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Large language models (LLMs) have shown remarkable capabilities in many languages beyond
English. Yet, LLMs require more inference steps when generating non-English text due to
their reliance on English-centric tokenizers and vocabulary, resulting in higher usage costs
to non-English speakers. Vocabulary expansion with target language tokens is a widely used
cross-lingual vocabulary adaptation approach to remedy this issue. Despite its effectiveness in
inference speedup, previous work on vocabulary expansion has focused on high-resource settings
assuming access to a substantial amount of target language data to effectively initialize the
embeddings of the new tokens and adapt the LLM to the target language. However, vocabulary
expansion in low-resource settings has yet to be explored. In this article, we investigate vocab-
ulary expansion in low-resource settings by considering embedding initialization methods and
continual pre-training strategies. Through extensive experiments across typologically diverse
languages, tasks, and models, we establish a set of strategies to perform vocabulary expansion for
faster inference, while striving to maintain competitive downstream performance to baselines.
This is achieved with only 30K sentences (~0.01GB text data) from the target language.!

1. Introduction

Large language models (LLMs) have strong capabilities in English and other languages
(OpenAl 2023; OpenAl et al. 2024; Touvron et al. 2023; Jiang et al. 2023; Groeneveld
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et al. 2024; DeepSeek-Al et al. 2025). Yet, processing non-English texts with LLMs is
challenging. They suffer from tokenization overfragmentation (see Figure 2 for quanti-
tative analysis) and thus require more inference steps due to the reliance on English-
centric tokenizers and vocabulary, resulting in higher utility costs for non-English
speakers (Ahia et al. 2023; Petrov et al. 2023; Ali et al. 2024).

Cross-lingual vocabulary adaptation (CVA) via vocabulary expansion has been pro-
posed to adapt LLMs (including their tokenizers) to specific target languages (Cui, Yang,
and Yao 2023; Fujii et al. 2024; Choi et al. 2024; Tejaswi, Gupta, and Choi 2024; Mundra
et al. 2024, inter alia). Vocabulary expansion approaches extend the vocabulary of a
source model with tokens from a target language, followed by continual pre-training on
target language data. A wide range of language-specific LLMs derived from an English-
centric LLM such as Llama2 (Touvron et al. 2023) have been made available following
this approach, including Chinese (Cui, Yang, and Yao 2023), Tamil (Balachandran 2023),
Portuguese (Larcher et al. 2023), and Japanese (Fujii et al. 2024) models, inter alia. Vo-
cabulary expansion improves inference speed but often assumes access to a substantial
amount of target language data for adaptation. For example, Chinese and Tamil Llamas
make use of 20 and 12GB of target language text, respectively (Cui, Yang, and Yao
2023; Balachandran 2023). Given the guaranteed large number of model updates in
high-resource settings, the embeddings of new tokens are often randomly initialized,
followed by the standard continual pre-training with a causal language modeling (CLM)
objective (Cui, Yang, and Yao 2023; Balachandran 2023; Larcher et al. 2023; Choi et al.
2024). However, it is not clear how effective this approach to vocabulary expansion is in
low-resource settings.

In this article, we seek to (i) answer if this widely used adaptation approach under
high-resource settings is as effective in low-resource settings; and (ii) identify the best possible
vocabulary expansion strategies for language adaptation in low-resource settings, while striving
to maintain similar performance to the source model with faster inference (Figure 1). Our key
contributions are as follows:

e We present the first systematic study of vocabulary expansion-based
adaptation of generative LLMs (i.e., three English-centric models) in
low-resource settings (i.e., assuming only 30K sentences, ~0.01GB text
data or up to approximately 5M tokens), on two generation tasks
(i.e., machine translation and summarization) and two classification
tasks (i.e., multiple-choice reading comprehension and general
knowledge and reasoning) across ten typologically diverse languages.

¢ Our results show that the popular vocabulary expansion approach in
high-resource settings (i.e., random initialization and fine-tuning the full
model with a CLM objective) is not always optimal in low-resource
settings.

e  We find that target parameter initialization approaches that use heuristics
information from the source and target tokenizers are more effective.
Furthermore, fine-tuning the top and bottom two layers of the LLM using
a multi-token prediction objective (Gloeckle et al. 2024) works better than
fine-tuning the full model with CLM. Finally, using a short input sequence
length by splitting longer text into multiple sentences allows for a larger
number of model updates, mitigating underfitting.
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Figure 1

We address the challenge of effectively expanding vocabulary for LLMs in low-resource settings.
This is crucial for reducing inference steps when generating non-English text, as LLMs often
rely on English-centric tokenizers and vocabulary. Our approach explores various adaptation

strategies (@) to achieve inference speedups while aiming to retain competitive performance.
Our recommended strategy combines heuristic-based parameter initialization for new tokens
with fine-tuning the top and bottom two layers of the model, using a short input sequence
length and a multi-token prediction objective (Gloeckle et al. 2024).

¢ To better understand holistic aspects of vocabulary expansion in
low-resource settings, we conduct a range of analyses, including the
extent of source (English) knowledge retention and a direct comparison
with vocabulary replacement.

2. Background

2.1 Text Overfragmentation

LLMs tend to overfragment text in underrepresented languages (Rust et al. 2021; Muller
et al. 2021). Overfragmentation has significant implications for non-English speakers,
including higher API costs (Ahia et al. 2023; Petrov et al. 2023), slower inference
(Hofmann, Schuetze, and Pierrehumbert 2022; Sun et al. 2023; Petrov et al. 2023), and
lower downstream performance (Bostrom and Durrett 2020; Rust et al. 2021; Toraman
et al. 2023; Fujii et al. 2023; Ali et al. 2024).

To quantify this phenomenon, we calculate the average number of tokens on the
FLORES-200 (NLLB Team et al. 2022) dev set across our target languages and models
(Figure 2). Following the established assumption that lower average token counts indi-
cate more efficient tokenization (Ahia et al. 2023),? our analysis reveals two key observa-
tions: (1) Burmese, Sinhala, and Telugu demonstrate the most severe overfragmentation

2 This assumption is valid specifically within the context of the FLORES-200 parallel machine translation
corpus.
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Figure 2
Average number of tokens on the FLORES-200 dev set across languages and models.

among our ten target languages, requiring at least 6.8x more tokens than English across
all models, and (2) English consistently exhibits the most efficient tokenization.

2.2 Cross-lingual Vocabulary Adaptation

CVA methods have been proposed for adapting base LLMs to specific target languages
for improving downstream performance and inference speed (Cui, Yang, and Yao
2023; Balachandran 2023; Fujii et al. 2024; Yamaguchi, Villavicencio, and Aletras 2024).
CVA via vocabulary expansion incorporates new tokens into the source vocabulary
(Balachandran 2023; Larcher et al. 2023; Pipatanakul et al. 2023; Lin et al. 2024; Cui,
Yang, and Yao 2023; Kim, Choi, and Jeong 2024; Fujii et al. 2024; Choi et al. 2024;
Nguyen et al. 2024; Tejaswi, Gupta, and Choi 2024; Mundra et al. 2024). CVA with
vocabulary replacement replaces the entire or partial source vocabulary with a new
one from the target (Ostendorff and Rehm 2023; Csaki et al. 2023; Da Dalt et al. 2024;
Remy et al. 2024; Yamaguchi, Villavicencio, and Aletras 2024; Dobler and de Melo 2024;
Cahyawijaya et al. 2024). More recent methods include a hypernetwork for tokenizer
transfer (Minixhofer, Ponti, and Vuli¢ 2024) and adapters for vocabulary alignment (Han
et al. 2025). CVA is typically followed by continual pre-training on target language data,
often called language adaptive pre-training (LAPT) (Chau, Lin, and Smith 2020).

Vocabulary expansion is widely used for developing language-specific genera-
tive LLMs from a source model, e.g., Chinese (Cui, Yang, and Yao 2023) and Tamil
(Balachandran 2023) Llamas, and Swallow for Japanese (Fujii et al. 2024). This line
of work assumes access to a substantial amount of target language data, e.g., 312B
characters of Japanese text used for Swallow. This might not be feasible in low-resource
settings with limited target language data or computing resources. To the best of
our knowledge, our work is the first to investigate vocabulary expansion for efficient
decoder-based LLM inference in extremely low-resource settings by assuming access to
a small amount of target language data (30K sentences).
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3. Problem Statement

The goal in this article is to expand the vocabulary of a source LLM to effectively
support a target language in low-resource settings. This involves transitioning from a
source model M (with vocabulary V; and tokenizer 7;) to a model M, that supports an
expanded target vocabulary V; and tokenizer 7.

More specifically, given Mg, Vs, 7;, and target language data D, M, is constructed

as follows:

1. Crafting the Auxiliary Tokenizer: A target language-specific auxiliary
tokenizer is firstly trained on D. This tokenizer is built from scratch using

D, allowing it to capture language-specific nuances. It comes with its
own vocabulary, Vaux.

2. Constructing the Target Vocabulary and Tokenizer:

(@)

(b)

()

The new tokens V,,, are identified by taking the top k
most frequent tokens from V,, that are not already present
in Vs (i.e., Vyew = top k € N tokens from Vauyx \ (Vs N Vaux))-

The target vocabulary V) is then formed by combining the
original source vocabulary V, with these newly identified
tokens: Vi = Vs U Vyew-

The target tokenizer 7; is subsequently derived to operate
on this expanded V..

3.  Initializing and Adapting the Target Model:

(@)

(b)

(©)

(d)

The target model M, begins as a copy of M, inheriting its
identical architecture and pre-trained weights.

Its embedding and output layer matrices are then
expanded to accommodate the larger V. Specifically, the
dimensionality of the embedding layer becomes |V;| x H;
and that of the output layer becomes H; x |V;|, where H, is
the hidden dimensionality of M;.

Each representation for a new token (i.e., tokens in Vyy ) is
initialized using a target parameter initialization method
(detailed in §4). If the weights of both embeddings and
language modeling head (i.e., output layer) are not tied,
they are initialized separately.?

M, undergoes continual pre-training (i.e., LAPT) on the
target language data D using a causal language modeling
(CLM) objective.

3 We follow the original configuration of the source model regarding weight tying for the embeddings and
output layer to preserve its original behavior as closely as possible.
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4. Target Parameter Initialization

After vocabulary expansion (step 2 in §3), the new embeddings should be initialized.
Our aim is to investigate the effectiveness and robustness of different initialization ap-
proaches in low-resource settings. For that purpose, we evaluate: (1) random initializa-
tion; (2) initialization based on auxiliary models; and (3) heuristic-based initialization.*

4.1 Random Initialization

For new tokens, we randomly initialize the weights of their embeddings by sampling
from N (i, 0%). Here, 1 and o are the mean and standard deviation of the token em-
beddings from M, (Random). This is the most simple and common approach when
adapting English-centric LLMs to a target language via vocabulary expansion in high-
resource settings (Cui, Yang, and Yao 2023; Balachandran 2023; Larcher et al. 2023; Choi
et al. 2024).

4.2 Initialization Based on Auxiliary Models

FOCUS (Dobler and de Melo 2023) is a state-of-the-art CVA method that relies on
auxiliary embeddings, i.e., fastText (Bojanowski et al. 2017), for initialization.” The main
assumption is that semantic transfer of embeddings should result in better initialization
over Random. We apply FOCUS by tokenizing D using 7; and train a fastText model for
each language.®

4.3 Heuristic-based Initialization

Sophisticated methods such as FOCUS require auxiliary embeddings trained in the
target language, which might not be available or hard to train in low-resource settings.
Motivated by this, we evaluate a set of heuristic-based initialization methods that do
not rely on any external data or model and can be applied to any language.

Mean. A straightforward approach is to initialize the weights of each new token in Ve,
by averaging the weights of their corresponding source tokens, which are identified
using 7 (Yao et al. 2021). Koto, Lau, and Baldwin (2021) and Gee et al. (2022) have also
followed a similar approach for vocabulary replacement in domain adaptation. More re-
cently, Tejaswi, Gupta, and Choi (2024) and Mundra et al. (2024) have demonstrated the
effectiveness of this mean initialization for vocabulary expansion under high-resource
settings (i.e., at least 200M tokens and 2.5B tokens, respectively). However, our study
specifically investigates low-resource settings with only 30K sentences, equivalent to at
most 5M tokens.

4 Our primary focus in the subsequent discussion is on embedding initialization for simplicity. However,
if the weights of the embeddings and the language modeling head are not tied, the language modeling
head should also be initialized independently, using the identical process applied to the embeddings.

5 Due to resource constraints, we only report results using FOCUS as a representative initialization method
that relies on auxiliary embeddings since it outperforms other similar methods such as WECHSEL
(Minixhofer, Paischer, and Rekabsaz 2022) for vocabulary replacement.

6 Preliminary experiments with FOCUS using off-the-shelf pre-trained word-level fastText models yielded
lower performance.
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Merge. Mean uses solely 75, which might produce subtokens from V; that are not seman-
tically related to the new target token. To overcome this issue, we propose using merge
rules from 7; to effectively initialize V. Merge rules describe how 7; can combine two
subtokens into one. Through these rules, each new token in Ve, can be decomposed
into several existing subtokens from V.

For instance, consider a new token: ‘superherohype’ in Vpe,. According to the
merge rules in 7, it can first be decomposed into (‘superhero’, ‘hype’). If ‘superhero’
is also a new token, it can be further decomposed into (‘super’, ‘hero’). This process
continues until all constituent parts are tokens from V; (in this case, ‘super’, ‘hero’, and
‘hype’). We hypothesize that such hierarchically derived subtokens from V; are more
semantically related to the new token than those obtained by simple averaging, as they
leverage the specific tokenization information embedded in 7.

The initialization process is as follows:

1. We identify all merge rules in 7; that result in a token found in Ve -

2. Using these identified merge rules, we generate a hierarchical mapping
for each new target token down to its constituent source subtokens in V.

3. For each new token, we compute the hierarchical mean of the
embeddings of its associated source subtokens, guided by the mapping
information.

Align. Initializing the weights of new tokens in V; by simply averaging the weights of
their constituent subtokens from 7 as in Mean can be suboptimal. This naive approach
does not account for how tokenization might change in a full sequence, as opposed to a
single token.

Consider the word: “_cup’ and a new token: *_cu’.” While Mean averages the weights
of ‘¢’ and ‘v’ from 7; to initialize that of ‘_cu’, this can be suboptimal. If 7; tokenizes
‘_cup’ as ‘¢’ + ‘up’, but 7; tokenizes it as ‘_cu’ + ‘p’, ‘_cu’ functions as a new, distinct
subword unit. Its weight initialization should reflect this new role, perhaps focusing
more on relevant overlapping components like ‘_c’.

To obtain a more fine-grained semantic representation of a new token, we propose
token alignment initialization that leverages mapping information between tokens to-
kenized with 7; and 7; and the mapping frequency (i.e., more frequent mappings are
more important for the final representation). This process allows us to consider different
tokenization variants for the initialization of a given token.

Specifically, the weights of each new token ¢ € Ve, are initialized as follows.

1.  Generate Mappings from D:

(a)  For each sentence x € D, we first tokenize it using both 7

and 7.

(b)  We then compare these two tokenized versions to identify
how each new token t in 7;’s output corresponds to

7 ‘' stands for a whitespace.
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sequences of subtokens from 7;’s output. These
correspondences are stored as a list of tuples, e.g., a token ¢
from V; might map to [(t1, t2), (t3, t4)] from V; in different
contexts.

Construct Unique Mappings and Frequencies:

(@)  We concatenate all such mapping lists from D for each new
token ¢.

(b)  From this combined list, we construct a unique set of
constituent tuples for ¢, denoted as T; = (t1, tp, t3,...),
where each t; is a sequence of subtokens from V.

() We also create a corresponding frequency list
F; = (fy,,fy, fis, - - -), indicating how often each unique tuple
t; appeared in the mappings for token f on D.

Compute Initial Representation: Finally, using T; and F;, we aggregate
the mapping information to generate the representation for token t by

computing » -, [ ft|1T| D ovet et/} . Here, ey is the embedding of the

subtoken t' € V, f; is the frequency of mapping t, and |t] is the number of
subtokens in t.

5. Training Strategy

Continual pre-training on D (i.e., LAPT) is an integral part of vocabulary expansion to
improve the alignment of the newly initialized embeddings. To this end, we explore: (i)
the training procedure, (ii) the objective function, and (iii) the input sequence length.

Training Procedure.
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LoRA: We use by default low-rank adaptation (LoRA) (Hu et al. 2022)
applied to all linear layers, following previous work on vocabulary
expansion in high-resource settings (Cui, Yang, and Yao 2023;
Balachandran 2023; Abbasi et al. 2023; Choi et al. 2024).

2-stage: We also consider the two-stage tuning process (2-stage) (Cui,
Yang, and Yao 2023), where only the embeddings and language modeling
head are first updated, followed by tuning the LoORA modules. This
process can help minimize the risk of overfitting to the initial embedding
state, which might be suboptimal (Downey et al. 2023).

2x2 LS: We train only the top and bottom two layers (2x2 LS) of the
model, following Remy et al. (2024). This calibrates only the parts closely
related to the encoding and decoding of the target language (Wendler

et al. 2024; Tang et al. 2024), minimizing changes to the source model.
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Note that none of these approaches have ever been compared to the standard LoRA or
against each other. We tune the embeddings and language modeling head in each case.

Objective Function.

*  CLM: We first evaluate a causal language modeling objective (CLM),
which has been used by previous work in high-resource settings (Cui,
Yang, and Yao 2023; Balachandran 2023; Larcher et al. 2023, inter alia), as
a default training objective.

. MTP: We also consider a multi-token prediction (MTP) objective (Gloeckle
et al. 2024), where the model must predict multiple consecutive tokens at
each timestep rather than a single token. MTP has been proposed for
pre-training and exhibited performance gains over CLM. However, it has
yet to be explored for continual pre-training for cross-lingual transfer. We
experiment with one additional language modeling head (i.e., predicting
two consecutive tokens at a time) and initialize the additional weights
with those from the original language modeling head.?

Input Sequence Length. We shorten the default input sequence length from 2,048 to
512, thereby increasing the number of training batches. We hypothesize that this is
critical in low-resource settings, as a small number of model updates could be prone
to underfitting.

6. Experimental Setup
6.1 Source Models

We use Llama2 7B (Touvron et al. 2023), an English-centric, non-instruction-tuned
model, with its 7 based on byte-fallback Byte Pair Encoding (BPE) (Sennrich, Haddow,
and Birch 2016) and |V;| set to 32K in the experiments. We also use Llama3 8B (Dubey
et al. 2024) and Gemma2 9B (Riviere et al. 2024) for consistency in our analysis. These
models have a far larger vocabulary size than Llama?2, i.e., 128K and 256K, respectively.
Note that Llama2 and Llama3 have untied embedding and language modeling head
weights, while the original configuration of Gemma?2 includes weight tying.

6.2 Target Languages and Data

We experiment with a typologically diverse set of ten languages with various scripts.
This includes German (Indo-European) and Swahili (Niger-Congo) for the Latin script,
and Arabic (Afroasiatic), Burmese (Sino-Tibetan), Greek (Indo-European), Hindi (Indo-
European), Japanese (Japonic), Sinhala (Indo-European), Telugu (Dravidian), and Thai
(Kra—Dai) for non-Latin scripts. We select these languages because of the availability
of downstream task datasets with the same task formulation across languages, with a
particular focus on generation tasks.

8 We find in our preliminary analysis that random initialization does not work well.
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To simulate a realistic low-resource adaptation scenario, we follow Yong et al. (2023)
in using 30K sentences per language. With |D| set to 30K, this equates to up to approxi-
mately 5M tokens. These sentences are randomly sampled from their language-specific
subcorpus of CC-100 (Conneau et al. 2020). Note that previous work on vocabulary
expansion for generative LLMs (Tejaswi, Gupta, and Choi 2024; Mundra et al. 2024)
uses at least 200M tokens and 2.5B tokens respectively, which is at least 40 times larger
than our training budget.’

6.3 Baselines

We use the following two methods as our baselines:

1. Source: We use the off-the-shelf source base (i.e., non-instruction-tuned)
model M, without any adaptation, following Tejaswi, Gupta, and Choi
(2024). This provides a crucial reference point, allowing us to quantify
the inherent performance in the target language before language-specific
tuning, and thereby clearly measure specific gains from vocabulary
expansion and LAPT.

2. CPT-Only: We continue pre-training (CPT) Source on D, retaining its
original vocabulary V. This differs from vocabulary expansion
approaches, which expand the original vocabulary Vs to include new
terms V; = Vs U Vyew as mentioned in §3.

It is important to emphasize that these baselines do not offer any inference speedups.

6.4 Evaluation

Tasks. We use both generation and classification target language tasks to evaluate each
approach. For generation tasks, we use (1) English-to-target machine translation (MT)
using FLORES-200 (NLLB Team et al. 2022) and (2) summarization (SUM) including
German MLSUM (Scialom et al. 2020), GreekSUM (Evdaimon et al. 2024), and XL-Sum
(Hasan et al. 2021) for the rest. Note that SUM performance is not directly comparable be-
tween different languages as the data does not match across languages. For classification
tasks, we use multiple-choice reading comprehension (MC) using Belebele (Bandarkar
et al. 2024) and Global MMLU (GMMLU) (Singh et al. 2025) as a general knowledge and
reasoning benchmark. Note that GMMLU does not support Burmese and Thai.

Number of Samples. Following Ahia et al. (2023), we use 500 random samples for gen-
eration tasks (SUM and MT). MC and GMMLU use their full test sets for evaluation.
Specifically, MC has 900 samples per language subset, while GMMLU has 14K samples.

9 For additional context, the BabyLM challenge (Warstadt et al. 2023; Hu et al. 2024), where participants
must pre-train a model from scratch under low-resource settings, utilizes training budgets of up to 100M
words, motivated by the observation that children are exposed to fewer than 100M words by 13 years of
age. While the BabyLM challenge is a challenging task, our setting, with access to less than 5M tokens,
represents an even more extreme low-resource scenario, posing a distinct challenge for effective target
language adaptation.
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Prompt Templates. For SUM prompt templates, we translate the English templates from
Ahia et al. (2023) using a machine translation API, as in Yong et al. (2023). For MT, we
create an English template and then translate it into each target language. For MC and
GMMLU, we follow the default template provided by HuggingFace LightEval (Habib
et al. 2023). The complete prompt templates are listed in Table A.1 in the Appendix.

6.5 Evaluation Metrics

Task Performance. We use accuracy for MC and GMMLU, chrF (Popovi¢ 2015) for MT, and
ROUGE-L (Lin 2004) for SUM. In the analysis (§7.3), we also use BLEURT (Sellam, Das,
and Parikh 2020) as an auxiliary metric for SUM.

We report average zero-shot performance across five different runs for the gen-
eration tasks, namely SUM and MT. For the classification tasks, we report single-run
three-shot performance for MC and five-shot performance for GMMLU as these tasks are
deterministically evaluated with temperature set to zero.

Perplexity. We report perplexity on 100K language-specific held-out CC-100 sentences as
an auxiliary metric for evaluating model performance.

Inference Efficiency. We measure inference efficiency as the number of tokens generated
per second (Hong, Lee, and Cho 2024).

6.6 Implementation Details

Hyperparameters. We set [Vaux| to 50K across languages and the number of new target
tokens |Vpew| to 100 by default. We investigate the effect of varying |Vpe | in §7.4. For
LAPT, we train each model for two epochs with a batch size of 8, a maximum learning
rate of le-4, and a sequence length of 2,048. We set a LoRA rank to 8 following previous
work (Cui, Yang, and Yao 2023; Abbasi et al. 2023; Lin et al. 2024). Table A.2 in the
Appendix details the hyperparameter configurations utilized during both the training
and inference phases.

To make a fair comparison, we do not conduct any parameter tuning and use the
same ones across all approaches. For SUM, we truncate an article whenever it exceeds
the maximum prompt length of 4,096 to avoid the CUDA out-of-memory error.

Evaluation Metrics Computation. To compute ROUGE-L, we split sentences with an mT5
(Xue et al. 2021) tokenizer as preprocessing following Maynez, Agrawal, and Gehrmann
(2023) and subsequently call rouge_scorer!” to compute the metric. We use BLEURT-20
to compute BLEURT.!

Libraries and Hardware. For Llama2 and Gemma?2, we train tokenizers using Sentence-
Piece (Kudo and Richardson 2018) and convert them into the HuggingFace Tokenizers
(Moi and Patry 2023) format. For Llama3, we train tokenizers using HuggingFace
Tokenizers. We implement our models using PyTorch (Paszke et al. 2019), HuggingFace
Transformers (Wolf et al. 2020) and PEFT (Mangrulkar et al. 2022). We preprocess

10 https://github.com/csebuetnlp/xl-sum/tree/master/multilingual_rouge_scoring.
11 https://github.com/google-research/bleurt.
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Table 1
Mean performance on generation tasks (MT and SUM) over five runs in low-resource settings

(30K sentences) using Llama?2 as source. Green shades indicate positive performance change
over Source per language and task, respectively.

Arabic  Burmese German Greek Hindi Japanese Sinhala Swahili Telugu Thai
Afroasiatic ~ Sino-Tibetan Indo-European Indo-European Indo-European  Japonic  Indo-European Niger—Congo Dravidian  Kra-Dai

Model MT SUM MT SUM MT SUM MT SUM MT SUM MT  SUM  MT SUM MT SUM MT SUM MT SUM

Source 0803 3609 0300 240; 2501 25, 0855 250, 1205 39, 0345 22, 054 260, Olgy 2704 064 215 064 22,
CPT-only 184 360, 11 2405 200 2lo; 210 2505 21g 380 0800 2302 0700 230; 1249 3001 0900 29%; 1200 2305
Random .07 325 0500 1705 2800 2305 135 205, 0990 35, 1840 22, 07g 29 135 29%; 064 2602 074 19,
FOCUS 070 32, 030 1605 2800 2205 1700 18, .10g 340, 194 22, 054 295 185 2% 054 2605 064 17,
Mean .06 330 Odg 2004 240 235, .dgy 19, 124 340, 200 231 064 3055 1200 2% 0649 2701 094 22,
Merge 070 33 Odgo 9%s 250 2302 1500 185 100 340, 1899 2305 090 3002 1349 2%; 0509 2605 0700 2lo,
Align 060 33y Odgo 150, 2601 2lg, 16g0 1705 1300 3502 2000 2301 0800 3003 1700 2% 0600 2705 0700 2205

+Speedup

datasets with HuggingFace Datasets (Lhoest et al. 2021). For evaluation, we use Hug-
gingFace LightEval (Habib et al. 2023). We use either four NVIDIA V100 (32GB) or a
single A100 (80GB) for LAPT. Evaluation utilizes a single NVIDIA V100 (32GB) or A100
(80GB). Each analysis utilizes a consistent hardware configuration to ensure accurate
measurement of inference efficiency.

7. Results and Analysis
7.1 Target Parameter Initialization

We analyze the effect of different target parameter initialization methods (§4) on task
performance and inference efficiency using Llama2 as source.

7.1.1 Task Performance and Perplexity. Table 1 shows the performance of all methods on
generation tasks, while Table 2 shows the corresponding perplexities on the held-out
language-specific dataset.

Performance on Generation Tasks. Models initialized with Mean and Align generally ex-
hibit performance comparable to or better than Source. Specifically, they outperform (by

Table 2
Perplexity on language-specific held-out dataset using Llama?2 as source. Note that results are
not comparable between models with gray and others due to their difference in vocabulary.

Bold and underlined indicate the best and second-best perplexities among adapted models for
each language.

Model ar my de el hi ja si SW te th

Source 8.3 5.0 35.7 4.8 6.4 20.4 3.5 47.2 24 94
CPT-only 4.2 27 10.9 29 3.2 54 2.3 12.7 1.8 4.3

Random 11.9 11.9 12.0 71 8.3 15.0 8.7 13.9 7.1 8.8

FOCUS 11.5 13.8 12.1 6.6 8.9 14.8 9.3 13.7 7.9 94
Mean 9.4 11.6 11.7 6.0 6.4 14.7 8.1 13.5 6.9 7.8
Merge 9.8 12.6 11.8 6.1 6.7 15.1 8.7 13.7 7.3 8.0
Align 9.3 11.2 11.7 5.9 6.3 15.1 8.0 13.5 6.7 7.6

306



Yamaguchi et al. Vocabulary Expansion of LLMs with 0.01GB of Target Language Text

>2 points) or match (within 2 points) Source in 16 and 15 out of 20 cases, respectively.
Mean shows a positive gain over Source in 10 cases, while Align achieves this in 12
cases. These results align with their perplexity scores (Table 2), where Align generally
yields the lowest perplexity across languages, closely followed by Mean. While Merge
also matches or surpasses Source performance in 16 cases (with 10 positive gains),
it often shows the largest perplexities among the three heuristic-based initialization
methods. We speculate that Merge might be less informative than these two methods,
as it does not rely on surface information for initialization, resulting in slightly larger
perplexity.

The baseline Random and FOCUS models perform similarly (within 2 points) to or
better than Source in 14 cases, with 10 and 7 cases showing positive gains, respectively.
These results place them among the least effective approaches. FOCUS, in particular,
shows the fewest cases with positive gains and the worst perplexity in six languages
(i.e., Burmese, German, Hindi, Sinhala, Telugu, and Thai). These findings suggest that
sophisticated initialization methods do not always guarantee superior performance,
possibly due to underfitting of an auxiliary embedding model. Further, the popular
Random approach is not always optimal in low-resource scenarios. Thus, we conclude
that models initialized with Mean and Align are more likely to perform competitively with
Source on generation tasks.

Analyzing performance by language and task, Mean and Align models show pos-
itive gains over Source in six and eight out of ten languages for MT, respectively. In
cases where gains are not observed, any performance degradation is negligible (within
2 points). Notably, they substantially outperform Source in Greek, Japanese, and Swabhili
MT, with improvements ranging from 8 to 17 points.

However, for SUM, these adapted models often do not yield a performance gain
over Source in the majority of the languages, except for Japanese, Sinhala, Swabhili,
and Telugu. In particular, Burmese and Greek show a substantial performance drop
of up to 9 and 8 points, respectively. We hypothesize that SUM may necessitate more
training data than MT because generating longer text (up to 128 tokens, using long
context) requires models to have strong generative capabilities in the target language.
We later address this challenge in §7.2 by showing that these performance gaps can be
drastically narrowed using our alternative training strategies, further contributing to
the competitiveness of vocabulary expansion approaches to Source.

Turning to CPT-only (i.e., continual pre-training without vocabulary expansion), it
demonstrates strong performance, matching or improving upon Source in 17 out of 20
cases, a higher count by at least one case than achieved by the models with the heuristic-
based initialization. A direct comparison against the best-performing Align'? further
confirms this. CPT-only outperforms Align in 10 out of 20 cases, whereas Align only
wins in four. These results demonstrate the overall superiority of CPT-only over vocab-
ulary expansion approaches. This trend aligns with previous work on CVA (Downey
et al. 2023; Yamaguchi, Villavicencio, and Aletras 2024) suggesting that CPT-only can
often perform better than vocabulary expansion approaches in low-resource settings,
possibly due to its reliance on robust and well-aligned original embeddings.

Performance on Classification Tasks. Table 3 presents the performance of all methods on
classification tasks. A distinct trend emerges compared to generation tasks: adapted

12 It is best-performing because it generally achieves the lowest perplexities across languages and is the
most likely among different initialization methods to provide a positive gain over Source.
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Table 3
Mean performance on classification tasks (MC and GMMLU) in low-resource settings (30K
sentences) using Llama2 as source. Green shades indicate positive performance change over

Source per language and task, respectively. Note that GMMLU does not support Burmese and
Thai.

Arabic Burmese German Greek Hindi Japanese Sinhala Swahili Telugu Thai

MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU

Source 29 29 26 - 43 39 27 28 25 28 40 33 24 27 31 28 28 27 29 -
CPT-only .30 .29 22 - 42 38 29 29 28 28 39 34 23 27 33 27 24 27 28 -
o Random 28 25 22 - 42 38 22 27 27 26 35 30 22 27 29 25 28 26 28 -
5 FOCUs 29 26 28 - 41 38 24 26 28 26 36 31 29 26 28 25 24 27 28 -
v
& Mean 28 25 23 - 42 38 30 26 27 26 38 29 28 26 29 25 23 27 30 -
9 Merge 29 25 25 - 43 38 27 28 26 28 37 29 27 26 28 25 28 26 29 -
Align 28 25 26 - 40 37 31 26 27 27 37 28 27 27 29 25 22 27 .31

models rarely yield a positive performance gain over Source. While all vocabulary expansion
approaches exhibit competitive or better performance than Source in at least 12 cases,
their positive gains are limited to a maximum of four cases (22%) (Mean and Align).
This is far fewer than the maximum of 12 cases (60%) observed on the generation tasks.

Notably, CPT-only performs on par with or outperforms Source in 16 out of 18 cases.
Nonetheless, this contrasts with its strong performance on generation tasks: It shows
positive gains in only 6 out of 18 cases (33%), compared to 65% on generation tasks.
These results suggest that while continual pre-training (i.e., LAPT) can offer benefits, its
impact on discriminative tasks in low-resource settings is limited and differs from its
effect on generation tasks.

We hypothesize these differences arise because our adaptation process (LAPT)
primarily optimizes a causal language modeling objective on unlabeled target language
data D. While this objective is highly beneficial for generative tasks requiring fluency
and extended text production, it may not directly translate to immediate gains on clas-
sification tasks. Classification tasks, in contrast, often heavily depend on the inherent
semantic and factual knowledge of a model, frequently requiring only a single token
generation for prediction. Therefore, while previous work on vocabulary expansion
with LAPT (Tejaswi, Gupta, and Choi 2024; Cui, Yang, and Yao 2023; Balachandran
2023; Choi et al. 2024; Yamaguchi et al. 2025) often reports performance improvements
in both generation and classification tasks in resource-rich settings, our findings suggest
that under extremely low-resource settings (i.e., 30K sentences per language, approxi-
mately up to 5M tokens), LAPT does not inherently guarantee an improvement in these
discriminative capabilities.

7.1.2 Inference Efficiency. Table 4 shows the inference efficiency of adapted models across
tasks and languages. We first see that FOCUS tends to exhibit the worst speedups across
languages in SUM, followed by Merge. Specifically, its speedups are the worst in 8 out of
10 languages. These results are consistent with downstream performance and may be
due to an inability to effectively generate newly added target tokens, which is essential
for improving inference efficiency in a target language. For MT, we generally see smaller
differences between models since its input is mostly in English, and thus, only the
output contributes to inference speedups. Similarly, for classification tasks (MC and
GMMLU), the observed speedups are generally similar across models. This is primarily
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Table 4

Inference efficiency for: (a) generation tasks (MT and SUM) over five runs; and (b) classification
tasks (MC and GMMLU). We measure inference efficiency by the number of tokens generated per
second (T/S). The Source row shows both raw T/S and baseline 1.00x speedup per language and
task. Bold and underlined indicate the best and second-best speedups across tasks and models
with the same base model for each language.

(a) Generation tasks

Model Arabic Burmese German Greek Hindi Japanese Sinhala Swahili Telugu Thai
MT  SUM MT SUM MT SUM MT SUM MT SUM MT SUM MT SUM MT SUM MT SUM MT  SUM
G 422 201 286 150 426 248 424 133 422 215 428 219 281 148 430 241 277 100 426 179

1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x
CPT-only 1.01x 1.13x 0.98x 1.01x 0.97x 1.05x 1.00x 0.97x 1.00x 1.01x 0.98x 1.03x 1.00x 1.00x 0.98x 1.21x 0.98x 0.99x 0.98x 1.01x

Random 1.17x 1.88x 118x 148x 095x 0.97x 1.32x 1.79x 1.19x 157x 1.04x 1.13x 156x 254x 0.92x 127x 193x 4.26x 1.06x 1.55x
FOCUS  1.14x 179 113x 1.38x 0.89x 094x 1.41x 1.66x 111x 149x 1.04x 111x 1.I3x 240x 0.93x 126x 1.79x 4.26x 1.06x 1.44x
Mean 1.08x 1.99x 1.02x 215x 095x 095x 1.32x 1.73x 115x 1.70x 1.08x 113x 1.29x 2.67x 091x 1.25x 1.84x 4.58x 1.10x 1.62x
Merge  117x 195x 1.08x 120x 094x 1.00x 140x 170x 1.07x 157x 1.05x 1.12x 1.58x 249x 092x 125x 171x 438x 1.05x 1.59%
Align 110x 1.98x 1.08x 190x 095x 104x 137x 1.67x 115x 177x 1.09x 113x 147x 258« 093x 1.26x 1.84x 4.42x 1.08x 1.63x

(b) Classification tasks

Model Arabic Burmese German Greek Hindi Japanese Sinhala Swahili Telugu Thai
MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU
Source 194 299 111 - 366 343 140 234 169 241 334 340 109 152 354 331 111 128 167 -
1.00x 1.00x 1.00x - 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x 1.00x -
CPT-only 1.17x 0.98x 1.24x - 1.04x 097x 1.22x 092x 1.17x 0.99x 1.03x 0.93x 1.27x 1.10x 1.04x 1.02x 1.02x 1.11x 1.20x -

Random 1.71x L12x 2.12x
FOCUS 1.71x 1.12x 2.13x

1.03x 1.01x 1.68x 1.29x 1.71x 1.25x 1.02x 0.99x 2.10x 1.92x 1.05x 1.01x 1.84x 2.10x 1.42x
0.99x 1.01x 1.68x 1.29x 1.71x 1.23x 1.02x 0.99x 211x 1.92x 1.05x 1.00x 1.84x 2.1Ix T1.42x
Mean 1.71x 1.10x 2.13x 1.02x  1.01x 1.68x 1.29x 1.71x 1.25x 1.03x 1.00x 2.10x 1.92x 1.05x 1.03x 1.84x 2.11x 1.42x
Merge 1.71x  1.12x  2.12x 1.02x 0.99x 1.68x 1.29x 1.71x 1.25x 1.02x 0.99x 2.10x 1.93x 1.06x 1.01x 1.84x 2.10x 1.42x
Align 1.71x 1.11x 2.12x - 1.03x 1.02x 1.68x 1.29x 1.71x 1.25x 1.03x 0.98x 2.10x 1.92x 1.06x 1.03x 1.84x 2.10x 1.42x -

because these tasks involve processing a long input context, and their output typically
requires only a single token, limiting the room for producing the difference between
different approaches.

Examining speedups by language and script, most non-Latin script languages (Ara-
bic, Burmese, Hindi, Sinhala, Telugu, and Thai) exhibit substantial inference speedups,
reaching up to 4.58x. In contrast, Japanese shows only moderate speedups, up to
1.13x. This is likely due to its prior representation in the Llama?2 training corpus, which
includes Japanese (0.1%) and Chinese (0.13%) data (Touvron et al. 2023), with Chinese
sharing common scripts (i.e., kanji). Similarly, German shows negligible speedups across
tasks. This can be attributed to its largest non-English language representation (0.17%)
in the Llama2 training corpus, implying its vocabulary is already well-covered. As a
Latin script language, German is also inherently well-tokenized by the primarily Latin-
script-based vocabulary of Llama?2. This further suggests that expanding the vocabulary
of a source model with a small number of target language tokens (i.e., 100 in Table 4)
does not substantially accelerate inference if the language is already well-represented
in the vocabulary of the base model. Figure 2 further supports this trend, as Japanese
and German both show far less text tokenization overfragmentation for Llama2 com-
pared to Burmese, Greek, Hindi, Sinhala, Telugu, and Thai. Despite not being explicitly
included in the Llama?2 training corpus, Swahili shows limited speedups. This might
be because its Latin script aligns well with the predominant Latin script pre-training
data (91%), meaning its tokenization is already relatively efficient even without explicit
target vocabulary expansion.

Recommendation. Using Mean or Align can provide better downstream performance on
generation tasks and inference speedups across tasks. Vocabulary expansion contributes
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Table 5
Mean performance of Align models on generation tasks over five runs with Llama?2 as source.

Green indicates positive performance change over Source.

Arabic Burmese Greek Hindi Sinhala Telugu
Model MT SUM MT SUM MT SUM MT SUM MT SUM MT SUM
Source .08y 360, 034 24y, .08y 25,, .12 39, .05, 265, .064 21,

CPT-only .18y 36, A1y 24, 21, 25, 21, 38, .07, 23, .09, 29,
CLM+2048 .06, 330, .04y 15, 160 170, 134 35, .08p 3005 060 27,

S MTP2048 11, 32, 03, 14y ddw 20, 124 34 08y 29, 04y 25,
S CLM+512 124, 33, 124 23 23 19, 17, 35, 1l, 325, .10, 28,

MTP+512 .14, 33, .12, 23, 21, 21,5 154 35, .11, 30, .09, 28,

CLM+2048 .09, 33, .04y 17,, 135 21, .13 36, .09, 30, .05, 28,
g MTP+2048 13, 33y, 02y 175 19y 2l 11w 36, 085 29, 034 25,
£ cLM#512 12y 33, 07q 13,5 224 22 164 35, .10, 3l 07, 28,
S MTP4512 1y 33, 074 17, 21, 22 164 35, .08, 31y, .07, 28,

CLM+2048 .11, 33, .14, 25, 24, 22,5 154 365, .1l, 325, .11, 29,
» MTPH2048 15, 33, .1ly 235, 235 23, 125 36, 125 32, 124 285,
= cLM+512 11, 33, 154 265, 25, 23,5 19, 36, .11, 33, 134 30,
& MTP+512 17, 33, 160 260, 240 23, 15, 360 13, 3305 120 29,

well to inference speedups when a target language is not included in pre-training data
and is written in non-Latin scripts.'?

7.2 Training Strategy

We analyze the effectiveness of each training strategy introduced in §5. Given that
LAPT does not typically improve classification performance in low-resource settings,
we focus on generation tasks for brevi’cy.14 Due to limited computational resources, we
only use the best-performing Align as the target parameter initialization method and
experiment with six languages with the largest speedups (i.e., Arabic, Burmese, Greek,
Hindi, Sinhala, and Telugu) in SUM. Table 5 lists the performance of the adapted models.

Looking at the results by training procedure, we observe that 2x2 LS improves
performance across tasks and languages. Gains range from 1 point (Hindi SUM) to 10
points (Burmese MT) compared with LoRA with CLM+2048 (our default approach in
§7.1). The sole exception is Arabic SUM, where performance remains the same as the
baseline. Notably, 2x2 LS also helps to partially mitigate performance drops observed
in SUM for languages like Burmese and Greek. We hypothesize that 2x2 LS can reduce
the risk of underfitting by focusing on calibrating only the parts closely related to
the encoding and decoding of the target language. This suggests that the frequently
used full LoRA approach in high-resource settings is not the best training approach in

13 If inference speedups do not matter, we recommend using CPT-only in general. Since it does not involve
parameter updates from scratch, it can lead to more stable task performance in low-resource settings.

14 The corresponding classification results are presented in Table B.1 in the Appendix. While some
fluctuations are observed, we confirm that no training strategy offers consistent improvements across
tasks and languages.
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low-resource settings. Although 2-stage does not consistently provide gains over LoRA,
especially for MT, it does not lead to substantial performance degradation either, with
a maximum drop of 3 points for Greek MT, compared with the default LoRA with
CLM+2048.

Next, we examine the effectiveness of MTP. Although it does not consistently im-
prove performance over CLM, it notably boosts Arabic MT performance across models,
particularly when used with 2x2 LS. Similar to the 2-stage approach, any performance
degradation observed with MTP is minor, staying within 2 points. The only exceptions
across all cases are Burmese and Hindi MT with 2x2 LS, and Telugu SUM with 2-stage,
where we observe moderate drops of 3 to 4 points. Based on these results, while MTP
does not offer universal gains, its consistent benefit for a specific language like Arabic
MT and its generally stable performance (i.e., avoiding substantial drops) across other
tasks make it a valuable strategy, particularly when used with 2x2 LS.1>

Finally, using a short sequence length (512) works well across models and lan-
guages, showing improvements of up to 9 points (LORA+MTP in Burmese and 2-
stage+CLM in Greek MT), confirming our hypothesis (§5) that increasing the number
of model updates can help avoid underfitting.

Recommendation. 2x2 LS generally leads to performance improvements. The short train-
ing sequence length of 512 can also aid low-resource settings. While MTP does not
always offer improvements, its notable boost for a certain language and its overall stable
performance, with no substantial degradation elsewhere, make it a viable and beneficial
strategy for adaptation in low-resource environments.

7.3 Experiments with Other Source LLMs

We investigate whether models other than Llama?2 adapted based on our recommenda-
tions in §7.1 and §7.2 benefit from inference speedups while maintaining competitive
performance to their base models. We use Llama3 and Gemma?2 as source. We apply
the 2x2 LS+MTP+512 training strategy and initialize models with either Mean or Align
along with Random as a baseline. Due to resource constraints, we only experiment with
Burmese, Sinhala, and Telugu in the remainder of the article, as they are the worst
fragmented languages of our target languages (Figure 2). Table 6 shows the performance
of adapted models using Llama3 and Gemma?2 as source.

Overall, models adapted with Align generally either perform competitively or out-
perform their respective Llama3 and Gemma2 base models (Source) on both generation
tasks. The only exception is Burmese SUM with Gemma2, which shows a substantial
9-point drop. In contrast, models adapted with Mean, along with Random, often under-
perform Align when using Llama3 as the base model. Specifically, they underperform
Align in Burmese SUM, Sinhala, and Telugu MT tasks, and across almost all classification
tasks. This underperformance is attributed to underfitting, as evidenced by their higher
perplexities compared to Align (see Table 7).

A consistent challenge across vocabulary expansion approaches, including Align,
is substantial performance degradation on classification tasks. This degradation ranges
from an 8-point drop (Sinhala MC and GMMLU with Gemma?2) to a significant 35-point

15 It is worth noting that MTP typically offers an additional benefit of improving inference efficiency through
self-speculative decoding (Gloeckle et al. 2024), which can be a huge advantage in practical deployments,
though this aspect is not the primary focus of our analysis and beyond the scope of this article.
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Table 6
Mean performance and inference speedup with Llama3 and Gemma?2 as source. Green
indicates positive performance change over Source. The speedup ratio corresponds to Align.

Burmese Sinhala Telugu
Llama3 MT  SUM  MC GMMLU MT SUM  MC GMMLU MT  SUM  MC GMMLU
Source 094 28, 41 - 19,4 30, 50 37 24, 29, 51 40
CPT-only .17, 28,, .31 - 21, 31,, 47 36 30, 29, 42 38
g Random .19, 23,, .28 - 14, 31, 23 25 13, 29, 27 .26
¢ Mean 194 23, 25 - 124 32, 23 23 12, 29, 26 .25
% Align 214 28,5, .28 - 22, 33, 30 26 31, 31,, .38 .31

Speedup 2.60x 3.52x 2.30x 2.36x 3.19x 1.98x 1.87x 2.15x 3.55x 1.96x 1.85x

Burmese Sinhala Telugu
GemmaZ MT SUM MC GMMLU MT SUM MC GMMLU MT SUM MC GMMLU
Source 21, 34y, .67 - 19, 34, 7 50 31, 30, .74 57
CPT-only .28, 28,; .61 - 29, 34, .69 48 43, 29, .71 .56
& Random 24, 26,, .46 - 26y, 33, .63 43 .35, 28,, .65 47
% Mean 25, 25,; 49 - 274 325, .63 42 33, 28,; .60 43
2 Align 254 25,, .32 - 28y, 32, .63 42 32, 29, .59 43

Speedup 1.52x 1.57x 1.51x 1.26x 1.38x 1.31x 1.20x 1.07x 1.10x 1.06x 1.13x

Table 7
Perplexity on language-specific held-out dataset using Llama3 and Gemma?2 as source. Results
are not comparable between models with gray and others due to their difference in vocabulary.

(a) Llama3 (b) Gemma?2
Model my si te Model my si te
Source 3.7 3.5 3.0 Source 48.0 59.9 51.9
CPT-only 1.9 2.0 1.8 CPT-only 4.6 4.3 5.2
Random 6.9 7.1 6.1 Random 9.0 6.9 6.7
Mean 6.7 6.8 5.8 Mean 9.0 6.9 6.6
Align 6.0 5.5 4.6 Align 9.0 6.9 6.6

drop (Burmese MC with Gemma?2) for the best-performing Align. This issue is not
unique to these approaches, as CPT-only also frequently exhibits moderate to substan-
tial degradation (3 to 10 points) on classification tasks across both models. This further
highlights the inherent challenges of LAPT for classification tasks in low-resource set-
tings, as discussed in §7.1.1. We later showcase in §8.2 that these substantial drops can be
largely mitigated using a post-hoc, training-free method, achieving performance within
3 and 5 points of the Gemma2 base model for MC and GMMLU, respectively.

Beyond downstream performance, a core advantage of vocabulary expansion lies in
inference efficiency. Align models, for instance, consistently exhibit inference speedups,
reaching up to 3.52x for Llama3 and 1.57x for Gemma2.!® These results confirm the

16 For context, speedups in the range of 1.3x to 3x are commonly reported for speculative decoding
techniques (Agrawal, Jeon, and Lee 2024; Timor et al. 2025; Huang, Guo, and Wang 2025). Thus, the
observed speedups generally represent a meaningful gain in inference efficiency for LLMs.
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Table 8
Mean SUM performance in ROUGE-L and BLEURT over five runs. Green indicates positive
performance change over Source.

Burmese Sinhala Telugu

Llama2 ROUGE-L BLEURT ROUGE-L BLEURT ROUGE-L BLEURT

Source 24, .03, 26, 19, 2y 13

CPT-only 24, .04, 23, 254 291 223
B Random 24, .07 40 g2 .26, 29, 234
g Mean 25 .06, B2 254 29, 23
? Align 26,, .08, 33p3 26, 29, 24,
Llama3

Source 28 o .06, 30 24, 29 44 224

CPT-only 28, .06, 31, 25 30y, 2
5 Random 23, .05, 31,, 20 5 291 24
g Mean 23, .05, B2 2D 29, .26,
? Align 28,5 .07 o0 33, 31y Bllg 28 9
Gemma2

Source 34,, .10, 34,, .32, 30y, .30 0

CPT-only 28,5 104, 34, 32, 29, 26,
o Random 26,5 104, 3301 .34, 28, 26,
?; Mean 2505 .09, 32y, .33 28, 27 g
& Align 25, 104, 32, .33 29, .28 9

versatility of our approaches in optimizing inference speed across different base model
architectures. However, we note a relatively moderate inference speedup of up to
1.13x for Telugu with Gemma2, despite its higher text fragmentation rate than Sinhala
(Figure 2). This can be attributed to lower target token ratios across tasks for both input
and output contexts (Figure 4), suggesting an underutilization of newly added tokens
and highlighting potential avenues for improvement in the selection of new tokens for
specific languages.

Finally, examining the results by source model and generation task, we observe
that adapted Llama3 and Gemma2 models show substantially better MT performance
than those with Llama2 despite their similar model size. In particular, the Telugu-
adapted models initialized with Align with Llama3 and Gemma?2 as source obtain 19
and 20 points better performance than those Llama2 counterparts. This trend suggests
a successful cross-lingual transfer of the generative capabilities of the base models.
However, SUM does not seem to follow the trend, i.e., the adapted models with Llama3
and Gemma?2 do not outperform those with Llama2 when evaluated with ROUGE-L. In
fact, their semantic-level performance measured by BLEURT (Sellam, Das, and Parikh
2020) improves up to 7 points from those with Llama2 (see Table 8). Thus, adapted
models actually enjoy their base model capabilities to improve performance at the
semantic level rather than the surface level measured by ROUGE-L.

7.4 Target Vocabulary Size

The extent to which a target language benefits from inference speedups varies across
languages, models, and tasks, as observed from Tables 4 and 6. Although larger |Ve|

313



Computational Linguistics Volume 52, Number 1

(a) MT Random =X= Mean ='m=: Align (b) SUM random =X= mean =-m:+ align
Llama2 Llama3 Gemma2 Llama2 Llama3 Gemma2

asawing

eleyuIS

, X, =
(LU L D XK= T En X

Burmese =M= Sinhala ==X+ Telugu

X X o
X a - Xemtt
a5 RN all .
3 X Ty Xk 3 g
9 3 x é‘l-’—l-l.\ = )'(T.:*t.(-‘ % X ] =2 g 6 X-_"‘__-l'._— | ] xwx‘__,‘,'(‘»‘)'(‘nm.’i =
&1 REFFAATRIRR22 &1 ) == Ko e R X
102 10° 102 10° 102 10° 102 10° 102 10° 10? 10°
Size of target vocabulary [Vnew| Size of target vocabulary |[Vnew|
Figure 3

Downstream performance and inference speedup in (a) MT and (b) SUM across different [Vyew|-
Red and gray dotted lines denote Source and CPT-only.

can lead to faster inference, it comes with the risk of underfitting in low-resource
settings.'” To help select an optimal |V, | for obtaining substantial speedups while
retaining competitive performance to Source, we conduct a cost-benefit analysis with
respect to [Vpew| We experiment with |Vye,| = {50,100,500, 1K, 5K} while previous
studies set [Vpew| to over 10K, e.g., 17,953 for Chinese Llama. For comprehensiveness,
we use all three source models and follow the same setup as in §7.3.18

7.4.1 Generation Tasks. Figure 3 shows the performance changes and corresponding
inference speedups for different |V,e,,| on generation tasks. We first observe that the
larger |Vpew|, the worse the task performance across different source models, languages,
and tasks in general. Notably, SUM appears to be less robust to the changes in | Ve, | than
MT across different models and languages. Adapted models underperform Source even
at [Vpew| = 500 in the majority of the cases, while they, especially when initialized with
Align, still outperform or rival Source in MT in almost all the cases. This difference can
be due to the difficulty of each task as discussed in §7.1, i.e., SUM requires more D than
MT to perform well. These suggest that [Vpe | should be set smaller (e.g., [Vaew| = 100
in our setup) for tasks like SUM to be competitive with Source in task performance.
Next, we observe that the larger [Vpew|, the faster the inference up to around
[Vhew| = 1K in all the cases. After that point, the inference speedups tend to plateau or
sometimes deteriorate. This can be partially due to underfitting, which hinders a model
from effectively using Vye, . Indeed, the target token ratio in output at | Ve | = 5K drops
by 59.7% (Burmese), 9.5% (Sinhala), and 30.0% (Telugu) from its peak at [V,ew| = 500 or
1K when using Llama2 on SUM (Figure 4). Therefore, although larger |V,ew| can shorten

17 Given a small and limited D, the larger |Vpew|, the less fragmentation with respect to D, the fewer the
number of training tokens, and therefore the fewer model updates.

18 Table B.2 in the Appendix provides a qualitative example of how tokenization in Burmese changes with
respect to |Vpew| using Llama2 as source.
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prompt length in a target language, it does not always guarantee inference speedups
unless a model is well-trained to handle Ve, -

7.4.2 Classification Tasks. Figure 5 shows the performance changes and corresponding
inference speedups with respect to different |V,,ow| on classification tasks. Unlike gen-
eration tasks, larger |V,ew| does not always result in worse task performance. This is
especially evident in Llama2 and Llama3 across tasks. Nonetheless, Gemma?2 adapted
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models with Random often exhibit performance degradation as |V;,ew| becomes larger
across tasks and languages, suggesting the importance of target parameter initialization.

We hypothesize that the observed difference between classification and generation
tasks stems from the fundamental nature of the task, as discussed in §7.1.1 and §7.3.
Classification often involves predicting only a single token, which requires less exten-
sive and nuanced generation capabilities compared to generation tasks, where models
must produce multi-token sequences. Therefore, a model might not need to be as well-
trained to effectively utilize V,,, for inference in classification, as it does not generate
sequences incorporating those new tokens. While performance degradation is substan-
tial in Llama3 and Gemma?2 (as observed in §7.3), classification tasks generally appear
more robust to changes in | Ve, |. This also explains why inference speedups tend not to
plateau in most classification scenarios, as larger |V,ew| can effectively shorten prompt
length in a target language (Table B.2 for an qualitative example), leading to continued
speedup gains without the performance trade-offs seen on generative tasks.

Recommendation. Setting |V,ew| between 500 and 1K for MT and 100 for SUM can be a
suitable starting point to maintain competitive performance to Source while benefiting
greatly from inference speedups under low-resource settings. While classification tasks
are more robust to changes in |Vyeyw|, it is often preferable to utilize either CPT-only or
Source for better performance if: (i) inference speedups are not the primary priority,
and (ii) a post-hoc, training-free performance degradation mitigation technique, as
discussed later in §8.2, is not applied.

8. Discussion
8.1 Source Knowledge Retention

Previous work (Tejaswi, Gupta, and Choi 2024; Mundra et al. 2024) has reported that
vocabulary expansion followed by LAPT can lead to catastrophic forgetting of the
original capabilities of a source model. We measure the extent to which adapted models
in low-resource settings (30K sentences) suffer from this phenomenon by evaluating
them on English-centric reading comprehension and general knowledge and reasoning
benchmarks. To this end, we employ the English subset of Belebele (MC) and MMLU
(Hendrycks et al. 2021). We use all three source models and follow the same setup
as in §7.3 and §7.4. However, for brevity, we evaluate only the best-performing Align
initialization method. Table 9 presents the corresponding results on MC and MMLU.

Overall, we observe varying degrees of source knowledge retention depending
on the adaptation method. CPT-only (i.e., continual per-training without vocabulary
expansion) generally preserves original source model capabilities, showing negligible
performance drops of up to 2 points across different base models. In contrast, adapted
models initialized with Align exhibit moderate to substantial performance degradation
on these English tasks, with average drops ranging from 5.3 points for Gemma2, to 10
points for Llama2, and a substantial 18.7 points for Llama3. These results corroborate the
findings in Mundra et al. (2024), which noted that performance degradation in source
language tasks tends to be more severe during early LAPT stages with vocabulary
expansion. This suggests that while LAPT with Align is effective for target language
adaptation, especially on generation tasks, it comes with a considerable trade-off in the
retention of the original source capabilities.
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Table 9
Source knowledge retention evaluation on English benchmarks. Each language name indicates
that a model has undergone LAPT on its corresponding target language data (30K sentences).

Burmese Sinhala Telugu Burmese Sinhala Telugu
LlamaZ MC MMLU MC MMLU MC MMLU LlamaS MC MMLU MC MMLU MC MMLU

Source b2 46 52 46 52 46 Source 88 67 88 .67 88 .67
CPT-only .53 47 52 47 52 .46 CPT-only .86 .66 .86 .66 .87 .66
Align 38 37 42 39 41 37 Align 75 46 65 39 78 50

Burmese Sinhala  Telugu
Gemma2 MC MMLU MC MMLU MC MMLU

Source 91 72 91 72 91 72
CPT-only 90 .72 91 .72 90 .72
Align 88 67 89 66 .84 .63

8.2 Can We Recover Performance Degradation from Vocabulary Expansion in
Low-Resource Settings Without Training?

As discussed in §7, vocabulary expansion in low-resource settings offers inference
speedups and largely retains or even improves performance on generation tasks. How-
ever, it leads to performance degradation in (i) target language classification tasks (§7.3
and §7.4) and (ii) source language capabilities (§8.1). This section investigates whether
such performance degradation can be recovered without additional training. Indeed,
our work, ElChat (Yamaguchi et al. 2025), provides a post-hoc, training-free method to
recover the original capabilities of adapted models.

ElChat: A Post-hoc Method to Mitigate Catastrophic Forgetting. E1Chat (Yamaguchi et al.
2025) is a post-hoc, training-free method designed to restore the original capabilities
of an LLM after it has undergone vocabulary expansion and continual pre-training on
target language data. The method requires access to an instruction-tuned model that
has been further supervised fine-tuned on labeled conversational data, enabling the
source base model (i.e., M;) to follow instructions. This prerequisite is readily met in
practice, as frontier models like Llama3 and Gemma 2 commonly offer both base and
instruction-tuned variants. EIChat addresses catastrophic forgetting of original capabil-
ities by utilizing a strategic combination of two core steps: model merging and copying
special token weights. This allows for robust recovery of degraded performance without
incurring further training costs."

Results. Constrained by resources, we apply ElChat to adapted Gemma2 models ini-
tialized with Align to evaluate its impact on both target language and English tasks.?
We observe from Table 10(a) that ElChat consistently improves performance across
target language tasks. Specifically, for classification tasks, the performance drop rel-
ative to Source is substantially reduced within 5 points (Telugu GMMLU), a notable

19 For more technical details, please refer to Yamaguchi et al. (2025).

20 Gemma? is chosen for its notable performance degradation in target language tasks (not only in
classification tasks but also in Burmese SUM) and as a representative of more recent models than Llama2
and Llama3, enabling a practical and meaningful comparison within our budget.
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Table 10
Gemma? performance and inference speedup using ElChat, a post-hoc training-free method to

mitigate catastrophic forgetting. Green indicates positive performance change over Source.

(a) Target language tasks

Burmese Sinhala Telugu

MT SUM MC GMMLU MT SUM MC GMMLU MT SUM MC GMMLU

Source 21, 34y, .67 - 19, 34, 71 50  3ly, 30, .74 57

CPT-only 28y 28,; .61 - 295 34y, .69 A48 43, 29, 71 56

£ Align 255 25, .32 - 284 32, 63 A2 3254 29 59 43

& +EIChat .30, 33, .64 - 3ly 35, 73 46 4ly, 3l 74 52

Speedup 1.52x 1.57x 1.51x - 1.26x 1.38x 131x 1.20x 1.07x 1.10x 1.06x 1.13x

(EIChat) 1.53x 1.73x 1.48x - 1.20x 1.39x 130x 1.18x 1.09x 1.14x 1.06x 1.02x
(b) English tasks

Burmese Sinhala  Telugu
GemmaZ MC MMLU MC MMLU MC MMLU

Source 91 72 91 72 91 72
CPT-only 90 .72 91 72 90 .72

Align 88 67 89 .66 .84 .63
+EIChat 93 72 93 71 93 71

improvement from up to 35 points (Burmese MC) without ElChat. Furthermore, EIChat
not only recovers degraded performance but also maintains the superior generative
capabilities of the adapted models, even showing improvements in some cases (e.g.,
Sinhala SUM). Crucially, these performance recoveries are achieved while largely re-
taining the inference speedups gained from vocabulary expansion. The effect of EIChat
is even more pronounced in English tasks (Table 10(b)). The adapted models almost
fully recover their original source capabilities, matching Source performance with a
negligible drop of at most 1 point. This highlights the effectiveness of using a post-hoc,
training-free method to mitigate performance degradation from vocabulary expansion
without requiring any additional training.

Recommendation. Using a post-hoc, training-free method like EIChat enables an adapted
model to restore the original capabilities of the corresponding source model without
additional training. For target language tasks, this can lead to enhanced performance
while preserving the inference speedups gained from vocabulary expansion.

8.3 Comparison with Vocabulary Replacement

Intuitively, vocabulary replacement, which typically replaces the entire source vocabu-
lary with a new one from a target language, necessitates a greater number of training
tokens than vocabulary expansion. This is attributed to its substantially larger number
of new parameters requiring alignment. For instance, Dagan, Synnaeve, and Roziere
(2024) found that over 50 billion tokens were necessary to swap a tokenizer at no
performance cost in their domain adaptation experiments. To illustrate the challenges
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Table 11
Vocabulary replacement performance and inference speedup on target language tasks using

Gemma?2 as source. Green indicates positive performance change over Source. The speedup
ratio corresponds to Mean.

Burmese Sinhala Telugu

MIT SUM MC GMMLU MT SUM MC GMMLU MT SUM MC GMMLU

Source 21y 34y, .67 - 194 34y, 71 50 Bly 30, 74 .57
CPT-only .28, 28,5 .61 - 294 34y, .69 48 435 29, 71 .56
g Random .00g 0y .22 - 0000  0pp .27 25 004 1, 24 23
g FOCUS  .00p 401 22 - 029 1295 27 27 .00g  3¢0 23 27
2 Mean 060 160; .26 - 01 235 .27 26 044 12,5 34 26
Speedup 1.14x  2.27x 2.95x - 101x 1.36x 270x 244x 0.89x 057x 1.77x 1.91x

of vocabulary replacement for target language adaptation in low-resource settings com-
pared to vocabulary expansion, we conduct a brief comparative study using Gemma2
as the source model.

Experimental Setup. We first train a target tokenizer with a vocabulary size of 32K using
target language data D and the same training configurations as the base Gemma?2
tokenizer. For target parameter initialization, we consider Random, FOCUS, and Mean.
We then continually pre-train each initialized model using the same approach as in
Sections 7.3 and 7.4 (i.e., 2x2 LS+MTP+512).

Results. Table 11 presents the performance and inference speedups of models adapted
using vocabulary replacement. Overall, these models exhibit notably poor performance
across all initialization approaches and tasks in low-resource settings. Specifically, Ran-
dom and FOCUS largely fail to perform well on generation tasks, yielding near-zero
scores in MT and low scores of up to 12 points in SUM. While Mean shows slight im-
provement over Random and FOCUS, its performance remains substantially lower than
that of Source, CPT-only, and crucially, the vocabulary expansion counterpart (Table 6).
For instance, in Telugu MC, the best vocabulary replacement performance (Mean at 34
points) is still far below Source (74) and vocabulary expansion with Mean (60). The
only advantage of vocabulary replacement lies in its superior inference speedups in
some tasks (e.g., Burmese MC at 2.95x, Sinhala MC at 2.70x, and Telugu GMMLU at
1.91x), which stems from its entirely optimized vocabulary for the target language.
These results clearly demonstrate the significant challenges of effectively applying vo-
cabulary replacement for target language adaptation under low-resource settings, when
compared to vocabulary expansion.

8.4 Limitations

Target Language Classification Performance. While we demonstrate that ElChat, a post-
hoc and training-free method, helps adapted models recover degraded performance
in target language classification tasks, a moderate performance drop can still persist,
as observed in Telugu GMMLU (Table 10). Furthermore, ElChat is not applicable in
scenarios where only base models are available as source for adaptation (i.e., lacking an
instruction-tuned variant). These limitations represent ongoing challenges that extend
beyond the immediate scope of this article.
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Comparison with Fully Multilingual LLMs. Due to resource constraints, this article does
not include a direct comparison with fully multilingual models like MaL A-500 (Lin et al.
2024) and EMMA-500 (Ji et al. 2024, 2025). Such a comparison would help contextualize
our results.

Model Size. Our experiments use models of up to 9B parameters due to resource con-
straints. Scaling these experiments to larger LLMs is a valuable direction for future work
to confirm the generalizability of our findings.

Tokenizer. Heuristic-based target parameter initialization with Merge assumes the use
of a BPE-based tokenizer which is a common choice in recent LLMs, e.g., Gemma?2,
Llama3, Llama?2, Mistral (Jiang et al. 2023), inter alia. Experimenting with other tokeniz-
ers, such as Unigram (Kudo 2018), falls outside the scope of this article.

9. Conclusion

We investigated cross-lingual vocabulary expansion in low-resource settings across
target parameter initialization approaches and training strategies. Our extensive exper-
iments reveal that a widely used approach in high-resource settings is not always opti-
mal in low-resource settings. In contrast, models adapted by our alternative strategies
achieve faster inference while rivaling their base models in task performance, especially
on generation tasks. We supplement our analysis with specific recommendations for
effective vocabulary expansion.

Appendix A. Details on Experimental Setup

Table A.1 lists prompt templates for all tasks, while Table A.2 lists the hyperparameters
used for both (a) LAPT and (b) inference.

Appendix B. Supplementary Results
Table B.1 lists the performance of the adapted models with different training strategies
on classification tasks.

Table B.2 visualizes how tokenization changes with vocabulary expansion in
Burmese using Llama2 as source.
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Table A.1

Prompt template for each task and language. For MC and GMMLU, we omit text breaks (\n) after
context, question, and each option for readability.

Task Language

Template

English Translate English to {X: a target language}: {sentence} =
Arabic dgyall JI dgyell a5t {sentence} =
Burmese 335(\%&]9 @%e’)oﬁé :no:no[(}é(ﬂu: {sentence} =
German Ubersetzen Sie Englisch ins Deutsche: {sentence} =
Greek Metapedote To ayyMkd ota eAMnvikd: {sentence} =
MT Hindi Fosht & & 1 s Y {sentence} =
Japanese FEEED & HAGEABIE L 722 S W {sentence} =
Sinhala @B BotnEi0 5808 WSSI: {sentence} =
Swahili Tafsiri Kiingereza hadi Kiswahili: {sentence} =
Telugu eg0tfo B0 BentHEd 8rHBodod: {sentence} =
Thai LL‘lJammé’aﬂqmﬂuImJ: {sentence} =
English Write a short summary of the following text in {language}. Article: {text}
Summary:
Arabic S1 Lasda head ol Jl delll dgyell dlaall: {text} jasddl:
Burmese G:;mo&ﬂmo:o:rf?) @%mmm@é @oﬁné:qnéeqzaﬂu caomé:ll: {text} agrrﬂé:q_”&
German Schreiben Sie eine kurze Zusammenfassung des folgenden Textes auf Deutsch.
Artikel: {text} Zusammenfassung:
SUM Greek Todwe wa olvtoun TrepiAnyn TOU TTAQAKAT® KEWEVOU GTA EAANVIKA.
Apdeo: {text} Mepihmypn:
Hindi frafafag o dau 8 8 o) o {text} G&T:
Japanese ROXEDOERZ HAGETEHEZ R IV, FiH: {text} ZHY:
Sinhala 2529 NG D@ BoeneEH B, B8s: {text} EDo@CS:
Swahili Andika muhtasari mfupi wa maandishi yafuatayo kwa Kiswahili. Makala:
{text} Muhtasari:
Telugu 800 $550 BwE), FTrodo BentheS® TrodHod. aegRo: {text} Jrorodo:
Thai Wouagudu q vestioanudelUiiTunising unanw: {text} aqu:
English {context} Question: {question} A. {option A} B. {option B} C. {option C}
D. {option D} Answer:
Arabic {context} Jlsw: {question} A. {option A} B. {option B} C. {option C} D.
{option D} &l>|:
Burmese {context} Gezg‘%:: {question} A. {option A} B. {option B} C. {option C} D.
{option D} 33@@:
German {context} Frage: {question} A. {option A} B. {option B} C. {option C} D.
{option D} Antwort:
Greek {context} Epadtnon: {question} A. {option A} B. {option B} C. {option C}
D. {option D} Amdvtnon:
Me Hindi {context} WaTel: {question} A. {option A} B. {option B} C. {option C} D.
GMMLU {option D} 3I:
Japanese {context} Eff: {question} A. {option A} B. {option B} C. {option C} D.
{option D} [EI%:
Sinhala {context} g5&@ACS: {question} A. {option A} B. {option B} C. {option C} D.
{option D} BEQYS:
Swahili {context} Swali: {question} A. {option A} B. {option B} C. {option C} D.
{option D} Jibu:
Telugu {context} H%: {question} A. {option A} B. {option B} C. {option C} D.
{option D} esseen:
Thai {context} A191%: {question} A. {option A} B. {option B} C. {option C} D.

{option D} A1mau:
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Table A.2
Hyperparameter configurations for LAPT and inference.

(a) LAPT (b) Inference
Hyperparameters Values Parameters Values
Batch size 8 Maximum prompt length 4,096
Maximum number of training epochs 2 Temperature 0.8
Adam e le-8 Repetition penalty 11
Adam (31 0.9 Top k 40
Adam 3, 0.999 Top p 0.9
Sequence length 2,048 Beam width 5
Learning rate le-4 Sampling True
Learning rate scheduler cosine Early stopping True
Warmup steps 100 Maximum number of generated tokens 128
Weight decay 0.01
Attention dropout 0.0
Dropout 0.05
LoRA rank r 8
LoRA dropout 0.05
LoRA « 32

Table B.1
Mean performance of Align models on classification tasks with Llama?2 as source. Green
indicates positive performance change over Source.

Arabic Burmese Greek Hindi Sinhala Telugu
Model MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU MC GMMLU

Source 29 29 26 = 27 28 25 28 24 27 28 27
CPT-only 30 .29 .22 - 29 29 28 28 23 27 24 27
CLM+2048 .28 .25 .26 - 31 2 27 27 27 27 22 27

< MTP+2048 29 26 .28 - 26 28 28 25 28 26 27 27
¢ CLM+512 28 25 24 - 33 2 28 27 27 26 27 .26
S MTP+512 29 28 24 - 27 27 30 26 24 25 27 27
CLM+2048 30 .27 .24 B 26 25 27 26 27 27 27 .26

g MTP+2048 29 27 22 - 23 24 28 26 29 26 27 .26
£ cCLM+512 25 28 22 - 29 27 27 27 27 25 26 27
& MTP+512 23 28 .22 - 27 28 29 26 28 25 22 27
CLM+2048 .29 27 22 - 29 24 28 26 27 26 28 .26

w  MTP+2048 30 27 .26 - 32 25 28 27 28 24 29 27
~ CLM+512 31 29 22 - 28 24 28 28 27 26 28 .26
& MTP+512 28 27 24 - 23 23 28 26 27 26 27 .26
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Table B.2

Example of tokenization changes with vocabulary expansion in Burmese using Llama?2 as
source. “_’ stands for a whitespace.

[Vnew| # tokens

Tokenization

Source 15

English (Reference text)

__ Amazon

_ Earth

<s> _ The _River _is _the _second _longest _and _ the

__biggest _river _on

Source 134

Burmese

<s> <O0xE1> <0x80> <0xAl> o e <O0xEl> <0x80> <0x87>

i
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”m e
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