35.7 4.6 5.8 9.1 14.3

mal_Mlym 27.3 29.9 52.4 49.1 24.1 35.2 42.1 45.5 47.1 45.4 3.3 23.8 5.1 34.4
pan_Guru 26.1 36.3 48.2 48.6 21.0 37.5 41.4 45.7 46.1 45.7 7.2 33.7 11.9 38.7
hne_Deva 30.2 40.5 48.2 50.4 29.8 40.5 40.8 47.9 44.0 46.9 39.8 39.5 42.4 43.7
npi_Deva 34.6 43.1 52.3 51.3 27.1 41.3 44.0 46.9 47.5 46.8 25.4 38.5 30.0 40.2
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Language Adaptation Results on FLORES-200 EN-XX

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant PT LA PT LA PT LA PT LA PT LA PT LA PT LA

asm_Beng 13.5 26.3 36.9 36.4 13.3 25.0 27.8 31.7 33.3 33.4 8.4 18.2 15.4 26.9
mni_Beng 3.9 6.8 8.1 20.0 7.3 19.4 8.8 31.7 10.7 27.3 7.0 14.4 8.6 18.2
bod_Tibt 12.7 12.1 26.8 24.6 9.0 13.8 14.4 18.8 16.3 17.0 9.0 6.9 8.3 9.6
san_Deva 11.2 20.1 27.6 28.8 11.3 20.8 21.5 26.5 26.2 27.3 14.0 20.0 19.4 23.2

Avg. 26.1 32.1 44.1 44.2 21.8 33.6 34.9 41.2 38.8 41.0 18.1 29.8 23.4 34.8

Table 8: Language Adaptation results on FLORES-200 EN-XX with 5-shot in-context learning. PT: Pre-training;
LA: Language Adaptation.

Language Adaptation Results on GSM8K-NTL

Model PaLM2 Gemma2 Aya23

Size S 9B 27B 8B 35B

Variant PT NTL CALM LA PT LA PT LA PT LA PT LA

asm_Beng 5.2 4.0 9.2 17.2 14.8 29.2 15.6 29.6 0.8 3.6 2.0 10.4
bew_Latn 33.6 33.6 34.8 33.6 33.6 42.8 48.4 50.4 33.6 31.6 45.6 42.4
bho_Deva 23.6 22.8 29.2 26.0 19.6 35.6 29.2 40.0 14.8 12.0 21.6 24.0
doi_Deva 17.2 21.6 22.4 26.8 12.0 33.2 17.2 30.0 9.6 9.6 18.8 24.0
div_Thaa 11.2 13.2 14.8 19.2 6.8 26.8 8.0 21.2 1.6 3.2 1.2 14.0
dzo_Tibt 0.8 0.0 0.4 7.6 1.2 15.2 2.8 8.8 0.4 0.0 0.0 1.2
efi_Latn 14.8 14.0 18.0 22.0 10.8 26.0 16.4 31.2 4.0 5.2 4.0 18.4

gom_Deva 22.4 22.8 25.2 30.0 18.8 36.4 26.8 33.6 8.4 8.0 9.2 20.4
ilo_Latn 14.8 14.0 16.8 18.8 18.0 27.6 23.6 34.8 5.6 9.6 9.2 16.0
kri_Latn 12.4 20.0 18.8 18.8 20.4 25.2 21.6 34.4 8.0 8.8 13.2 11.6

mai_Deva 22.8 21.2 24.8 25.6 19.6 29.2 25.2 30.4 15.6 12.8 29.2 26.4
meo_Latn 28.8 33.2 34.0 28.4 28.4 42.0 45.6 46.4 28.8 29.2 41.2 39.6
mfa_Arab 14.0 20.4 17.6 22.4 6.0 34.8 5.2 38.8 4.0 16.8 4.4 27.2
min_Latn 25.2 24.8 23.6 24.8 13.6 34.8 30.0 39.2 9.2 19.2 17.2 32.0
mni_Beng 2.8 6.0 4.4 9.6 3.2 19.6 2.8 15.6 1.6 2.8 1.2 7.6
mzn_Arab 31.6 27.6 36.4 36.8 33.2 40.8 44.0 38.4 30.4 18.8 41.2 34.0
nso_Latn 8.4 9.6 8.4 13.2 6.4 18.4 14.0 22.0 2.8 6.0 5.2 8.4
ory_Orya 9.6 12.0 12.4 24.0 6.4 30.4 12.0 27.6 1.2 1.6 2.8 10.0
pcm_Latn 34.4 31.6 33.6 30.0 43.2 44.0 47.6 51.2 28.8 26.0 41.2 38.8
tso_Latn 7.2 11.6 10.0 10.0 10.8 15.2 11.2 20.0 3.2 5.2 4.8 8.8

Avg. 17.0 18.2 19.7 22.2 16.3 30.4 22.4 32.2 10.6 11.5 15.7 20.8

Table 9: Language Adaptation results on GSM8K-NTL with 5-shot in-context learning. PT: Pre-training; LA:
Language Adaptation.

Language Adaptation Results on BELEBELE

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant PT LA PT LA PT LA PT LA PT LA PT LA PT LA

SEA

eng_Latn 23.8 28.0 85.9 86.8 61.2 54.9 90.6 91.3 92.3 91.6 82.4 80.0 91.4 89.6
ind_Latn 25.9 26.4 80.7 80.0 49.3 45.6 84.2 84.1 87.8 87.0 73.7 71.7 84.2 80.8
tha_Thai 27.2 26.6 77.9 78.2 44.1 40.0 78.4 76.7 82.8 81.8 44.6 56.9 65.0 68.2
vie_Latn 25.9 25.8 82.1 80.6 46.3 43.9 84.3 84.7 88.1 86.6 73.3 71.3 84.2 81.1

mya_Mymr 25.8 25.9 75.7 71.2 32.6 38.1 68.0 72.6 65.7 75.2 27.9 48.8 36.2 61.7
lao_Laoo 29.1 27.0 70.3 67.7 28.7 36.7 60.6 69.6 59.1 73.4 27.4 47.1 29.4 61.6

khm_Khmr 27.1 26.9 77.4 70.1 30.6 38.6 64.7 72.1 65.2 75.6 25.9 47.0 33.8 64.4
ceb_Latn 25.2 25.8 74.7 75.1 38.2 41.2 76.0 79.4 78.7 81.6 44.1 55.8 55.0 71.2
jav_Latn 27.4 27.2 74.9 73.7 37.9 42.0 73.0 76.1 75.6 77.0 44.8 57.6 56.3 71.7
sun_Latn 26.3 26.2 71.0 70.1 35.9 38.8 68.6 73.2 70.1 76.0 37.0 59.2 47.6 68.1
ilo_Latn 27.9 28.0 64.6 67.3 34.7 39.0 60.9 69.9 63.8 74.6 36.9 45.2 39.9 56.1
war_Latn 26.4 27.2 77.0 77.3 36.9 41.4 70.7 79.3 73.3 81.4 43.9 56.3 50.1 69.3

shn_Mymr 27.4 26.2 28.9 40.6 25.2 31.2 32.0 47.9 33.0 49.8 23.6 32.4 26.4 39.2
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Language Adaptation Results on BELEBELE

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant PT LA PT LA PT LA PT LA PT LA PT LA PT LA

kac_Latn 24.9 27.1 33.4 43.2 27.6 35.3 33.1 48.1 29.3 48.7 31.0 33.9 28.6 43.4
Avg. 26.5 26.7 69.6 70.1 37.8 40.5 67.5 73.2 68.9 75.7 44.0 54.5 52.0 66.2

AFR

eng_Latn 23.8 26.8 85.9 86.7 61.2 50.9 90.6 90.7 92.3 92.1 82.4 82.1 91.4 88.4
afr_Latn 26.8 27.6 82.8 81.0 46.4 40.9 87.4 86.4 88.6 88.0 61.3 71.9 78.4 81.3
hau_Latn 29.6 26.8 65.6 61.0 35.0 33.3 63.9 65.0 65.8 70.2 29.3 41.2 29.8 49.0
lin_Latn 26.6 25.8 44.7 47.4 30.0 33.8 36.6 51.8 39.8 51.6 30.9 37.6 30.4 40.7
yor_Latn 28.3 27.3 50.8 48.4 28.9 31.0 41.6 48.7 40.6 46.7 26.7 32.8 26.8 36.6
ibo_Latn 25.2 27.9 54.4 49.0 29.8 30.4 48.1 51.2 49.4 54.2 30.0 36.8 30.1 41.8
amh_Ethi 28.2 25.8 75.3 68.1 32.8 35.9 57.8 70.6 57.3 67.4 29.2 40.4 27.3 48.4
som_Latn 27.3 28.7 60.8 56.3 30.8 30.3 49.6 56.3 51.8 58.0 30.8 36.1 32.9 42.4
bam_Latn 27.9 27.4 35.7 38.6 27.4 28.6 34.9 40.4 33.0 39.2 32.4 33.7 30.3 36.2
tso_Latn 24.7 26.8 44.4 51.4 29.7 32.1 43.7 56.1 44.9 57.9 32.0 39.2 33.2 41.9
nya_Latn 28.2 26.8 54.7 53.4 29.9 30.2 47.0 54.1 50.1 54.9 28.6 33.2 31.4 40.2
zul_Latn 27.2 27.1 54.6 56.9 29.9 32.2 55.3 61.8 55.4 61.2 30.4 37.4 31.3 44.3
fuv_Latn 23.8 28.8 28.9 30.4 25.3 27.3 30.0 30.8 29.6 30.8 28.7 27.9 27.4 28.1
kin_Latn 25.9 24.3 54.3 54.0 32.6 33.8 51.0 60.0 55.2 59.9 30.7 37.7 33.9 38.3
sna_Latn 25.8 28.7 62.4 60.9 34.0 35.7 57.7 62.1 59.8 66.8 32.0 38.6 35.6 46.7
xho_Latn 28.7 26.9 59.8 56.3 32.4 31.0 56.0 63.3 54.3 61.9 29.8 37.3 32.8 41.1
tsn_Latn 28.2 27.4 54.6 56.8 31.0 32.7 46.9 58.3 46.8 54.4 28.2 35.6 33.3 42.3
tir_Ethi 27.6 26.3 56.8 52.6 26.9 31.1 37.6 55.8 35.3 51.9 28.4 33.3 27.0 36.2
sot_Latn 29.1 27.9 57.4 57.3 31.6 32.7 51.6 62.2 50.2 58.9 29.9 39.7 31.7 43.4
nso_Latn 27.1 25.4 47.6 53.3 28.8 33.2 45.8 55.9 45.4 51.3 29.0 36.2 32.6 42.1
luo_Latn 25.1 27.4 34.6 33.2 29.4 27.8 34.9 36.8 33.8 35.9 29.4 33.8 32.2 33.2
lug_Latn 27.1 25.7 42.9 41.7 27.0 27.6 38.8 44.1 38.3 42.9 27.4 33.0 31.3 32.7
wol_Latn 27.3 25.7 36.0 34.8 26.3 28.1 34.0 35.7 33.6 33.8 27.3 30.7 27.8 30.2
ssw_Latn 26.1 26.4 48.2 48.2 29.0 29.9 46.2 51.0 43.0 51.3 28.4 34.6 32.4 35.6
kea_Latn 27.3 27.1 65.1 63.4 36.4 31.3 54.8 47.3 58.6 52.4 43.6 40.0 50.2 41.9

Avg. 26.9 26.9 54.3 53.7 32.1 32.5 49.7 55.9 50.1 55.7 33.5 39.2 36.1 43.3

IND

eng_Latn 23.8 27.6 85.9 86.0 61.2 49.8 90.3 90.8 92.3 92.0 82.4 84.2 91.4 89.9
hin_Deva 26.3 25.0 75.7 73.2 40.8 40.0 77.0 72.3 80.1 76.3 60.6 64.8 73.8 70.9
ben_Beng 27.1 28.1 76.0 73.6 41.1 39.2 76.7 73.6 78.6 77.6 36.1 54.1 48.7 67.7
urd_Arab 27.3 27.8 77.0 73.8 41.4 39.3 76.6 75.2 79.8 78.9 39.2 53.8 49.2 68.3
tel_Telu 27.2 27.7 71.7 69.6 38.1 36.1 71.3 69.4 75.2 73.0 31.6 43.1 34.6 58.8

tam_Taml 28.4 26.1 75.2 72.6 42.3 40.6 75.7 73.6 77.9 76.3 40.3 51.2 61.0 64.7
mar_Deva 25.6 24.8 77.1 73.3 38.1 36.0 76.7 73.1 79.2 75.7 39.1 51.8 52.3 65.4
kan_Knda 28.6 23.6 78.1 73.0 40.3 41.1 74.7 73.9 77.1 78.2 28.9 52.2 41.1 68.7
ory_Orya 26.9 27.0 77.6 72.3 30.9 36.6 60.9 70.4 63.1 74.0 30.6 30.0 40.8 49.6

mal_Mlym 26.8 29.2 79.7 75.9 42.6 39.6 76.1 75.2 80.1 77.1 35.3 44.2 51.6 60.9
pan_Guru 28.6 27.9 76.8 72.1 36.8 35.2 77.0 74.3 77.4 74.1 29.6 49.2 33.0 65.2
snd_Arab 26.6 26.2 68.4 68.4 32.4 34.9 59.0 66.4 64.9 69.4 32.3 44.1 39.6 59.7
sin_Latn 26.6 24.1 35.1 34.9 28.2 26.8 38.3 36.8 38.9 38.3 30.9 28.9 34.3 32.8
sin_Sinh 26.2 28.1 76.9 75.7 35.0 39.9 70.9 74.3 71.4 73.2 30.2 50.3 38.0 61.4

asm_Beng 28.7 24.4 75.9 72.3 36.0 32.8 67.9 70.8 73.3 71.1 34.0 41.3 40.9 58.8
hin_Latn 26.7 29.1 68.3 63.9 37.9 38.0 69.4 69.9 74.2 74.3 45.3 48.9 57.6 60.8
bod_Tibt 27.3 27.8 50.2 38.7 27.3 28.4 39.1 43.0 35.0 44.8 25.7 26.3 30.1 31.8
ben_Latn 28.6 26.4 52.4 51.9 29.8 30.6 49.8 54.1 55.6 57.8 32.2 34.7 38.9 40.7
urd_Latn 26.8 27.7 56.3 54.8 34.2 31.8 56.8 56.8 60.0 61.7 36.6 37.8 43.6 46.6

Avg. 27.0 26.8 70.2 67.2 37.6 36.7 67.6 68.1 70.2 70.7 37.9 46.9 47.4 59.1

Table 10: Language Adaptation results on BELEBELE with 5-shot in-context learning. PT: Pre-training; LA:
Language Adaptation.
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EMBSWAP Results on BELEBELE

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

SEA

eng_Latn 80.9 76.0 78.9 95.7 95.9 95.8 87.7 85.9 87.4 93.9 93.9 93.6 95.4 95.0 94.0 88.9 83.4 86.4 94.2 87.0 93.2
ind_Latn 74.0 72.3 73.4 91.8 91.9 92.0 78.7 76.1 75.8 88.8 87.6 88.2 90.4 89.7 88.3 82.0 74.3 74.3 89.6 72.7 86.3
tha_Thai 66.8 65.2 65.8 88.3 88.3 88.1 70.0 67.7 68.3 83.6 83.3 82.7 85.7 85.1 85.3 57.2 59.3 63.7 73.9 60.7 79.4
vie_Latn 74.1 72.0 72.0 92.6 92.7 92.6 75.6 74.0 74.9 89.7 89.2 88.4 90.0 89.7 88.8 81.9 75.9 74.6 90.2 75.6 87.6

mya_Mymr 52.0 56.1 56.7 86.8 85.1 85.7 36.3 62.1 60.8 69.7 76.1 77.9 65.2 78.2 78.2 34.0 51.1 56.2 38.1 49.2 69.0
lao_Laoo 44.9 55.9 57.3 81.2 82.3 83.1 43.3 60.9 61.4 61.4 77.3 75.9 59.7 77.1 77.3 31.8 50.6 51.9 38.8 49.2 66.4

khm_Khmr 51.9 52.6 55.8 86.3 84.6 86.7 45.1 65.0 62.6 69.2 78.6 78.4 68.6 81.1 79.4 26.8 46.9 51.4 43.6 51.7 71.2
ceb_Latn 52.2 61.8 62.6 88.8 90.6 90.0 52.9 64.2 65.8 79.0 82.4 84.4 82.2 84.1 85.9 45.1 59.8 60.9 57.9 59.1 77.8
jav_Latn 61.0 61.8 62.2 86.7 86.7 87.3 48.1 59.8 64.7 78.7 80.8 80.9 79.0 81.7 81.4 48.1 62.9 65.3 62.0 58.7 77.8
sun_Latn 55.2 56.4 58.3 86.3 84.3 85.4 41.1 56.8 61.7 70.9 79.6 78.8 71.2 79.6 79.9 41.0 57.7 61.1 51.2 53.7 75.4
ilo_Latn 41.9 50.7 53.4 79.2 84.0 84.3 43.1 53.0 56.8 63.8 75.9 76.9 68.6 74.6 78.2 34.4 45.7 45.3 42.1 47.6 65.0
war_Latn 50.6 60.8 63.4 89.3 90.6 90.8 49.3 65.3 64.8 75.1 84.7 83.7 79.1 84.1 87.9 42.4 58.8 64.2 53.9 59.0 77.2

shn_Mymr 26.1 33.9 36.8 28.8 52.1 50.8 28.0 39.8 40.0 33.4 53.3 53.8 35.7 54.4 54.1 26.8 33.7 34.6 26.4 30.1 46.2
kac_Latn 31.7 36.8 39.4 40.8 55.4 58.3 28.3 36.0 38.9 31.6 50.1 54.1 35.3 48.6 53.1 28.1 32.0 37.8 34.1 33.0 43.9

Avg. 54.5 58.0 59.7 80.2 83.2 83.6 52.0 61.9 63.1 70.6 78.1 78.4 71.9 78.8 79.4 47.8 56.6 59.1 56.9 56.2 72.6

AFR

eng_Latn 80.9 79.1 80.7 95.7 95.4 95.7 87.7 85.2 87.7 93.9 94.3 93.6 95.4 94.9 93.1 88.9 84.2 86.1 94.2 92.2 91.8
afr_Latn 70.4 69.8 71.6 93.3 93.8 93.1 72.4 74.9 75.3 90.1 90.6 89.4 92.1 91.1 89.4 69.6 74.9 74.4 84.0 81.9 87.3
hau_Latn 40.4 38.4 43.8 80.2 75.7 77.9 35.0 42.9 45.4 67.4 68.1 71.2 68.1 68.1 74.1 28.0 40.7 40.2 33.8 43.1 58.3
lin_Latn 34.2 36.7 40.7 57.1 62.9 65.7 30.2 34.4 42.3 36.6 55.0 57.3 42.0 47.6 58.8 28.1 34.0 37.2 35.7 35.7 47.0
yor_Latn 32.7 29.7 32.7 62.7 58.9 59.9 29.7 31.9 34.4 40.9 46.4 51.8 41.6 45.3 51.9 27.3 30.4 33.4 34.4 31.2 44.6
ibo_Latn 34.7 35.6 37.2 68.6 64.7 65.8 31.4 35.1 44.2 47.6 54.8 55.7 48.8 51.7 57.2 29.7 35.6 37.1 35.0 37.0 49.1
amh_Ethi 48.7 43.4 50.4 86.9 82.2 83.0 35.7 56.6 55.9 60.3 74.2 75.6 60.3 72.3 73.7 25.2 41.9 40.8 32.8 43.6 57.8
som_Latn 39.9 37.2 39.9 73.3 70.9 72.7 33.9 38.3 41.8 50.0 59.3 60.9 52.4 58.2 63.0 29.8 34.8 34.3 36.1 37.6 49.6
bam_Latn 34.7 34.3 37.4 43.7 45.7 46.2 30.2 30.6 35.6 34.2 40.8 41.1 36.8 40.7 43.7 32.6 32.6 30.8 36.2 32.6 38.3
tso_Latn 36.3 39.6 44.3 57.9 69.7 70.8 34.7 41.1 45.8 43.7 54.7 62.6 48.7 58.3 62.3 31.2 36.4 37.0 40.1 37.0 52.6
nya_Latn 38.4 38.8 40.7 70.8 67.1 70.1 30.1 34.3 39.2 46.7 55.3 58.1 50.6 53.4 59.6 27.1 34.7 34.3 32.1 35.6 46.3
zul_Latn 41.2 41.8 46.7 76.2 72.0 75.0 33.7 41.3 42.9 57.4 66.0 69.6 58.2 62.7 68.9 33.0 36.9 37.6 38.8 40.8 52.3
fuv_Latn 30.7 28.0 27.9 31.0 31.9 32.1 29.0 27.3 28.0 28.2 29.8 31.0 29.7 31.2 29.9 27.4 25.7 26.7 31.0 28.1 29.3
kin_Latn 37.1 41.3 44.3 68.9 71.8 73.8 35.3 37.2 41.0 51.6 64.2 67.2 58.6 59.6 68.4 32.0 35.3 34.9 37.3 36.0 46.8
sna_Latn 42.9 44.1 50.3 77.6 75.7 77.9 32.4 42.6 46.4 58.7 67.0 69.4 62.3 65.0 68.9 30.3 39.0 42.2 38.2 42.7 56.0
xho_Latn 42.9 42.4 47.0 76.6 74.1 76.2 35.4 40.3 44.1 58.4 64.7 68.3 60.2 65.3 70.2 30.3 36.9 38.2 38.2 39.9 52.0
tsn_Latn 35.4 38.8 44.6 68.3 69.9 70.8 31.8 37.1 43.1 48.8 57.4 63.4 53.3 55.8 61.4 32.3 35.4 36.6 36.6 35.7 49.2
tir_Ethi 32.2 38.1 40.9 70.2 71.9 71.6 29.3 41.6 44.3 33.2 59.1 60.4 37.6 51.9 57.7 27.4 33.3 32.9 31.6 29.7 45.1
sot_Latn 38.1 40.4 42.2 76.9 76.0 77.9 29.4 38.7 42.9 52.7 64.6 66.9 53.4 60.6 66.8 30.1 37.4 37.1 34.4 39.1 53.3
nso_Latn 35.4 38.3 41.7 65.3 69.8 70.7 31.3 35.7 42.4 44.0 57.6 63.1 51.4 58.1 63.3 30.0 34.2 35.7 35.8 35.8 47.2
luo_Latn 33.6 31.1 34.4 40.8 42.2 42.7 30.0 29.7 32.7 34.1 34.6 36.0 36.2 37.0 36.7 27.9 32.1 32.0 34.0 33.0 36.9
lug_Latn 31.6 32.0 34.8 51.8 54.9 57.9 29.9 29.7 33.0 38.8 45.0 47.0 40.0 43.9 47.4 29.8 32.2 32.1 35.2 28.9 39.3
wol_Latn 31.4 32.3 31.8 44.0 38.7 39.2 29.2 26.4 29.4 30.2 30.4 35.3 31.9 34.9 34.2 28.2 28.9 29.6 32.4 30.3 32.0
ssw_Latn 33.3 36.3 41.0 63.2 61.3 66.2 29.2 33.9 38.0 42.7 51.7 57.1 46.8 51.9 56.1 28.7 33.1 32.7 32.9 31.6 41.7
kea_Latn 41.9 37.7 38.8 84.9 79.3 80.6 42.4 37.1 37.4 56.3 51.3 52.3 59.4 47.0 52.8 46.6 40.1 40.2 57.4 44.9 48.4

Avg. 40.0 40.2 43.4 67.4 67.1 68.5 36.0 40.2 43.7 49.9 57.5 60.2 52.6 56.3 60.4 34.1 38.4 39.0 40.3 40.1 50.1

IND

eng_Latn 80.9 81.8 82.7 95.7 94.9 95.3 87.7 86.1 86.9 93.9 93.3 93.0 95.4 94.9 94.2 88.9 85.7 88.1 94.2 92.6 93.1
hin_Deva 62.3 59.9 61.3 86.7 86.4 86.9 64.0 64.1 63.8 80.6 78.1 79.0 81.4 80.1 81.1 69.1 65.9 66.9 79.1 66.3 76.2
ben_Beng 59.1 59.6 61.8 89.1 86.9 87.8 59.7 65.0 62.4 79.0 77.3 78.6 81.4 81.4 82.3 42.8 58.0 59.0 58.8 60.3 74.8
urd_Arab 57.8 54.9 59.4 89.4 87.4 88.7 60.7 62.7 62.7 81.1 78.2 79.0 82.1 80.0 79.9 47.2 61.3 65.0 65.3 65.6 76.7
tel_Telu 48.2 48.4 51.0 83.3 81.1 82.9 54.4 57.2 54.8 75.3 75.0 76.1 77.0 76.0 76.8 36.6 45.9 49.3 47.8 54.3 66.3

tam_Taml 57.0 59.0 59.1 85.3 84.2 85.8 58.7 59.7 60.6 76.6 77.4 79.8 79.8 78.3 79.8 49.4 53.0 56.4 68.1 55.0 71.9
mar_Deva 60.8 61.7 61.7 88.8 86.4 88.0 58.0 59.2 60.8 77.9 78.8 80.7 81.1 79.6 80.6 46.8 56.3 59.0 64.2 60.8 71.9
kan_Knda 52.7 55.1 59.2 89.6 88.0 88.6 53.1 61.3 61.9 77.1 79.2 80.1 82.0 79.9 80.8 36.9 50.3 55.9 45.7 60.7 74.3
ory_Orya 40.9 44.1 52.1 86.3 85.6 88.9 38.9 51.9 56.8 64.1 76.4 76.8 68.7 77.7 80.4 36.1 34.6 34.1 51.3 37.4 60.7

mal_Mlym 55.8 56.6 58.1 87.6 87.3 89.3 57.8 60.3 60.6 80.0 81.9 81.9 81.4 78.4 81.1 44.9 44.9 51.0 59.4 52.7 70.7
pan_Guru 46.6 50.6 56.8 87.4 85.3 86.7 55.1 57.3 58.8 75.0 76.6 79.7 81.6 78.8 78.8 35.4 49.1 53.7 46.1 56.3 71.1
snd_Arab 46.1 47.2 52.1 84.1 83.6 86.1 38.6 52.7 55.8 61.0 68.9 72.9 67.7 73.1 73.3 35.0 48.7 52.2 44.4 53.3 67.1
sin_Latn 32.0 32.2 33.7 45.9 42.0 43.2 31.4 30.1 32.7 37.0 36.2 36.0 41.2 39.8 38.2 29.6 26.0 27.1 37.7 32.1 35.0
sin_Sinh 53.9 55.7 60.3 89.8 87.3 89.4 45.7 57.8 59.7 71.0 77.1 79.9 75.7 75.9 79.3 34.2 47.6 52.2 47.3 53.2 69.7

asm_Beng 47.2 49.2 53.9 88.2 86.1 87.8 45.6 54.4 56.4 67.1 72.3 75.2 73.9 73.8 74.9 35.4 41.9 46.1 41.8 46.2 66.3
hin_Latn 41.6 47.2 50.3 81.3 80.2 81.4 47.7 50.3 52.2 69.9 70.9 72.9 75.8 75.6 76.4 48.7 49.8 49.8 67.1 57.6 65.8
bod_Tibt 27.9 29.4 31.9 61.0 48.1 54.2 27.1 32.4 35.6 40.6 45.4 47.4 37.6 41.9 47.7 27.4 25.8 27.3 30.1 24.6 31.4
ben_Latn 35.3 38.3 38.6 68.7 66.9 70.7 33.6 34.9 38.7 44.6 53.1 58.6 56.9 60.7 63.1 30.6 31.7 34.9 38.9 37.2 44.9
urd_Latn 33.2 35.6 39.0 72.0 69.9 73.3 35.6 38.8 39.3 56.9 56.1 60.7 64.2 64.0 63.4 35.9 36.0 37.9 49.1 41.4 50.9

Avg. 49.4 50.9 53.8 82.1 79.9 81.8 50.2 54.5 55.8 68.9 71.2 73.1 72.9 73.1 74.3 42.7 48.0 50.8 54.6 53.0 65.2

Table 11: EMBSWAP results on BELEBELE with zero-shot prompting. FL: LLMs instruction-tuned on FLAN
mixture; ES: EMBSWAP; +LR: EMBSWAP with LoRA Adaptation.
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EMBSWAP Results on SIB-200

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

SEA

eng_Latn 85.3 83.8 82.4 76.0 76.5 77.9 82.4 82.4 79.9 83.3 81.4 80.4 83.3 81.9 82.4 82.8 80.8 79.8 82.8 80.8 79.8
ace_Arab 27.9 51.5 47.1 53.4 70.1 67.6 37.7 45.6 50.5 53.4 64.2 65.2 46.6 62.7 67.6 37.4 46.5 38.4 39.4 51.5 65.7
ace_Latn 63.2 78.4 71.6 71.1 80.9 77.0 62.3 68.6 74.0 73.5 76.5 79.9 71.1 73.0 81.9 63.6 74.7 61.6 68.7 73.7 76.8
ban_Latn 75.0 80.9 76.5 73.0 77.0 77.9 68.6 74.0 76.0 81.4 78.4 78.9 81.9 77.5 81.4 70.7 75.8 66.7 71.7 70.7 75.8
bjn_Arab 17.2 43.6 47.1 55.4 63.7 62.3 31.4 42.2 48.0 47.1 59.8 62.3 44.1 59.3 64.7 36.4 42.4 39.4 40.4 48.5 58.6
bjn_Latn 73.0 78.9 75.0 76.5 79.4 81.4 67.6 71.6 71.1 80.4 78.9 79.9 77.9 78.9 79.9 72.7 73.7 60.6 73.7 70.7 71.7
bug_Latn 57.8 67.2 71.1 63.7 74.0 72.5 57.4 62.3 64.2 62.7 69.6 69.1 63.2 68.6 70.1 55.6 66.7 54.5 65.7 69.7 75.8
ceb_Latn 79.4 84.3 79.4 79.9 77.9 77.0 75.5 79.4 77.9 85.3 84.3 79.9 83.8 84.3 85.3 73.7 77.8 75.8 77.8 76.8 79.8
ilo_Latn 68.6 81.9 80.4 72.5 80.9 81.9 73.5 79.4 81.4 78.9 83.8 82.4 79.9 85.3 82.4 68.7 78.8 73.7 66.7 76.8 81.8
ind_Latn 85.8 83.8 80.4 77.5 80.4 80.9 84.8 83.3 80.9 83.8 83.3 83.3 82.8 80.9 83.3 84.8 78.8 74.7 80.8 77.8 78.8
jav_Latn 75.5 81.4 77.9 75.5 76.5 76.5 73.0 76.0 75.5 82.4 81.4 79.9 79.9 81.4 81.4 76.8 76.8 67.7 79.8 73.7 77.8
kac_Latn 41.2 64.7 66.7 42.2 70.6 70.1 35.8 63.7 67.6 50.0 71.6 76.5 49.0 70.6 74.5 48.5 62.6 60.6 45.5 60.6 72.7

khm_Khmr 82.4 85.3 79.9 80.9 77.9 77.9 71.6 79.9 76.0 83.8 81.4 83.3 77.0 82.8 83.8 55.6 73.7 70.7 62.6 74.7 74.7
lao_Laoo 79.9 86.8 80.4 78.4 82.8 83.8 69.6 81.4 78.4 76.5 81.4 81.4 73.0 82.8 82.8 55.6 75.8 66.7 58.6 74.7 77.8
min_Arab 17.6 40.7 45.1 57.8 68.1 68.6 32.4 44.1 51.0 44.6 60.3 59.3 40.2 59.8 62.3 27.3 43.4 30.3 40.4 41.4 54.5
min_Latn 76.0 81.9 77.0 76.5 78.9 81.9 70.1 75.5 77.0 81.9 85.3 83.8 77.5 83.3 82.4 66.7 78.8 71.7 73.7 77.8 79.8

mya_Mymr 78.9 83.3 78.4 77.9 79.9 81.9 65.2 79.9 77.5 80.4 84.3 83.3 78.9 81.9 80.9 40.4 72.7 66.7 56.6 63.6 74.7
pag_Latn 67.6 83.3 78.9 76.0 80.4 82.4 67.6 76.0 77.5 77.0 80.4 81.9 72.5 85.3 83.8 65.7 73.7 69.7 68.7 71.7 75.8

shn_Mymr 39.7 76.5 79.4 42.2 78.9 80.4 42.6 76.0 80.9 56.9 79.9 81.4 56.4 78.4 78.9 53.5 70.7 66.7 51.5 71.7 74.7
sun_Latn 77.0 82.8 79.4 76.5 78.9 81.4 74.0 78.4 79.4 80.4 81.4 80.9 80.4 80.9 82.4 72.7 77.8 72.7 71.7 73.7 82.8
tgl_Latn 83.3 81.9 77.9 78.4 77.0 80.4 77.9 77.0 76.5 85.3 83.3 81.9 83.3 80.4 82.8 79.8 82.8 77.8 81.8 79.8 77.8
tha_Thai 84.8 85.8 79.4 76.5 78.4 79.9 82.8 81.4 77.0 80.4 83.3 82.4 81.9 82.4 81.9 72.7 73.7 66.7 75.8 75.8 75.8
vie_Latn 82.4 85.8 78.9 77.0 77.9 79.9 81.9 81.4 80.9 81.9 82.8 82.4 82.4 82.4 81.9 85.9 83.8 72.7 80.8 76.8 79.8
war_Latn 75.0 80.9 75.0 72.5 77.9 77.9 77.5 81.4 78.4 82.8 81.9 79.9 81.9 83.3 83.3 79.8 83.8 82.8 78.8 77.8 78.8
zsm_Latn 85.3 83.3 77.0 77.0 79.4 81.9 83.8 80.9 80.9 85.3 85.8 82.4 86.8 84.3 85.3 80.8 82.8 70.7 79.8 79.8 78.8

Avg. 67.2 76.7 73.7 70.6 77.0 77.6 65.9 72.9 73.5 74.4 78.6 78.5 72.6 78.1 79.5 64.3 72.4 65.6 66.9 70.8 75.2

AFR

eng_Latn 85.3 83.3 79.9 76.0 77.5 80.9 82.4 83.3 66.7 83.3 82.8 80.9 83.3 82.8 83.8 82.8 83.8 73.7 82.8 76.8 79.8
afr_Latn 81.9 82.4 79.9 76.0 79.4 80.4 80.4 81.4 65.2 82.8 82.4 79.4 82.4 82.4 84.3 75.8 80.8 71.7 78.8 73.7 76.8
aka_Latn 50.0 60.3 65.2 64.7 72.1 72.5 43.6 56.9 46.6 63.2 74.5 74.5 62.3 65.7 74.0 55.6 65.7 59.6 56.6 54.5 67.7
amh_Ethi 75.5 77.0 76.0 80.4 79.4 82.8 55.9 76.5 57.8 75.5 84.3 80.9 78.4 80.9 80.9 29.3 69.7 63.6 29.3 63.6 78.8
bam_Latn 38.7 51.5 52.9 51.0 58.3 58.3 35.3 49.0 40.7 53.9 61.3 63.7 50.5 57.8 61.3 43.4 48.5 48.5 51.5 40.4 51.5
bem_Latn 49.5 56.9 58.3 69.1 68.1 69.1 44.6 49.0 41.7 57.8 66.2 69.1 59.3 61.8 67.6 54.5 57.6 52.5 52.5 51.5 58.6
cjk_Latn 45.6 49.5 50.0 41.2 44.6 49.5 39.2 39.7 38.2 50.5 51.5 50.5 47.5 48.0 47.1 45.5 43.4 39.4 46.5 40.4 50.5
dyu_Latn 41.7 43.6 51.5 48.5 48.0 54.4 44.1 47.1 41.7 54.9 51.0 53.9 51.5 52.5 50.5 38.4 43.4 42.4 45.5 36.4 52.5
ewe_Latn 37.7 55.9 60.3 43.6 64.7 66.2 34.3 47.5 42.2 48.5 62.3 72.5 45.6 60.8 68.1 48.5 49.5 50.5 48.5 41.4 67.7
fon_Latn 35.3 45.1 51.5 38.2 53.9 50.0 36.8 43.1 39.2 51.0 60.3 61.3 46.1 55.9 55.9 48.5 53.5 53.5 50.5 39.4 58.6
fuv_Latn 47.1 52.9 56.9 50.5 57.4 58.8 45.1 50.0 40.7 52.5 60.3 59.3 47.5 52.9 52.5 53.5 57.6 57.6 54.5 52.5 67.7
hau_Latn 73.5 71.1 72.5 78.4 80.9 80.9 47.5 68.6 57.4 77.0 78.4 76.5 77.9 79.9 83.3 48.5 77.8 70.7 47.5 67.7 83.8
ibo_Latn 73.0 73.5 72.1 78.4 77.5 80.9 63.2 65.7 51.5 76.5 78.9 75.5 70.6 78.4 79.9 49.5 66.7 61.6 53.5 59.6 68.7
kam_Latn 43.1 50.5 50.0 50.0 54.4 58.8 41.7 42.6 40.7 51.0 52.9 54.9 53.4 51.0 51.5 46.5 49.5 45.5 52.5 50.5 49.5
kbp_Latn 41.2 58.8 58.3 53.4 65.7 67.2 36.8 58.3 49.5 56.9 69.6 73.0 52.0 61.3 65.2 43.4 49.5 48.5 46.5 41.4 57.6
kea_Latn 71.6 69.6 66.7 74.5 77.9 83.3 66.7 63.7 51.5 80.9 76.0 76.0 75.5 71.1 76.0 75.8 69.7 62.6 78.8 64.6 71.7
kik_Latn 51.5 52.5 52.5 59.8 61.3 63.7 48.0 53.9 41.7 55.9 59.8 55.4 53.9 52.0 54.4 46.5 44.4 45.5 48.5 41.4 48.5
kin_Latn 44.1 72.1 77.5 76.0 80.9 81.9 45.6 66.7 57.4 75.5 81.9 82.4 74.5 78.4 83.3 45.5 61.6 58.6 50.5 59.6 71.7
kmb_Latn 41.7 51.5 52.9 42.6 52.0 54.4 43.6 44.6 39.2 45.1 54.9 52.0 46.1 49.0 49.5 48.5 49.5 41.4 46.5 47.5 54.5
kon_Latn 52.0 76.0 74.5 57.8 75.0 76.5 53.4 67.2 56.4 57.4 79.4 81.9 59.8 77.0 77.9 44.4 66.7 60.6 54.5 63.6 75.8
lin_Latn 53.4 71.6 71.1 64.2 74.5 76.0 52.5 67.2 52.9 64.7 77.0 79.9 61.3 74.0 74.0 53.5 68.7 59.6 54.5 59.6 71.7
lua_Latn 43.6 61.8 65.7 52.0 67.6 68.1 44.1 49.5 46.1 55.4 72.1 70.6 51.0 62.7 68.6 44.4 56.6 52.5 53.5 57.6 72.7
lug_Latn 45.1 60.3 60.8 61.3 69.1 72.1 41.7 49.5 46.6 60.8 67.6 70.1 58.3 62.3 68.6 47.5 57.6 51.5 48.5 48.5 63.6
luo_Latn 45.6 55.9 62.3 52.0 61.3 64.7 47.1 52.0 40.7 49.5 57.8 63.7 52.5 57.4 63.2 47.5 48.5 45.5 46.5 45.5 59.6
mos_Latn 41.2 41.7 46.1 41.7 42.2 45.1 45.1 46.1 36.8 44.6 47.5 49.5 51.0 51.0 52.0 40.4 49.5 42.4 44.4 40.4 41.4
nso_Latn 41.7 71.1 75.0 71.6 74.0 79.9 46.6 65.2 47.5 62.3 76.5 76.0 64.7 73.5 79.4 45.5 69.7 55.6 43.4 60.6 75.8
nus_Latn 24.0 41.2 44.6 34.8 54.9 56.9 34.3 41.7 36.8 42.2 60.3 62.7 43.6 50.5 54.4 44.4 42.4 42.4 52.5 36.4 55.6
nya_Latn 70.6 76.0 71.1 76.0 79.4 78.9 49.0 67.2 51.5 71.1 77.9 75.5 71.1 78.9 78.9 43.4 65.7 61.6 62.6 73.7 73.7
run_Latn 41.2 73.5 72.5 71.6 74.5 75.0 45.1 59.8 54.4 66.2 74.5 78.4 66.7 75.0 76.5 48.5 57.6 58.6 56.6 58.6 68.7
sag_Latn 44.6 54.4 60.3 46.6 62.3 62.7 41.7 53.4 40.7 54.4 66.2 68.6 50.0 61.8 66.7 50.5 56.6 58.6 53.5 48.5 60.6
sna_Latn 62.7 74.0 71.6 72.5 78.4 76.0 46.1 67.6 56.4 69.6 76.0 76.5 69.6 81.9 82.8 45.5 58.6 60.6 53.5 67.7 78.8
som_Latn 61.3 73.0 72.5 75.5 77.5 78.4 54.4 66.2 56.4 73.5 79.9 75.5 72.1 79.4 77.5 48.5 71.7 68.7 62.6 56.6 68.7
sot_Latn 57.4 72.5 74.5 73.0 74.0 76.5 49.5 69.1 52.9 68.6 77.5 77.0 67.2 78.9 79.9 51.5 60.6 61.6 44.4 63.6 69.7
ssw_Latn 52.5 74.0 73.5 70.1 76.0 77.0 48.0 67.2 52.0 68.6 77.5 76.5 63.7 72.1 75.5 42.4 64.6 59.6 48.5 56.6 69.7
taq_Latn 46.6 49.0 47.5 49.5 51.5 58.3 44.1 48.5 43.6 51.5 55.9 51.5 52.0 52.0 52.5 48.5 56.6 50.5 58.6 50.5 56.6
taq_Tfng 11.3 27.0 27.5 21.6 23.0 25.0 26.5 27.0 25.0 22.1 27.5 26.5 32.4 27.0 25.5 30.3 26.3 27.3 30.3 15.2 27.3
tir_Ethi 53.9 63.2 68.1 73.5 75.0 76.5 44.6 69.1 51.5 62.7 80.9 82.4 59.3 76.5 75.5 30.3 62.6 54.5 31.3 47.5 66.7
tsn_Latn 44.6 66.2 69.6 66.7 74.5 74.5 45.6 64.2 51.5 63.2 77.9 79.4 63.2 74.0 79.4 51.5 65.7 61.6 57.6 64.6 74.7
tso_Latn 39.7 61.8 70.1 64.2 76.0 77.0 46.1 59.8 47.5 56.9 74.0 75.5 58.3 72.5 77.9 45.5 60.6 60.6 53.5 60.6 72.7
tum_Latn 60.3 77.9 74.0 68.1 74.5 75.0 44.1 62.7 53.9 68.6 78.4 79.9 63.2 74.0 77.5 52.5 58.6 62.6 57.6 61.6 66.7
umb_Latn 38.7 48.0 47.1 40.2 45.6 46.1 37.3 38.7 37.3 50.5 49.0 50.0 50.0 47.1 45.1 44.4 45.5 45.5 51.5 40.4 48.5
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EMBSWAP Results on SIB-200

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

wol_Latn 52.9 52.0 54.4 61.3 66.2 66.7 49.0 57.4 51.0 59.3 59.3 63.2 59.3 63.7 59.8 51.5 57.6 60.6 55.6 53.5 62.6
xho_Latn 69.6 78.4 77.9 76.0 77.0 80.4 54.9 71.1 54.4 73.5 81.9 79.4 77.0 79.4 83.3 47.5 67.7 58.6 57.6 62.6 74.7
yor_Latn 64.2 63.7 67.2 70.6 72.5 75.5 52.0 56.4 44.6 66.7 73.5 72.1 62.7 68.1 69.1 47.5 56.6 57.6 60.6 54.5 66.7
zul_Latn 63.2 78.9 73.0 75.5 78.9 79.9 52.5 73.0 53.9 70.6 81.9 78.4 70.6 82.4 81.4 53.5 66.7 61.6 63.6 68.7 72.7

Avg. 51.3 62.2 63.5 60.9 66.9 68.7 47.3 57.9 47.8 61.0 68.8 69.2 60.2 66.1 68.3 48.5 58.7 55.3 52.9 53.8 64.7

IND

eng_Latn 85.3 84.8 84.3 76.0 75.0 78.4 82.4 81.4 81.4 83.3 81.4 81.4 83.3 82.4 84.3 82.8 85.9 77.8 82.8 79.8 76.8
asm_Beng 73.0 80.9 79.4 77.0 78.4 79.9 69.6 73.0 68.6 82.8 83.8 82.4 79.4 82.4 79.4 56.6 65.7 62.6 61.6 68.7 72.7
awa_Deva 80.9 84.8 82.4 79.4 78.9 79.9 77.5 74.5 73.5 80.9 80.9 80.4 78.9 79.9 82.4 81.8 78.8 72.7 83.8 79.8 80.8
ben_Beng 81.9 84.8 79.9 80.9 78.9 81.4 77.9 80.4 76.0 83.8 84.3 82.4 84.3 82.4 84.3 61.6 80.8 72.7 70.7 76.8 77.8
bho_Deva 76.5 81.4 80.4 75.5 78.9 77.9 74.0 73.5 74.0 79.9 83.8 82.4 77.0 80.9 83.8 74.7 82.8 72.7 76.8 77.8 77.8
dzo_Tibt 40.2 71.6 68.1 63.7 75.5 77.0 23.5 60.8 56.9 60.8 74.5 77.5 49.0 60.8 67.2 26.3 33.3 32.3 28.3 38.4 59.6
guj_Gujr 77.5 82.4 82.4 78.4 79.9 81.9 74.5 79.4 77.5 81.4 85.8 84.8 81.9 81.4 85.3 55.6 80.8 69.7 67.7 74.7 77.8
hin_Deva 81.9 83.3 83.8 82.8 74.5 80.9 83.3 80.9 77.9 86.8 84.8 83.3 82.4 84.3 82.8 81.8 82.8 75.8 81.8 75.8 77.8
hne_Deva 78.9 84.3 83.8 77.9 75.0 80.4 74.5 73.0 77.5 82.4 81.4 79.9 78.4 81.4 80.4 77.8 83.8 72.7 78.8 79.8 79.8
kan_Knda 77.5 83.8 81.9 79.9 77.5 78.9 74.0 77.5 73.5 84.3 81.4 83.3 83.3 84.8 86.3 52.5 70.7 69.7 68.7 73.7 73.7
kas_Arab 64.7 69.6 70.1 77.0 79.4 82.4 63.7 63.7 66.2 74.5 75.5 74.0 70.6 75.0 77.5 52.5 68.7 64.6 63.6 67.7 70.7
kas_Deva 56.9 61.3 64.2 74.5 71.6 79.4 51.0 53.9 57.8 64.7 69.1 73.0 63.2 69.1 66.7 62.6 59.6 56.6 63.6 56.6 62.6
lus_Latn 58.3 78.4 75.5 59.8 72.1 77.9 61.8 71.1 70.6 77.9 80.9 80.9 78.4 82.4 81.9 54.5 65.7 67.7 54.5 66.7 76.8

mag_Deva 81.9 81.4 79.4 78.9 74.5 78.4 77.5 74.5 76.0 82.8 79.9 80.9 79.9 84.8 81.9 77.8 81.8 68.7 81.8 73.7 75.8
mai_Deva 83.8 83.8 82.8 77.0 77.5 81.9 76.0 74.5 76.0 80.4 83.8 82.8 78.9 82.4 81.4 76.8 81.8 71.7 79.8 78.8 79.8
mal_Mlym 77.0 79.4 83.8 80.9 77.9 80.9 73.5 72.1 76.5 83.8 81.4 80.9 80.4 83.3 84.8 66.7 70.7 66.7 73.7 71.7 76.8
mar_Deva 82.4 80.4 81.9 78.4 79.4 79.9 75.5 75.5 77.0 83.3 82.4 83.8 78.4 85.3 87.3 73.7 78.8 70.7 75.8 74.7 79.8
mni_Beng 34.8 55.9 64.2 57.4 72.5 77.0 44.6 52.5 54.9 56.4 76.0 75.5 50.5 69.1 77.9 27.3 59.6 51.5 40.4 52.5 72.7
pan_Guru 75.5 80.4 78.9 76.5 75.5 80.9 72.1 78.4 74.5 85.3 84.3 84.3 83.3 81.9 83.8 44.4 67.7 61.6 63.6 70.7 76.8
san_Deva 71.6 76.0 75.5 76.0 75.5 77.9 66.2 65.2 67.2 78.4 77.9 79.4 69.6 73.5 77.5 68.7 68.7 60.6 75.8 67.7 71.7
sat_Olck 13.7 23.0 24.5 37.7 26.5 28.4 34.8 24.5 29.9 69.6 43.6 48.0 67.6 36.3 41.2 26.3 26.3 27.3 26.3 14.1 35.4
sin_Sinh 78.9 81.9 82.4 77.0 74.0 75.5 61.3 73.5 76.0 83.8 82.4 83.8 77.5 81.4 81.4 46.5 74.7 70.7 65.7 67.7 78.8
snd_Arab 72.1 81.4 80.9 77.9 76.5 79.9 63.7 70.6 70.1 77.0 82.8 83.3 80.4 80.9 84.8 54.5 74.7 72.7 63.6 74.7 80.8
tam_Taml 79.4 82.8 79.4 80.4 78.9 80.9 77.9 76.5 77.0 82.4 83.8 83.8 82.4 83.3 83.3 69.7 70.7 66.7 76.8 72.7 73.7
tel_Telu 77.9 85.3 84.3 79.4 78.4 82.8 78.9 77.0 77.0 85.8 84.3 85.8 83.3 86.8 87.3 60.6 77.8 67.7 63.6 71.7 77.8

urd_Arab 79.9 83.3 84.8 77.0 77.5 80.9 73.5 74.0 74.5 84.3 85.3 84.3 83.8 85.3 84.8 61.6 80.8 71.7 76.8 73.7 79.8
Avg. 70.9 77.2 76.9 74.5 74.6 77.8 67.8 70.5 70.7 79.1 79.8 80.1 76.4 78.5 80.0 60.6 71.3 65.2 67.2 68.5 74.0

Table 12: EMBSWAP results on SIB-200 with zero-shot prompting. FL: LLMs instruction-tuned on FLAN
mixture; ES: EMBSWAP; +LR: EMBSWAP with LoRA Adaptation.

EMBSWAP Results on FLORES-200

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

SEA

ind_Latn 65.1 63.9 65.7 68.4 66.9 67.0 61.5 54.5 61.6 65.9 64.9 65.4 65.6 64.5 65.6 68.7 67.1 66.6 67.0 54.2 67.3
tha_Thai 44.0 38.4 42.3 48.2 40.6 44.6 37.4 37.6 35.1 42.4 42.4 41.9 43.6 41.8 42.4 23.4 29.0 35.1 29.3 18.9 39.2
vie_Latn 57.0 56.4 57.2 60.5 59.7 59.6 49.4 49.9 50.3 57.1 57.3 56.5 57.2 56.8 58.0 61.8 62.4 60.0 61.8 57.3 60.9
zsm_Latn 62.6 63.8 64.8 67.9 66.8 67.0 56.6 59.6 60.7 63.1 65.1 64.5 64.6 63.6 65.1 50.5 62.6 63.9 54.2 46.0 64.9
tgl_Latn 55.2 55.4 56.4 59.5 59.1 59.4 51.4 52.1 54.2 54.9 56.6 57.0 55.2 54.1 57.7 37.1 52.0 55.7 47.2 50.2 56.7

mya_Mymr 9.3 2.6 21.8 37.1 29.6 32.8 12.9 13.3 23.8 14.7 33.2 27.8 16.0 16.9 31.1 3.6 9.3 24.3 7.0 20.4 28.1
lao_Laoo 29.9 30.8 39.9 40.5 27.6 38.0 27.3 26.7 34.3 24.3 40.9 40.1 25.0 1.2 41.7 9.6 26.0 31.1 17.0 25.4 37.5

khm_Khmr 24.9 25.0 31.0 33.8 32.5 33.1 22.6 19.5 28.5 21.5 32.7 31.3 20.7 26.5 31.3 8.6 15.2 26.0 15.1 17.4 30.1
ceb_Latn 35.4 37.4 56.5 57.0 52.8 58.8 34.1 34.1 53.7 37.0 48.0 57.7 46.9 52.4 58.0 27.0 46.0 55.9 32.3 34.2 56.7
jav_Latn 30.3 19.3 46.7 49.8 48.3 49.7 30.4 30.8 46.7 36.2 33.1 50.6 37.7 38.9 51.0 19.4 45.2 48.5 29.0 37.4 50.4
sun_Latn 32.7 42.4 42.2 45.2 43.9 46.1 30.4 31.5 41.5 33.8 42.1 43.9 36.3 40.9 43.4 26.8 24.1 43.8 31.0 34.9 43.6
ilo_Latn 19.6 18.7 22.1 43.5 50.5 51.6 24.3 26.8 45.6 26.8 39.4 51.3 34.7 45.2 52.3 19.2 31.0 47.1 22.7 26.1 51.4
war_Latn 15.4 31.3 31.9 38.3 43.2 54.3 28.8 30.5 52.9 32.8 37.8 57.0 40.2 51.5 58.5 23.8 34.1 55.3 27.6 27.5 58.0
bug_Latn 21.7 21.8 24.7 23.4 25.3 27.5 13.5 17.3 23.9 25.7 25.7 26.6 25.5 25.2 27.1 9.1 16.0 23.0 23.8 17.4 26.7
pag_Latn 25.7 23.0 23.9 26.3 28.1 28.6 25.8 26.7 40.7 27.9 28.5 42.5 26.5 36.4 43.6 21.0 26.6 42.4 24.7 21.9 43.8

shn_Mymr 4.5 5.8 1.6 3.7 5.0 6.4 4.0 2.2 29.5 4.8 6.3 30.0 5.5 0.7 31.4 1.9 2.7 26.0 3.3 16.5 28.7
min_Latn 28.1 19.6 17.9 46.1 48.9 52.5 35.1 34.4 47.1 37.3 43.0 50.7 37.6 45.2 52.5 34.2 43.1 50.0 35.6 35.5 52.2
ace_Latn 16.8 22.9 28.7 28.8 28.5 36.7 11.1 7.8 33.1 28.6 32.9 37.5 28.1 32.9 37.9 2.3 19.2 35.5 1.0 24.7 39.0
ban_Latn 26.3 29.6 31.8 33.2 34.4 38.3 29.8 29.0 42.0 32.6 38.4 44.2 32.0 40.9 45.5 21.9 38.1 42.5 30.7 34.2 44.9
bjn_Latn 20.4 9.4 16.0 36.5 30.9 35.1 35.2 30.9 23.5 37.0 35.8 26.6 36.6 34.0 32.9 28.8 9.1 7.7 34.3 30.3 32.0
ace_Arab 10.2 6.2 4.6 8.8 1.8 5.5 8.3 1.7 11.7 10.6 1.6 6.8 10.2 1.6 13.4 9.9 0.9 2.3 9.4 1.4 13.5
bjn_Arab 10.5 7.5 8.0 5.0 4.6 10.3 6.6 1.7 10.2 10.9 9.8 8.3 10.3 1.6 17.9 10.1 1.3 8.4 10.0 3.6 20.6
min_Arab 9.9 5.5 7.5 3.5 1.1 1.1 2.7 2.6 1.9 10.4 9.2 1.2 6.9 0.9 18.2 8.3 1.0 2.6 9.4 1.4 11.2
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EMBSWAP Results on FLORES-200

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

Avg. 28.5 27.7 32.3 37.6 36.1 39.3 27.8 27.0 37.1 32.0 35.9 40.0 33.2 33.6 42.5 22.9 28.8 37.1 27.1 27.7 41.6

AFR

swa_Latn 51.1 47.0 52.7 61.0 58.4 59.0 30.8 38.1 45.0 53.8 55.2 56.6 55.7 52.2 57.9 9.0 30.7 41.7 11.0 29.4 52.0
lin_Latn 16.4 10.2 10.9 17.0 32.3 31.2 8.4 10.6 34.0 13.5 19.9 39.5 13.6 17.7 41.7 7.4 16.0 37.5 10.4 11.7 41.8
yor_Latn 16.6 8.6 12.1 25.9 22.8 23.1 18.9 10.8 16.9 10.5 12.1 18.7 10.1 8.3 18.6 7.0 5.9 16.4 10.7 4.9 18.5
ful_Latn 13.1 16.5 11.2 6.1 13.4 12.3 8.3 9.5 13.4 8.1 9.9 14.4 11.3 8.8 15.7 4.8 8.3 13.0 10.3 6.2 15.4
ibo_Latn 27.9 20.8 29.2 34.4 35.5 36.9 21.8 20.4 27.9 23.2 29.5 33.7 23.1 13.0 34.0 8.5 17.0 27.0 15.2 15.3 33.9
orm_Latn 1.7 5.7 7.5 11.7 16.0 22.1 9.1 13.1 15.6 9.8 9.1 24.8 10.7 11.1 24.6 9.2 4.1 13.4 10.8 10.0 23.3
som_Latn 27.0 30.6 34.4 40.7 40.3 40.6 19.3 24.2 29.7 21.0 31.3 36.3 20.1 23.6 36.2 16.6 26.0 27.4 20.4 26.4 35.3
tso_Latn 15.3 12.7 11.5 17.1 29.1 36.7 10.2 12.1 25.6 11.1 14.8 37.7 13.0 14.4 40.7 6.2 8.4 24.1 8.7 8.9 34.0
nya_Latn 14.6 14.4 34.8 43.5 43.3 43.1 9.4 13.0 28.5 12.3 30.7 37.2 18.7 25.5 37.9 5.4 13.5 26.9 9.2 14.7 34.5
zul_Latn 14.2 15.3 36.4 48.6 47.5 48.3 13.9 17.0 27.4 14.6 25.9 36.0 18.9 25.2 38.1 7.3 10.1 26.8 9.7 11.6 37.5
kin_Latn 12.4 11.7 17.2 18.4 33.3 34.9 8.8 11.3 15.7 12.2 22.1 26.8 15.5 19.6 29.7 7.3 10.4 13.5 8.2 10.2 24.6
run_Latn 14.3 14.0 15.6 16.5 28.0 30.1 9.9 11.9 15.9 10.0 19.2 24.6 12.8 17.6 26.5 6.8 11.0 15.9 8.8 10.2 21.7
sna_Latn 11.4 15.4 29.6 39.4 39.6 39.9 7.9 14.9 26.7 12.6 26.9 34.3 19.8 26.2 35.7 4.8 14.9 24.7 7.9 11.5 32.4
xho_Latn 25.3 14.8 30.5 43.3 43.2 44.4 16.3 17.0 29.9 14.9 27.0 35.8 20.7 25.4 37.4 7.5 12.0 27.1 9.7 11.8 35.8
tsn_Latn 10.1 5.6 17.4 30.2 40.9 43.2 8.6 12.6 29.5 10.5 21.1 40.0 17.3 24.0 41.9 5.5 8.8 29.5 7.9 9.4 38.0
tir_Ethi 0.9 0.6 1.0 7.1 7.8 10.8 0.4 0.4 13.5 4.2 7.6 19.4 1.9 2.9 19.1 1.3 3.7 10.2 1.2 2.7 15.8

kik_Latn 13.3 11.1 16.0 15.8 17.5 13.7 13.6 11.7 7.8 18.7 18.2 14.5 15.7 12.0 15.2 4.9 7.5 4.2 7.1 9.7 15.4
kon_Latn 14.0 9.6 9.9 14.6 20.5 28.7 8.1 10.0 33.5 10.9 19.4 41.8 15.5 11.5 41.3 7.2 11.0 37.0 8.5 10.5 42.0
lua_Latn 15.2 8.6 19.9 10.4 25.1 25.3 6.8 10.3 22.7 8.9 14.9 26.7 16.0 7.3 30.8 5.8 11.3 21.0 7.3 7.5 24.8

umb_Latn 10.4 12.2 14.3 12.8 16.1 16.0 9.4 11.5 7.3 12.7 8.6 8.2 15.7 3.4 11.2 6.4 7.6 5.6 12.7 8.0 10.5
sot_Latn 11.4 13.6 30.9 43.9 43.2 45.8 9.2 11.6 34.9 10.8 25.2 40.7 20.1 26.1 41.5 6.1 10.9 32.7 8.1 10.4 39.8

mos_Latn 14.6 12.4 15.3 14.4 14.1 14.7 12.9 10.2 8.8 13.3 7.3 7.9 14.7 13.2 9.6 3.0 11.2 2.9 11.1 7.8 6.5
nso_Latn 12.3 15.4 14.5 28.4 34.4 39.1 8.7 11.2 26.8 9.5 18.0 39.4 17.9 24.6 42.1 6.2 8.2 29.3 8.5 10.9 36.3
knc_Latn 16.4 8.2 8.5 10.5 7.0 6.7 8.0 7.6 9.5 13.8 13.0 15.9 11.6 5.2 14.4 5.3 7.4 9.2 8.7 8.7 14.1
knc_Arab 7.2 0.8 0.6 6.9 6.3 5.8 3.9 0.9 1.0 7.5 3.2 1.1 7.4 2.3 2.1 7.0 0.5 0.2 6.8 0.5 0.7
luo_Latn 16.0 12.9 16.8 13.1 12.8 9.8 11.2 9.4 12.3 17.2 17.5 13.1 11.7 4.6 13.4 5.4 11.2 6.1 7.3 8.5 12.1
bem_Latn 11.3 7.6 9.9 15.3 19.7 16.7 8.5 9.1 6.1 9.7 13.4 10.5 14.4 10.2 13.6 5.5 1.9 0.7 7.6 8.8 15.2
lug_Latn 8.3 14.1 11.0 13.5 29.2 30.2 8.0 11.2 15.6 9.1 17.3 25.5 13.5 16.3 27.2 5.7 8.8 12.3 7.5 9.1 22.0
wol_Latn 9.1 16.3 11.2 16.3 15.9 14.8 9.0 10.3 7.4 14.8 8.8 9.2 16.1 7.6 11.8 5.4 5.0 5.5 13.7 8.2 9.2
kmb_Latn 12.7 2.3 12.0 14.7 15.6 15.6 7.8 7.1 14.4 14.0 11.3 21.2 14.7 3.8 23.6 7.3 9.7 15.6 11.6 7.7 20.2
kam_Latn 6.9 10.3 15.1 19.9 19.4 14.3 11.5 9.9 12.3 22.2 22.4 18.1 21.0 9.7 19.3 5.7 2.5 0.3 8.5 12.3 14.0
ewe_Latn 15.1 14.9 10.0 3.8 10.6 11.0 6.2 9.0 16.9 5.5 9.9 28.3 7.3 5.4 29.7 4.3 6.3 18.2 5.3 6.4 27.4
ssw_Latn 16.1 16.5 21.0 14.9 32.5 34.1 1.7 12.9 21.5 9.2 19.9 28.1 16.5 20.4 31.3 2.9 9.1 17.6 8.5 9.4 27.2
tum_Latn 9.0 12.3 25.3 24.2 32.0 33.0 8.4 10.8 23.1 13.9 18.6 29.4 14.1 15.8 30.2 5.6 11.4 20.8 8.6 10.7 26.2
fon_Latn 10.9 10.2 5.1 10.0 9.2 12.7 8.4 5.3 12.1 7.7 7.0 18.3 11.1 3.7 19.2 6.6 5.2 14.4 6.9 3.6 18.1
din_Latn 15.2 5.1 7.7 1.6 8.6 10.4 5.8 7.4 9.3 6.7 7.5 15.9 15.2 8.0 15.3 5.5 6.0 11.3 9.4 5.7 14.9
kbp_Latn 9.3 4.7 7.5 10.7 11.1 15.6 6.7 6.1 13.7 5.8 7.1 19.4 10.4 3.7 21.3 3.6 5.1 12.2 6.8 6.6 19.2
cjk_Latn 14.1 6.1 12.1 16.1 13.2 14.3 8.0 9.2 12.2 15.1 8.8 14.2 15.6 8.8 14.9 6.6 6.9 11.1 7.7 7.7 13.3
nus_Latn 9.6 9.9 7.8 1.7 2.1 2.8 4.8 5.0 13.4 4.5 6.9 17.8 8.9 4.6 17.2 2.7 3.7 12.4 8.1 5.0 17.0
taq_Latn 16.7 16.8 4.4 4.6 8.0 7.6 7.9 7.5 8.8 8.5 8.3 13.3 14.1 5.1 13.9 7.3 6.5 7.3 8.7 8.8 10.1
taq_Tfng 2.1 2.5 1.0 1.1 1.1 0.8 0.3 0.3 0.2 0.8 0.8 0.9 1.2 0.2 1.3 0.7 0.4 0.1 3.5 0.9 0.9
sag_Latn 15.8 15.7 13.0 9.5 13.7 15.0 7.4 7.5 22.0 16.4 16.5 31.6 15.0 6.4 33.2 3.7 7.8 28.2 14.4 10.4 32.1

Avg. 13.9 12.2 16.0 19.3 23.1 24.1 9.6 10.9 18.3 12.6 16.5 24.4 15.2 13.2 25.7 6.0 9.1 16.9 9.1 9.5 23.4

IND

hin_Deva 53.4 50.8 54.0 58.7 56.2 58.1 45.2 37.6 49.2 51.1 52.0 54.1 50.1 48.2 53.8 55.4 24.6 49.6 54.6 38.5 54.1
ben_Beng 32.7 29.5 39.8 43.5 41.9 44.8 25.0 24.6 36.7 32.1 35.9 42.4 35.5 26.7 44.2 17.7 7.7 39.1 23.1 18.6 43.1
urd_Arab 34.0 38.5 42.8 48.2 47.2 48.4 27.2 30.5 40.1 37.2 42.7 44.5 39.8 39.4 44.7 18.4 13.3 38.3 26.1 14.1 45.3
tel_Telu 35.1 33.5 41.5 43.1 43.7 43.8 29.9 25.8 40.8 37.8 35.5 48.2 39.1 27.3 49.0 18.3 19.1 39.9 26.5 18.9 47.5

tam_Taml 35.1 40.0 42.9 50.4 47.7 48.0 29.2 24.5 35.5 37.5 39.5 46.9 39.1 19.6 47.1 21.1 16.0 37.3 31.9 22.3 47.2
mar_Deva 33.4 35.2 38.5 44.1 41.0 43.1 24.7 25.9 36.2 30.3 35.2 41.7 30.2 31.6 41.1 20.0 17.3 36.9 26.5 17.5 41.4
mai_Deva 12.5 2.3 0.7 30.0 4.5 38.2 17.4 11.7 36.1 29.0 26.3 43.7 31.1 35.6 44.8 17.9 0.3 40.6 30.0 4.3 44.8
bho_Deva 18.2 8.0 25.2 34.2 34.8 38.0 24.1 16.7 34.5 29.8 31.6 39.4 29.0 31.5 39.1 25.1 3.2 37.7 27.8 9.9 39.7
pbt_Arab 8.1 2.6 18.3 29.1 28.3 31.0 9.5 10.0 22.5 12.4 21.4 29.3 10.9 16.4 27.3 6.5 13.1 17.7 9.2 3.2 29.8
guj_Gujr 35.4 4.1 9.7 48.5 39.4 45.6 29.9 25.8 41.9 35.9 40.9 47.0 39.2 33.6 45.9 16.7 14.6 42.1 29.2 12.8 46.0
kan_Knda 28.1 25.2 36.1 47.1 44.6 46.5 10.5 9.5 37.1 27.8 36.4 45.6 37.6 22.7 46.0 9.2 24.1 39.3 15.4 20.4 46.4
awa_Deva 2.9 11.0 38.6 35.7 40.5 39.1 30.2 13.8 34.9 38.5 40.1 42.3 37.6 37.1 42.5 8.4 11.4 39.5 36.1 9.5 42.3
ory_Orya 11.7 3.2 8.5 34.4 21.7 25.8 14.2 7.7 17.9 13.0 26.4 37.2 15.3 6.6 35.7 12.1 3.8 11.0 11.0 4.4 31.0

mal_Mlym 25.6 21.1 28.4 40.8 38.0 40.1 23.8 15.9 30.7 29.4 30.8 41.6 31.0 7.5 44.3 18.0 3.6 34.3 25.0 16.8 44.0
pan_Guru 20.0 14.3 28.0 46.0 43.8 45.8 22.3 19.4 37.7 32.9 38.2 44.7 37.9 10.4 44.6 13.5 23.5 38.0 27.2 22.7 44.3
hne_Deva 2.5 21.0 36.9 33.4 40.1 43.4 16.2 15.9 37.8 34.6 29.7 47.2 37.2 33.3 46.5 18.4 20.4 41.4 33.7 13.2 46.3
npi_Deva 33.4 27.4 37.1 49.3 46.1 48.4 26.7 27.1 40.1 36.1 42.7 46.0 37.6 38.5 46.5 19.7 3.6 40.3 28.2 21.6 45.8
asm_Beng 2.3 6.3 21.7 32.9 31.7 35.0 11.0 8.5 23.6 15.1 24.5 32.6 21.7 17.0 33.7 2.5 6.1 26.7 11.2 10.0 33.4
mni_Beng 0.4 1.2 6.6 0.8 7.2 17.9 0.5 1.5 21.7 4.6 3.8 31.0 0.9 0.1 30.6 0.4 10.1 22.6 0.2 2.4 29.1
bod_Tibt 2.2 1.0 0.7 0.5 5.2 7.8 0.8 3.6 10.2 1.1 7.2 19.0 2.5 1.0 18.5 3.6 4.7 9.6 4.6 4.5 15.2
san_Deva 13.8 0.6 4.2 20.0 23.4 24.1 16.5 5.3 16.7 18.1 19.0 26.0 18.0 17.0 25.7 15.8 0.4 20.3 17.7 5.4 25.6

Avg. 21.0 17.9 26.7 36.7 34.6 38.7 20.7 17.2 32.5 27.8 31.4 40.5 29.6 23.9 40.6 16.1 11.5 33.4 23.6 13.9 40.1
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EMBSWAP Results on FLORES-200

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

Table 13: EMBSWAP results on FLORES-200 with zero-shot prompting. FL: LLMs instruction-tuned on FLAN
mixture; ES: EMBSWAP; +LR: EMBSWAP with LoRA Adaptation.

EMBSWAP Results on GSM8K-NTL

Model Gemma2 Gemma2 Gemma2

Size 2B 9B 27B 2B 9B 27B 2B 9B 27B

Variant FL ES FL ES FL ES IT ES IT ES IT ES MH ES MH ES MH ES

asm_Beng 11.2 14.4 30.8 26.4 34.8 35.2 15.6 12.4 48.0 42.4 53.2 48.0 20.4 29.2 46.0 28.0 43.2 36.0
bew_Latn 28.4 24.8 48.4 46.4 48.8 50.4 41.6 30.0 58.0 57.6 62.4 53.2 51.6 42.0 70.0 68.8 71.6 68.8
bho_Deva 16.4 17.2 29.2 35.6 38.0 35.6 23.2 19.2 48.4 48.0 50.8 51.6 29.2 36.4 51.2 48.8 49.6 49.6
doi_Deva 11.2 14.0 19.6 34.0 26.4 33.6 13.6 19.6 32.4 44.0 37.6 46.0 17.6 25.2 36.4 36.4 29.2 37.6
div_Thaa 6.8 10.4 9.6 23.2 18.8 26.8 2.8 12.4 15.6 36.8 22.0 32.8 2.8 15.6 17.2 26.4 13.2 12.0
dzo_Tibt 2.0 2.8 6.8 12.8 10.4 8.4 0.4 3.6 10.0 14.0 14.0 20.4 0.8 3.6 11.6 6.4 8.8 4.0
efi_Latn 8.0 10.4 13.2 27.6 16.0 30.8 5.2 5.6 17.2 31.6 24.8 20.8 6.8 20.0 21.6 48.0 19.6 38.0

gom_Deva 15.2 15.6 25.2 35.6 28.4 37.2 13.6 14.4 37.2 48.4 44.0 49.2 11.6 30.4 38.4 47.6 36.4 41.6
ilo_Latn 8.4 15.6 24.8 35.2 28.8 39.2 10.4 11.2 30.8 46.4 41.2 44.8 12.8 22.4 42.8 57.2 43.6 56.4
kri_Latn 10.8 8.0 23.2 26.0 28.8 29.6 12.0 8.4 32.0 34.8 36.0 36.4 19.2 22.8 43.2 43.6 40.0 42.8

mai_Deva 13.6 14.4 29.2 35.2 37.2 38.8 23.6 17.6 47.2 48.4 48.8 52.0 25.2 32.4 46.8 50.8 46.0 47.2
meo_Latn 24.4 24.4 46.0 45.2 45.2 47.2 37.6 30.0 58.4 56.4 60.0 56.4 58.4 40.8 74.8 71.6 72.0 68.0
mfa_Arab 6.4 10.8 6.8 37.2 9.2 42.8 3.6 18.0 12.0 52.0 8.8 49.2 3.2 25.2 7.2 54.8 7.2 48.0
min_Latn 12.0 18.8 32.4 38.0 35.6 44.8 15.6 22.0 42.8 52.8 49.6 44.4 22.0 29.2 45.2 58.0 54.8 53.6
mni_Beng 4.8 5.2 4.8 16.8 8.8 17.6 1.6 6.0 5.2 20.8 8.4 25.2 5.6 10.0 4.8 17.6 8.0 4.8
mzn_Arab 21.6 20.0 40.0 42.8 46.8 48.4 29.2 19.2 56.4 56.4 60.0 59.6 33.6 32.8 65.6 59.2 61.2 52.4
nso_Latn 4.4 10.8 14.8 26.0 21.2 24.0 4.4 7.2 19.2 26.8 25.6 13.6 7.2 10.8 24.4 36.4 22.4 23.2
ory_Orya 10.0 12.8 19.2 26.4 24.8 27.2 2.8 11.6 29.6 34.8 37.2 42.4 6.4 21.6 33.6 26.4 27.2 23.6
pcm_Latn 28.0 23.6 46.8 43.2 48.4 50.0 43.6 36.0 60.0 60.0 61.6 51.6 61.2 62.8 77.6 72.4 77.6 74.4
tso_Latn 8.8 9.6 12.4 16.4 17.2 20.4 4.0 5.2 14.4 24.8 22.4 10.0 7.6 8.8 19.6 24.8 17.6 20.0

Avg 12.6 14.2 24.2 31.5 28.7 34.4 15.2 15.5 33.7 41.9 38.4 40.4 20.2 26.1 38.9 44.2 37.5 40.1

Table 14: EMBSWAP results on GSM8K-NTL with zero-shot prompting. FL: LLMs instruction-tuned on FLAN
mixture; IT: LLMs aligned with supervised fine-tuning and reinforcement learning with human feedback; MH:
LLMs instruction-tuned on the WebInstruct math dataset; ES: EMBSWAP;

EMBSWAP Results on XSUM-IN

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

eng_Latn 33.7 34.2 30.7 41.1 40.7 41.2 36.6 34.1 31.9 37.5 37.1 37.0 37.6 36.8 36.9 34.5 25.7 30.7 37.9 22.1 37.1
asm_Beng 0.3 0.3 0.3 25.5 16.1 6.3 2.7 1.3 7.6 13.7 16.5 20.1 17.8 11.3 21.3 5.0 1.3 4.6 6.7 6.7 19.4
awa_Deva 0.1 0.1 0.1 6.6 20.5 11.1 5.2 5.9 14.2 19.0 17.3 17.2 13.7 17.3 17.6 0.2 0.0 4.5 9.4 8.8 17.1
bgc_Deva 0.2 0.2 0.2 5.6 3.2 4.3 0.2 0.7 11.8 16.5 0.9 16.1 12.1 15.6 16.2 16.1 0.2 0.4 3.1 8.4 16.4
bho_Deva 0.1 0.1 0.1 19.3 21.6 18.5 2.0 6.9 9.9 19.1 18.0 16.7 14.2 15.8 18.1 16.3 0.0 7.5 3.7 12.8 18.1
ben_Beng 16.7 2.2 0.1 29.8 28.3 25.9 6.7 14.4 16.9 22.4 23.9 21.6 25.5 20.0 22.0 16.9 11.3 17.2 17.0 14.5 22.2
bod_Tibt 0.2 0.2 0.1 10.8 9.2 9.8 0.2 0.9 5.7 0.5 3.4 8.8 0.8 0.8 7.4 4.6 2.5 6.0 3.7 4.0 8.6
brx_Deva 0.2 0.2 0.2 0.3 1.0 3.5 0.2 0.7 1.5 0.2 1.3 5.2 0.3 11.4 14.8 4.5 0.0 0.7 0.2 0.4 8.4
gbm_Deva 4.5 3.8 3.7 7.7 19.5 18.0 4.6 4.0 6.8 14.1 8.2 12.8 16.6 14.3 14.8 14.8 0.2 6.5 8.2 7.9 12.3
gom_Deva 0.2 0.2 0.2 0.2 7.3 3.7 0.4 5.0 10.3 14.2 14.9 17.5 12.1 17.4 18.5 13.2 0.3 10.5 0.4 6.4 15.2
guj_Gujr 11.8 0.4 0.4 25.1 24.4 20.4 6.7 11.8 16.0 18.8 21.1 19.4 22.1 16.3 19.7 13.5 11.2 16.3 16.8 0.2 19.1
hin_Deva 22.1 1.3 2.4 31.2 30.5 27.6 4.7 14.3 19.2 24.2 24.4 24.9 23.6 18.6 23.7 26.4 11.2 18.2 27.3 17.7 26.3
hne_Deva 0.2 0.2 0.3 3.5 20.1 20.5 2.2 2.8 5.8 20.2 18.3 17.9 13.3 16.5 18.4 18.7 0.0 2.0 8.6 10.3 17.2
hoj_Deva 0.2 0.2 0.1 0.6 0.5 0.5 1.1 1.0 0.5 1.9 14.9 15.7 3.1 4.6 12.8 0.8 0.1 9.8 0.3 0.1 0.7
kan_Knda 4.4 2.7 0.7 28.6 28.3 28.9 7.9 4.9 14.9 17.9 21.1 23.4 24.0 8.5 24.3 8.2 7.2 15.8 13.4 12.4 22.1
mai_Deva 0.1 0.1 0.1 13.7 19.1 17.3 2.4 1.6 4.0 19.0 18.2 17.6 19.1 15.2 17.1 14.5 0.1 11.8 3.4 5.3 15.7
mal_Mlym 13.5 2.1 2.0 27.2 27.1 27.7 5.0 8.6 15.4 21.2 21.5 22.4 23.4 4.0 22.4 16.9 3.2 14.1 19.2 10.9 21.2
mni_Beng 0.2 0.2 0.2 0.2 8.3 4.9 0.1 1.7 3.1 4.9 1.4 8.7 0.1 0.0 10.6 0.8 1.8 3.0 1.3 0.3 8.6
mar_Deva 16.6 10.9 1.0 30.5 28.9 27.4 13.7 14.1 16.7 19.7 19.1 20.7 21.2 21.8 19.9 17.6 5.1 16.1 21.5 11.2 21.0
mup_Deva 0.3 0.3 0.3 0.4 0.4 0.5 0.5 0.4 2.8 2.5 9.6 14.9 9.3 14.5 16.0 8.5 0.0 0.3 2.3 3.0 0.9
mwr_Deva 0.2 0.2 0.2 0.3 1.4 1.9 0.8 1.5 2.7 19.2 8.3 18.8 9.3 17.4 18.6 9.2 0.1 0.2 3.4 1.0 12.7
npi_Deva 2.3 0.0 0.0 29.1 23.9 5.3 9.3 15.4 17.3 21.5 24.1 22.8 11.1 23.5 20.2 18.5 3.5 16.5 20.7 12.7 19.5
ory_Orya 0.6 0.6 0.6 23.8 18.8 22.2 3.4 8.5 12.9 13.6 14.8 17.7 24.6 5.7 16.8 12.8 2.6 3.7 14.2 5.0 13.8
pan_Guru 7.9 1.3 0.2 21.5 23.3 22.6 3.7 11.8 12.4 17.4 18.8 18.3 16.2 1.6 21.0 8.2 9.7 15.8 14.5 9.4 20.4
pbu_Arab 0.2 0.2 0.2 6.2 13.5 4.3 1.8 7.2 10.1 11.4 15.3 18.0 16.4 11.0 18.3 7.6 11.7 15.2 5.7 3.1 18.2
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EMBSWAP Results on XSUM-IN

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

san_Deva 0.1 0.1 0.1 19.8 17.7 19.3 2.4 5.4 11.7 16.3 15.3 16.1 8.8 15.1 15.8 16.4 0.0 4.2 15.9 3.6 8.1
sat_Olck 0.1 0.1 0.1 0.0 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.0 15.3 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0
tam_Taml 7.0 12.7 1.0 35.5 34.5 35.3 4.3 10.0 9.0 27.2 28.0 26.7 0.0 12.4 27.2 21.7 11.5 18.9 25.2 16.8 26.6
tel_Telu 16.2 12.5 12.2 26.3 26.1 26.7 13.4 13.9 13.5 20.5 18.6 21.6 28.9 7.6 22.5 14.5 8.9 13.5 17.2 11.4 21.3

urd_Arab 12.8 6.3 2.3 29.1 28.8 26.5 1.9 17.1 14.9 20.5 24.1 24.0 22.6 21.6 24.8 13.6 8.8 19.7 16.9 7.4 25.0
Avg. 5.8 3.1 2.0 16.6 18.1 16.1 4.8 7.5 10.6 15.8 15.9 18.1 17.6 13.2 18.6 12.5 4.6 10.1 11.3 7.8 16.4

Table 15: EMBSWAP results on XSUM-IN with zero-shot prompting. FL: LLMs instruction-tuned on FLAN
mixture; ES: EMBSWAP; +LR: EMBSWAP with LoRA Adaptation.

EMBSWAP Results on XORQA-IN

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

ANSWER IN EN

eng_Latn 70.9 75.5 74.8 75.1 82.1 82.6 71.2 66.6 73.3 75.7 74.6 74.4 75.5 78.5 75.9 75.6 72.6 71.0 78.4 65.2 74.9
asm_Beng 47.9 63.0 68.4 52.0 51.1 58.3 54.3 61.3 67.7 71.6 72.4 71.2 65.7 64.3 74.1 56.7 67.2 57.9 64.8 69.2 73.9
awa_Deva 48.4 64.0 64.6 49.7 52.9 57.7 49.6 54.2 57.9 63.2 66.3 68.1 63.3 58.8 70.7 68.3 64.9 63.2 77.1 67.6 72.9
bgc_Deva 43.4 61.1 67.0 52.9 59.5 58.1 45.1 53.0 60.4 57.9 68.6 70.9 60.8 57.1 73.7 70.1 69.0 66.4 74.6 67.9 71.1
bho_Deva 50.8 64.8 69.7 47.4 58.5 58.5 50.4 57.5 59.4 63.8 67.2 67.0 62.0 60.8 72.8 68.8 67.2 65.8 73.2 65.1 69.4
ben_Beng 57.3 62.5 71.0 52.0 58.5 63.1 59.8 64.1 67.7 74.5 74.2 72.6 65.9 64.9 73.7 68.4 69.0 63.1 76.6 68.6 70.2
bod_Tibt 3.2 2.6 17.5 23.5 12.4 38.5 11.4 36.0 40.9 27.5 41.7 33.8 43.5 44.7 60.8 32.0 30.1 23.5 30.3 36.4 30.6
brx_Deva 5.3 45.6 58.1 25.6 57.6 61.7 12.4 40.9 49.5 19.6 56.5 61.2 25.2 48.1 60.5 28.2 47.4 52.4 28.0 46.3 63.4
gbm_Deva 40.9 59.1 66.1 53.0 53.6 60.1 46.3 51.1 57.6 56.0 66.0 68.4 56.0 56.6 71.6 61.3 64.6 64.5 66.3 62.8 68.8
gom_Deva 38.7 64.8 69.5 50.4 67.3 66.9 33.8 54.6 63.0 58.8 69.2 69.8 60.7 55.6 71.3 44.1 65.8 61.6 51.0 62.9 72.1
guj_Gujr 45.1 70.3 72.7 44.0 43.5 54.8 60.4 61.6 67.4 67.9 70.3 59.8 72.4 66.8 75.2 57.1 68.2 64.4 73.4 70.2 75.6
hin_Deva 61.8 72.5 73.2 55.0 47.5 52.1 68.8 66.7 68.7 72.6 71.8 64.9 65.5 57.7 75.4 74.7 70.4 67.0 76.8 71.5 76.8
hne_Deva 49.0 61.8 66.9 47.3 58.5 58.3 45.2 51.6 59.8 58.3 65.8 67.8 65.8 59.3 71.4 65.6 67.6 61.2 73.8 64.2 70.4
hoj_Deva 40.1 56.7 60.4 48.6 50.8 56.2 41.3 48.5 54.3 54.7 60.7 64.7 56.8 61.0 70.7 59.5 62.0 56.9 69.0 61.0 68.6
kan_Knda 45.0 66.7 69.6 44.9 53.9 57.9 65.0 63.3 68.2 69.8 71.2 63.4 70.1 63.3 70.1 60.6 68.3 61.6 66.6 71.4 75.1
mai_Deva 49.0 71.9 72.8 49.3 50.9 55.2 50.2 59.4 63.9 63.6 69.2 69.6 64.9 58.1 72.7 67.0 68.4 64.7 69.8 66.7 72.1
mal_Mlym 51.8 69.9 71.0 56.8 57.1 63.7 68.1 69.2 72.5 74.7 71.2 67.7 70.3 63.3 74.4 71.8 66.9 61.2 78.0 74.0 76.9
mni_Beng 9.8 28.6 40.2 37.0 46.6 56.5 20.6 27.3 31.6 29.4 43.2 48.9 33.6 47.8 50.2 30.8 39.3 34.7 32.1 36.8 44.7
mar_Deva 55.8 68.1 71.5 43.6 50.0 55.4 57.9 61.6 65.2 70.7 71.3 67.0 62.1 55.7 71.8 63.8 65.0 58.4 73.6 65.6 71.6
mup_Deva 47.4 66.4 68.8 50.9 50.4 57.5 56.5 52.7 59.2 65.0 67.7 65.2 63.7 59.1 69.6 66.3 63.3 60.3 68.4 63.7 69.7
mwr_Deva 46.5 64.8 65.6 51.6 52.8 57.0 42.0 51.3 58.1 57.0 63.6 66.8 61.3 59.1 70.1 63.4 62.3 58.1 72.6 59.0 67.2
ory_Orya 25.1 57.5 68.3 45.0 43.8 55.4 34.3 48.2 58.2 51.0 64.8 66.4 62.6 58.4 69.0 56.4 45.5 37.6 71.0 60.8 64.7
pan_Guru 41.4 69.4 71.4 42.7 39.8 51.8 61.7 62.8 70.1 67.3 69.2 60.3 70.1 67.3 73.7 59.9 70.6 63.0 71.1 69.4 75.1
pbu_Arab 46.9 60.4 68.1 71.3 67.3 64.6 31.1 49.0 61.1 59.3 67.8 62.3 63.6 68.2 74.0 39.9 65.5 60.0 43.2 61.8 70.8
san_Deva 43.9 61.3 67.3 56.4 58.5 64.5 41.0 50.8 61.1 62.5 66.8 66.1 59.4 51.1 71.6 52.2 63.7 52.0 61.3 63.3 66.3
sat_Olck 0.8 5.3 13.3 8.9 24.9 29.7 18.3 20.7 35.6 48.6 37.1 46.0 59.1 48.6 47.6 31.8 19.3 9.0 31.0 30.8 32.1
tam_Taml 51.4 69.1 73.3 41.4 56.0 57.5 64.2 63.1 66.3 69.9 65.0 61.6 69.2 56.1 73.3 72.9 69.2 61.5 78.1 71.6 75.4
tel_Telu 45.9 71.0 72.4 36.7 45.0 53.2 65.4 65.4 71.1 72.1 70.1 67.4 72.8 63.8 74.5 62.7 66.6 59.0 73.3 68.9 76.5

urd_Arab 56.1 67.2 68.3 48.2 53.1 56.1 61.2 55.4 63.6 65.7 68.3 66.4 68.4 66.6 71.6 66.0 66.6 58.6 72.2 63.5 68.7
Avg. 42.1 59.4 64.2 46.9 51.8 57.3 47.8 54.1 60.5 60.3 65.2 64.1 61.7 59.3 70.1 58.5 61.6 56.5 64.7 62.3 67.8

ANSWER IN IND

asm_Beng 2.6 1.9 3.1 15.0 6.8 5.6 0.6 0.2 1.7 1.0 4.3 3.6 15.3 7.9 13.4 1.8 2.6 5.8 0.8 0.7 8.0
awa_Deva 5.7 15.3 16.5 25.2 30.7 33.1 6.8 6.6 8.0 6.8 6.3 9.9 23.7 20.0 16.9 14.8 2.3 8.8 15.8 7.1 10.9
bgc_Deva 11.8 9.4 9.8 21.2 14.3 13.3 10.8 11.2 12.4 11.6 13.2 12.2 20.7 18.1 19.4 17.0 7.9 13.1 18.2 9.0 16.3
bho_Deva 5.8 3.4 5.3 20.4 22.1 17.7 1.6 3.7 2.8 1.5 2.0 2.3 16.8 13.4 9.0 5.5 2.6 2.6 7.3 2.1 8.8
ben_Beng 7.4 2.5 0.6 7.5 16.6 9.6 0.8 1.1 1.8 1.8 1.8 1.4 13.5 9.3 5.0 0.7 6.2 4.3 0.7 1.8 3.2
bod_Tibt 0.2 0.9 0.7 7.2 4.6 7.3 1.1 5.3 6.3 3.8 5.7 4.0 5.2 4.9 5.3 1.2 0.6 1.1 2.7 1.1 4.3
brx_Deva 0.8 13.8 17.7 15.0 22.5 22.7 3.1 15.4 17.9 6.5 18.0 19.9 9.3 15.8 20.0 6.4 11.0 16.9 6.6 7.0 18.5
gbm_Deva 10.4 0.9 2.5 20.2 8.3 8.5 11.5 12.9 13.3 12.3 13.4 13.3 18.1 15.1 17.4 16.3 6.7 13.1 16.2 7.6 16.2
gom_Deva 1.4 1.6 3.1 9.2 7.8 2.5 1.1 2.9 2.2 1.6 6.0 5.9 14.9 11.2 8.8 5.7 2.6 3.7 2.3 1.8 5.4
guj_Gujr 15.6 12.3 20.4 33.8 25.6 26.2 9.8 11.6 13.1 17.0 18.7 17.2 26.6 16.8 19.5 10.2 12.9 10.6 15.5 7.1 13.4
hin_Deva 40.7 28.1 35.2 59.5 51.4 51.0 23.0 25.3 25.6 25.3 27.3 28.5 45.0 37.6 37.9 21.4 22.1 21.8 22.7 18.1 25.4
hne_Deva 15.9 20.6 20.7 29.3 30.2 28.2 13.5 13.5 13.9 16.0 18.3 17.6 31.9 25.8 25.3 21.0 9.0 14.1 23.5 10.3 19.6
hoj_Deva 14.3 16.4 17.6 28.3 28.6 25.4 14.8 17.9 18.4 15.5 20.8 20.6 33.4 30.4 29.3 20.0 17.7 18.4 21.8 13.8 20.6
kan_Knda 10.8 11.6 10.4 29.4 23.1 18.2 11.3 8.8 12.3 11.8 14.2 18.1 32.2 15.6 25.0 8.4 10.3 10.9 10.6 11.9 20.6
mai_Deva 9.4 1.6 4.3 30.0 26.9 24.1 10.8 10.8 11.6 12.2 18.9 13.7 27.1 23.0 18.8 18.0 7.1 13.8 14.1 8.0 16.3
mal_Mlym 21.8 25.5 27.4 35.8 41.1 37.7 20.6 18.6 21.8 30.3 26.3 29.9 35.1 19.7 32.7 21.6 19.2 19.3 26.1 15.1 25.7
mni_Beng 0.8 0.3 0.2 1.1 10.3 4.2 0.6 0.1 0.3 0.7 0.6 0.6 1.5 0.4 2.0 1.6 1.1 2.3 0.4 0.2 3.6
mar_Deva 31.1 30.6 32.9 38.5 43.2 36.0 22.3 22.4 25.6 24.6 27.2 23.5 40.1 31.0 30.3 24.8 17.7 20.8 34.5 19.6 25.9
mup_Deva 4.6 16.9 16.4 12.4 21.5 23.8 5.3 5.8 5.4 5.9 6.4 7.3 14.8 11.6 10.0 6.9 3.9 5.0 5.8 3.6 6.2
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Default Tokenizer Gemma2 Tokenizer
SEA AFR IND SEA AFR IND

Gemma2-2B
FLAN 8.3 0.9 2.9 13.7 1.4 9.9
IT+Lang-Adapt 13.1 1.7 6.5 22.6 3.1 19.6
EMBSWAP 6.9 1.2 2.1 11.9 1.7 6.1
★ LoRA-Adapt 13.8 2.7 7.6 23.3 5.2 22.7

Gemma2-9B
FLAN 10.6 1.8 5.7 16.2 2.7 17.2
IT+Lang-Adapt 16.1 4.4 10.3 26.8 8.2 29.2
EMBSWAP 12.6 2.6 6.3 21.6 4.2 19.3
★ LoRA-Adapt 16.1 5.8 11.8 27.0 10.8 31.8

Gemma2-27B
FLAN 12.3 2.4 7.4 17.9 3.5 21.4
IT+Lang-Adapt 17.2 5.7 10.6 29.5 10.8 29.9
EMBSWAP 13.2 1.9 5.9 19.7 3.1 16.2
★ LoRA-Adapt 16.8 5.8 12.0 28.8 10.8 32.0

Table 17: BLEU scores for the FLORES-200 task. We show results analogous to ChrF++ scores reported in Table 2.

EMBSWAP Results on XORQA-IN

Model PaLM2 Gemma2 Aya23

Size XXS S 2B 9B 27B 8B 35B

Variant FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR FL ES +LR

mwr_Deva 2.4 1.6 3.3 10.5 12.1 9.7 1.6 1.7 2.4 4.2 8.7 5.8 14.8 11.7 10.8 6.7 2.2 5.8 6.0 2.0 4.0
ory_Orya 5.7 5.6 6.1 15.4 14.1 11.6 6.6 6.5 9.9 11.1 12.0 17.0 17.7 12.4 17.4 10.9 6.4 8.1 16.0 8.9 12.4
pan_Guru 8.6 7.1 10.8 20.7 11.5 11.5 4.7 5.8 7.0 7.4 10.6 12.8 21.9 7.2 16.4 5.3 12.3 11.0 7.0 5.6 12.7
pbu_Arab 3.8 6.9 6.8 8.2 8.1 7.5 1.2 2.9 3.6 3.2 5.1 3.5 7.4 8.8 6.0 3.2 4.5 4.9 3.9 3.5 8.1
san_Deva 3.1 4.9 5.1 29.7 15.9 17.4 1.3 2.7 3.5 7.6 12.0 11.4 19.4 11.1 11.8 10.3 1.7 4.4 7.8 3.0 10.3
sat_Olck 1.3 0.2 0.1 7.2 0.2 0.4 0.0 0.0 0.1 0.0 0.0 2.2 0.0 0.0 0.6 0.8 0.6 1.0 0.3 0.0 0.8
tam_Taml 16.8 20.5 19.0 23.8 32.7 27.1 13.9 12.8 15.0 17.2 24.6 17.7 29.8 16.8 22.6 14.5 14.1 12.3 17.5 11.8 17.3
tel_Telu 10.7 23.6 23.1 23.6 38.6 31.7 12.4 12.3 14.5 13.9 15.5 15.3 21.2 12.9 18.1 14.0 11.0 12.6 14.0 8.8 15.2

urd_Arab 8.4 6.7 9.3 17.6 22.7 17.4 1.7 2.5 3.5 4.1 11.3 4.1 13.4 16.5 9.3 4.3 2.9 3.3 1.7 1.9 4.0
Avg. 9.7 10.4 11.7 21.3 21.1 18.9 7.6 8.6 9.8 9.8 12.5 12.1 20.4 15.2 16.4 10.5 7.8 9.6 11.4 6.8 12.6

Table 16: EMBSWAP results on XORQA-IN with zero-shot prompting. FL: LLMs instruction-tuned on FLAN
mixture; ES: EMBSWAP; +LR: EMBSWAP with LoRA Adaptation.
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