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Abstract

Large Language Models (LLMs) remain heavily centered on English, with limited performance in low-resource
languages. Existing adaptation approaches, such as continual pre-training, demand significant computational
resources. In the case of instructed models, high-quality instruction data is also required, both of which are often
inaccessible for low-resource language communities. Under these constraints, model merging offers a lightweight
alternative, but its potential in low-resource contexts has not been systematically explored. In this work, we
explore whether it is possible to transfer language knowledge to an instruction-tuned LLM by merging it with a
language-specific base model, thereby eliminating the need of language-specific instructions and repeated fine-tuning
processes whenever stronger instructed variants become available. Through experiments covering four Iberian
languages (Basque, Catalan, Galician, and Spanish) and two model families, we show that merging enables effective
instruction-following behavior in new languages and even supports multilingual capability through the combination of
multiple language-specific models. Our results indicate that model merging is a viable and efficient alternative to
traditional adaptation methods for low-resource languages, achieving competitive performance while greatly reducing
computational cost.

Keywords: Evaluation Methodologies, Language Modeling, Less-Resourced/Endangered Languages, Mul-

tilinguality
1. Introduction

Recent advances in Large Language Models
(LLMs) have significantly improved their multilin-
gual capabilities. Modern LLMs, particularly those
deployed as commercial products, are generally
expected to understand and generate text in high-
resource languages such as English, Chinese, and
Spanish. However, this performance does not
extend uniformly across all languages. For low-
resource languages, especially those with limited
online presence, LLMs continue to exhibit substan-
tial performance degradation, even in state-of-the-
art models (Moroni et al., 2025; Baucells et al.,
2025; Grandury et al., 2025). This disparity can be
attributed to both the scarcity of training data and
the limited economic incentives to support these
languages, resulting in inconsistent and often unreli-
able behavior from frontier models. In an attempt to
improve the LLM capabilities for certain languages,
several works have presented different approaches,
mainly based on continual pre-training, to adapt al-
ready trained LLMs to low-resource languages (Etx-
aniz et al., 2024b; Ustiin et al., 2024).

The emergence of instruction-tuned and aligned
LLMs has further raised the bar for low-resource
model development. Beyond requiring large-scale
corpora in the target language, these models also
depend on high-quality instruction—response pairs
to guide behavior during fine-tuning. For low-
resource languages, already constrained by limited

textual data, curating such instruction datasets is
particularly challenging, and, in some cases, prac-
tically infeasible. Fortunately, recent work demon-
strates that combining target-language corpora with
English-language instructions can yield competitive
models for low-resource languages (Sainz et al.,
2025). However, this approach introduces a new
bottleneck: each time a more capable instructed
model is released, the target language community
must repeat the adaptation process through contin-
ued pretraining or fine-tuning. As with data avail-
ability, computational resources are often scarce
in these communities, further limiting their ability to
keep pace with rapid advancements in LLM devel-
opment.

Motivated by the goal of enhancing LLM capa-
bilities in low-resource languages while simultane-
ously reducing the substantial computational cost
typically required, this paper explores the use of
model merging techniques as a more compute ef-
ficient alternative to joint pre-training (Sainz et al.,
2025). Specifically, we investigate whether it is
possible to teach a new language to an already
instructed LLM through weight merging. That is,
we aim for a model as proficient in the target lan-
guage as the language-specific base model, while
maintaining the instruction following capabilities of
the instructed variant. This approach allows adapt-
ing any newly released and potentially stronger in-
structed variant of a base LLM to a target language,
while requiring the base model to be trained on
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that language only once. Our experiments, con-
ducted on four languages with varying resource
levels (namely, Basque, Galician, Catalan, and
Spanish) and across two model families, demon-
strate that this is indeed feasible. Moreover, we
show that a single LLM can acquire multiple lan-
guages by merging several language-specific mod-
els. In addition, to evaluate the instruction-following
competence of the merged models, we extended
the IFEval (Zhou et al., 2023) benchmark currently
available to Spanish and Catalan, to Basque and
Galician languages.

In sum, this paper makes the following contri-
butions. First, we demonstrate that it is possible
to develop language-specific instructed LLMs by
merging language-specific base models with gen-
eral instructed models. Second, we conduct an
in-depth analysis of the behavior of various merg-
ing techniques and hyperparameter configurations
within our setup. Finally, we release both base and
instructed models for Basque, Galician, Catalan,
and Spanish developed during our experiments;
and, the Basque version of the IFEval dataset.’

2. Related Work

Developing LLMs for under-resourced languages
remains a major challenge due to the extensive
data and computational requirements that are
needed to pre-train and post-train models from
scratch. As a result, most research has moved to-
wards multilingual pretraining, where a single model
is exposed to data from many languages (Le Scao
et al., 2022; Shliazhko et al., 2024). While this strat-
egy provides broad coverage, the percentage of
data destined to low-resource languages is usu-
ally insignificant, and often results in poor perfor-
mance (Gonzdlez et al., 2026; Bao et al., 2023).
This imbalance is clear in large-scale web corpora:
according to Common Craw! statistics,? English
alone accounts for nearly half of the available text,
whereas Basque represents barely 0.03%, placing
it under the low-resource category. This uneven dis-
tribution explains the limited performance of multilin-
gual LLMs on Iberian languages despite their broad
coverage. As observed in recent work, Spanish en-
joys abundant resources, while Basque, Galician,
and Catalan remain largely under-represented, lim-
iting their ability to benefit from the capabilities
observed in state-of-the-art LLMs (Etxaniz et al.,
2024b; de Dios-Flores et al., 2024). Consequently,
multilingual pretraining alone proves insufficient
when it comes to low-resource languages.

1https ://hf.co/collections/HiTZ/
merge—and-conquer

2https://commoncrawl.github.io/
cc-crawl-statistics/plots/languages

Multilingual instruction tuning has become a main
strategy for instructing models to low-resource lan-
guages, complementing the pretraining stage with
language-specific instructions. To address the
scarcity of native instruction data, researchers have
proposed several approaches such as translating
existing datasets, generating synthetic examples,
or leveraging English-centric corpora for cross-
lingual transfer. For instance, Aya (Ustiin et al.,
2024) extends instruction tuning to over 100 lan-
guages, more than half of which are low-resource,
through large multilingual finetuning. Other works
improve data quality via translation-based meth-
ods like (Nguyen et al., 2024a), which builds high-
quality instruction-response pairs through iterative
translation and rewriting. In the Iberian context,
Bao et al. (2023) present a curated Galician model,
and the Salamandra initiative (Gonzalez-Agirre
et al., 2025) integrates resources for Catalan, Gali-
cian, Spanish, and Basque. Alternatively, Sainz
et al. (2025) explored systematically all possible
approaches to instruct or adapt a LLM for a specific
low-resource language. They proved that joint in-
struction tuning, even with just English instructions,
and continual pre-training substantially outperforms
traditional approaches. However, while these ef-
forts show a promising performance, they remain
computationally expensive because they must be
repeated with every new model release.

Model merging has recently emerged as an al-
ternative to traditional multi-task learning, offering
an efficient way to combine model capabilities from
different experts without additional training (Yang
et al., 2026a). These approaches interpolate pa-
rameters between two or more models using differ-
ent methods. Task Arithmetic builds task vectors
from fine-tuned models and combines them addi-
tively (llharco et al., 2023), while DARE drops and
rescales delta parameters to reduce interference
during merging (Yu et al., 2024a), and TIES prunes
redundant parameters across models (Yadav et al.,
2023). Research on low-resource multilingual sce-
narios is still emerging and remains limited with few
works showing promising results (Tao et al., 2024;
Huang et al., 2024; Pipatanakul et al., 2025). More
recently, Cao et al. (2025) and Sarasua et al. (2025)
applied the Task Arithmetic merging approach to
transfer instruction-following capabilities to contin-
ued pre-trained models, with the latter placing spe-
cial emphasis on low-resource languages such as
Basque. Nevertheless, these works do not provide
a systematic analysis and evaluation of the different
alternatives within the merging paradigm for low-
resource languages. In contrast, our study focuses
on a broad experimental characterization of lan-
guage transfer via merging across four Iberian lan-
guages, model families, sizes, and merging strate-
gies, and evaluates both language competence
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Language \ Documents Llama 3.1 Qwen3
Basque (eu) 4.2M 3.5B 3.5B
Galician (gl) 8.9M 3.5B 3.5B
Catalan (ca) 3.8M 3.7B 3.8B
Spanish (es) 3.8M 3.4B 3.5B
English (en) | 0.5M 0.3B 0.3B

Table 1: Corpus sizes for each language in docu-
ments, Llama 3.1 tokens and Qwen3 tokens.

(through multiple-choice benchmarks and machine
translation) and instruction-following behavior (IFE-
val).

3. Methodology

Adapting an instructed LLM to a target language
using merging techniques follows a straightforward
methodology. First, a base model must be trained
to be proficient in the target language. Then, this
newly trained base model is merged with an ex-
isting instructed model using a merging technique.
This section describes the construction of the com-
ponents used in our experiments. We begin by
detailing the available resources, followed by the
procedures for training the base LLMs and perform-
ing the model merging.

3.1.

We trained language-adapted base models for four
Iberian languages: Basque, Galician, Catalan and
Spanish. To train language-specific base LLMs,
we followed the methodology proposed by Etxaniz
et al. (2024b), who used a Basque corpus compris-
ing approximately 4.2 billion tokens. To enable fair
comparisons across languages, we limited the cor-
pus size for all the languages to roughly the same
number of tokens. Table 1 presents the corpus
statistics in terms of document counts, as well as to-
ken counts for Llama 3.1 and Qwen 3 (correspond-
ing to the models used in our experiments; § 4).
As expected, token counts vary slightly depending
on the tokenizer, but remain comparable in overall
size. Note that we included a small-sized English
corpus, which was first proven essential to avoid
catastrophic forgetting in Etxaniz et al. (2024b), and
later confirmed in Elhady et al. (2025).

Continued pre-training

Corpus collection. For Basque, we use the
pretraining data from the Latxa corpus (Etxaniz
et al., 2024b), which consists of 4.3M documents
and 1.2B words (mainly massive web-crawl con-
tent, news pieces, and encyclopedic text). In the
case of Galician, we rely on the CorpusNOS cor-
pus (de Dios-Flores et al., 2024) of 9.7M documents
and 2.1B words drawn from web crawls and public

administrations, among others. Spanish and Cata-
lan data are taken from the massive, multilingual
CulturaX corpus (Nguyen et al., 2024b). Given
the substantially larger size of CulturaX compared
to the Basque and Galician resources, we imple-
mented a series of strategies to obtain a more tar-
geted subset. For Spanish, we retained only docu-
ments whose URLs contain a top-level domain indi-
cating origin in Spain (namely, .es, .eus, .cat,or
.gal). In addition, both Spanish and Catalan data
were filtered using the Dolma toolkit (Soldaini et al.,
2024), with the pre-implemented Gopher (Rae et al.,
2021) and C4 (Raffel et al., 2020) heuristics. For
the English subset, we sampled 500k documents
from the FineWeb corpus (Penedo et al., 2024).

Model training. We trained the models with a
sequence length of 8,196 tokens and an effective
batch size of 256 instances, corresponding to a
total of approximately 2 million tokens per optimiza-
tion step. Training employed a cosine learning
rate scheduler with a warm-up ratio of 0.1 and
a peak learning rate of 1 x 10=°. Experiments
were conducted on the CINECA Leonardo high-
performance computing cluster, utilizing 32 nodes,
each equipped with 4 NVIDIA A100 GPUs (64 GB
memory). For distributed training, we adopted Fully
Sharded Data Parallel (Zhao et al., 2023), which
shards model parameters, optimizer states, and
activations across all GPUs to maximize memory
efficiency and scalability.

3.2. Model merging

Model merging refers to the process of combining
two or more models, typically sharing the same
base architecture and initialization, into a single
unified model whose parameters fmerge are derived
from the parameter sets {6, 0-,--- ,0,} of individ-
ual expert models. Formally, the simplest instance
of model merging can be expressed as a weighted
linear interpolation of model parameters, i.e.,

n
amerge = Z w; 05,
=1

where the scalar weights w; sum to one (Worts-
man et al., 2022). While such naive interpolation
methods can already transfer useful knowledge
between models, more sophisticated approaches
explicitly address parameter alignment, conflict res-
olution, or parameter importance weighting to miti-
gate performance degradation when models have
diverged substantially during training (llharco et al.,
2023; Yu et al., 2024a). These methods aim to
approximate the effect of multi-task training with-
out requiring access to the original fine-tuning data,
making them particularly valuable for domains or
languages where annotated resources are scarce.
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In this work, we evaluate several merging strategies
across two complementary experimental settings:
monolingual merging and multilingual merging.

Monolingual Merging. In the monolingual set-
ting, we study how different merging techniques
perform when adapting a model to a new language
while preserving previously learned capabilities.
Specifically, we analyze the impact of various merg-
ing algorithms and their associated hyperparame-
ters on the transfer efficiency and stability of the
resulting model. This allows us to assess the extent
to which model merging can serve as an alterna-
tive to conventional fine-tuning when incorporating
additional linguistic knowledge.

Multilingual Merging. In the multilingual setting,
we investigate how multiple monolingual expert
models can be effectively combined to produce
a single multilingual, instruction-tuned LLM. We ex-
amine how different merge ratios and strategies
influence the balance between languages, evalu-
ating whether specific methods favor stronger per-
language specialization or instead yield more uni-
form cross-lingual performance. This analysis pro-
vides insights into the ability of merging techniques
to fuse diverse linguistic competencies into a uni-
fied model without the need for costly joint training.

4. Experimental Setup

To thoroughly evaluate our hypotheses, we con-
ducted experiments across multiple languages
(Basque, Galician, Catalan, and Spanish), diverse
model families (§ 4.1), various merging methods
(§ 4.2), and several benchmarks (§ 4.3). The fol-
lowing sections provide a detailed description of
our experimental setup.

4.1.

Our experimental design requires that both the
base and instructed variants of each model fam-
ily be publicly available. Consequently, we se-
lected two widely used and representative model
families: Llama 3.1 (Grattafiori et al., 2024) and
Qwen 3 (Yang et al., 2025). Llama 3.1 is a well-
established model family within the community,
known for its strong multilingual performance and
widespread adoption. In contrast, Qwen 3 exempli-
fies the recent emergence of model families that are
not predominantly centered on English, reflecting
a growing shift towards more linguistically diverse
large language models. Given our computational
constraints and the high cost associated with large-
scale training, we opted to focus on moderate-sized
language models. Specifically, we used the 8B vari-
ants of both Llama 3.1 and Qwen 3, as well as the

Models and baselines

14B variant of Qwen 3, striking a balance between
performance and feasibility for our experiments.
Regarding the baselines, we considered two
main points of comparison. The first are the ex-
isting instructed variants of the chosen model fam-
ilies (namely, Llama 3.1 Instruct and Qwen 3 In-
struct) which serve as our non—language-adapted
but instructed baselines, allowing us to measure
how much the instruction following capabilities are
retained after merging. Our second baseline is
the language-adapted but not instructed baseline,
which allows us to test the language proficiency
transfer of the methods. Additionally, we compare
our approach to the current state-of-the-art method
for low-resource language adaptation, which jointly
combines continued pre-training and instruction
tuning in a single training phase (Sainz et al., 2025).
Specifically, we compare our approach against their
best model release for Basque.® Moreover, we
include in the comparison Salamandra and ALIA
models (Gonzalez-Agirre et al., 2025), two LLMs
specifically trained for our target Iberian languages.

4.2. Merge techniques

Several model merging techniques have been pro-
posed in the literature. In this work, we focus on
four representative and conceptually simple ap-
proaches: Linear Merging, Task Arithmetic, DARE
and Breadcrumbs.

Linear Merging. The Linear method (Wortsman
et al., 2022) is the most straightforward approach to
model merging. It consists in performing a weighted
average of the parameters from multiple models,
assigning a specific coefficient to each. This tech-
nique can be viewed as an extension of the idea
behind model soups, where model weights are inter-
polated to combine knowledge from different check-
points or fine-tuned variants.

N
MLinear({ei}f\;h ‘gbase) = Whase * Obase + Z w; - 0,
i=1
N
Whel'e Wpase =+ Z w; = 1

i=1
(1)

Task Arithmetic. The Task Arithmetic method,
introduced by llharco et al. (2023), is based on
the notion of task vectors. For a given task t;, the
task vector 7; is defined as the difference between
the task-specific model and the base model, i.e.,
T; = 0; — bhase. These task vectors capture the
parameter updates associated with adapting the

Shttps://huggingface.co/HiTZ/
Latxa-Llama-3.1-8B-Instruct
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base model to a specific task. Model merging is
then performed by adding a weighted combination
of these vectors to the base model:

N
MTA({ei}i]\;p 9base) = Opase + Z wj - (9i - 9base)~

i=1
(2)

TIES. The Trim and Elect (TIES) method (Yadav
et al., 2023) offers an alternative to the standard
computation of the task vector 7;. It addresses two
main challenges: update redundancy and parame-
ter sign disagreement. The first issue is mitigated
by setting to 0 those values in 7; that fall below the
top k%, through the application of a mask m? to the
task vector 7;. To handle sign conflicts, the method
computes an aggregate elected sign vector ~,, by
taking the sign of the average values across the
different task vectors. Finally, only the parameters
consistent with the elected sign are retained for the
final task vector 7;. Formally,

I __ k
T, =m; OT,

t=1
Ap = {t € [n] | SQn(Ti/,p) = 'Ym,p}7
. 1 ,
Tip = T T
PR 2

teA,

(3)

In our experiments, we did not use the TIES method
directly, but applied it in conjunction of the DARE
and Breadcrumbs methods defined below.

DARE. The Drop And REscale (DARE)
method (Yu et al.,, 2024b) aims to sparsify
task vectors in order to reduce interference be-
tween tasks during model merging. Similar to Task
Arithmetics, it operates on the difference between
a fine-tuned model and its base model, defined
as 7;. However, it proposes to randomly drop a
proportion p of its parameters and rescale the
remaining ones by a factor of ﬁ to preserve the
expected magnitude. Formally, DARE produces a
sparsified task vector:

oare _ (1= Zi) OF:

! e (4)

where Z; is a binary mask sampled element-wise
from a Bernoulli distribution with parameter p, and ®

denotes element-wise multiplication. The merged
model is then obtained as:

N
MDARE({Qi}iJ\Lla ebase) - 9base+z w; 'TZDARE. (5)
=1

Model Breadcrumbs. Davari and Belilovsky
(2025) provides a deterministic alternative to DARE
by filtering both negligible and extreme parame-
ter updates in the task vectors. For each layer of
a task vector 7;, values below a lower threshold
(small perturbations) and above an upper thresh-
old (outliers) are masked out, retaining only the
mid-range updates that are considered most infor-
mative. Formally, let f(r;) denote this layer-wise
filtering operation; the merged model is computed
as:

N
MBC({ei}f\;y ‘gbase) = Opase + Z wy - f(%i),
i=1
~ ’f-iL7 If L S 7/;7L §6L7
fH) = v < 17
0, otherwise.

4.3. Evaluation benchmarks

We conducted our evaluations using the LM Eval-
uation Harness framework (Gao et al., 2024).
Each model variant was tested on a suite of
benchmarks on five languages: Basque, Gali-
cian, Catalan, Spanish, and English. Our evalu-
ation setup includes multiple-choice benchmarks
together with machine translation and instruction-
following datasets. We incorporated machine trans-
lation and instruction-following as they are text gen-
eration tasks, allowing us to better assess the mod-
els’ language generation capabilities. In total, we
conducted evaluations in 14 different benchmarks
and their language variants, if available. All of the
results are obtained by prompting the models with
5 examples (i.e., 5-shot evaluation).

Multiple-choice benchmarks. Our evaluation
framework includes tasks from multiple categories
to assess a range of language understanding
and generation capabilities. For reading com-
prehension, we used Belebele (Bandarkar et al.,
2024) and EusReading (Etxaniz et al., 2024b);
the former is available in all evaluation languages,
while the latter is specific to Basque. To evalu-
ate common sense reasoning, we employed XS-
toryCloze (Lin et al., 2022), which is also avail-
able in all our target languages. Linguistic profi-
ciency in Basque was assessed using EusProfi-
ciency (Etxaniz et al., 2024b), while linguistic ac-
ceptability was evaluated using language-specific
variants of CoLA (Warstadt et al., 2019): Gal-
CoLA (Baucells et al., 2025) for Galician, Cat-
CoLA (Bel et al., 2024b) for Catalan, and Es-
CoLA (Bel et al., 2024a) for Spanish. For miscella-
neous knowledge, we used BertaQA (Etxaniz et al.,
2024a), EusTrivia and EusExams (Etxaniz et al.,
2024b) in Basque, and OpenBookQA (Mihaylov
et al., 2018) for Galician, Catalan, and Spanish.
Lastly, to evaluate paraphrasing capabilities, we

10196



used Parafrases (Baucells et al., 2025) in Gali-
cian. For all the classification tasks we have used
accuracy as our evaluation metric.

Machine Translation. We include machine trans-
lation as a text generation task to better as-
sess model performance in low-resource lan-
guages, where grammatical correctness is often
lacking (Sainz et al., 2025). For this purpose, we
use the Flores benchmark (Goyal et al., 2022)
and group languages into two categories: high
resource (Spanish, English) and low resource
(Basque, Galician, Catalan). We evaluate trans-
lation in both directions: {es,en} — {eu,gl,ca}
and {eu,gl,ca,es,en} — {es,en}. All results are
reported using BLEU scores, averaged across the
target languages.

Instruction-following. We further evaluated the
instruction-following capabilities of the generated
models, as the ability to accurately interpret and
execute user prompts in practical scenarios consti-
tutes an essential aspect of model quality. To this
end, we employed the IFEval benchmark (Zhou
et al., 2023), which is specifically designed to auto-
matically measure instruction adherence across a
diverse set of tasks, including the inclusion or ex-
clusion of keywords, the use of certain punctuation
marks and capitalization patterns, and similar for-
mal requirements. IFEval was originally proposed
for English, and subsequent work introduced trans-
lated and post-edited versions for Catalan* and
Spanish.5 As part of this study, we extended the
benchmark to Basque using GPT-40, followed by
manual revision by native speakers to ensure se-
mantic fidelity, fluency, and naturalness. Instances
that did not translate directly due to linguistic or
cultural differences were adapted accordingly. The
metadata and IFEval codebase were also modified
to ensure correct evaluation in each of the sup-
ported languages. Note that we excluded the task
type response_language from our evaluation
(5% of the instances), due to discrepancies across
the language-specific versions of the dataset.

5. Results

In this section, we first discuss the main findings
(§ 5.1), beginning with the performance of the
language-adapted base models, followed by the
monolingual and multilingual merging strategies,
and finally their instruction-following capabilities.
We then report additional experimental analyses

4https ://huggingface.co/datasets/
projecte—-aina/IFEval_ca

Shttps://huggingface.co/datasets/
BSC-LT/IFEval_es

Model | EU GL ca ES EN

Llama 3.1 8B 4737 5891 59.14 66.36 72.80
Llama 3.1 8B, | 60.63 56.19 56.77 64.37 T74.85
Llama 3.1 8B gl 43.94 59.59 56.89 63.44 71.08
Llama 3.1 8B, | 44.13 54.64 60.91 64.64 70.91
Llama 3.1 8B¢s | 45.51 57.81 58.56  65.88 72.13
Qwen3 8B 51.02 61.80 62.81 68.57 75.27
Qwen3 8B ¢, 67.56 60.47 60.72 66.13 78.30
Qwen3 8B gl 48.66 62.57 61.76 66.09 74.47
Qwen3 8B ¢, 49.63 59.56 64.60 66.78 74.79
Qwen3 8B ¢ 50.79  62.24 63.57 67.11 75.58
Qwen3 14B 55.57 63.37 66.55 70.98 77.06
Qwen3 14B ¢, 70.77 61.10 62.86 69.52 80.36
Qwen3 14B gl 53.66 66.09 64.83 68.89 77.05
Qwen3 14B ¢, 54.22  61.09 68.06 69.37 77.19
Qwen3 14B ¢ 55.90 63.62 65.91 70.48 77.51

Table 2: Base model language adaptation results.
Bold indicates best among the same model archi-
tecture and underline indicates best overall.

(§ 5.2), examining the impact of different merging
methods and merge proportions.

The results are organized in a top-down manner.
We start by comparing the models obtained using
the best-performing merging approach, Linear, with
the best hyperparameters (w; = 1. for monolingual
merging and w; = .25 for multilingual merging), and
subsequently present the development analyses in
greater detalil.

5.1.

Base models results. Table 2 compares the
language-adapted base models against their corre-
sponding non-adapted base baselines on multiple-
choice benchmarks.  Overall, the language-
adapted versions clearly outperform the baseline
in their target languages, with the exception of the
Spanish, an already high-resource language. The
biggest improvements are found in Basque, which
is expected due to the low amount of resources
and the lower baseline results. We can conclude
that the language-adapted models achieve consis-
tently better performance than the original base
models and, therefore, can be used to teach the
target languages to the instructed variants.

Main results

Monolingual merge results. Table 3 compares
the performance of language-specific merged mod-
els (merge-) with the original instruct models
(instruct) across multiple-choice benchmarks
and machine translation tasks. The results show
that monolingual merges generally improve perfor-
mance in their target language relative to the non-
adapted instruct baseline (merge- vs. instruct),
with the clearest gains observed for lower-resource
languages (EU/GL/CA), while results for Spanish
are more mixed. In machine translation, monolin-
gual merged models also tend to improve transla-
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Benchmark average Machine Translation
Model EU GL ca EN *-EU *-GL *-CA *-ES *-EN
Llama 3.1 8B jgint-Eu 61.75 58.13 57.81 64.59 73.71 | 15.03 25.71 29.00 23.86 35.42
Salamandra 2B jneruet | 27.95  37.11  43.18 34.68 37.13 | 6.69 2527 2841 21.69 31.50
Salamandra 7B |ngtruct 44.94 53.60 56.55 52.79 57.27 | 11.31 29.94 34.12 2546  37.67
ALIA 40B |nstruct 60.64 64.98 64.68 62.93 66.04 | 15.78 29.86 33.10 26.56 37.85
Llama 3.1 8B jnstruct 49.29 60.11 61.56 68.22 73.87 | 7.18 26.55 30.12 24.01 35.49
Llama 3.1 8B merge-ey | 58.36  61.41  60.61 67.87 75.08 | 12.27 26.14 29.91 23.97 37.46
Llama 3.1 8B merge-GL 4756 63.94 59.96 68.23 73.56 6.37 2891 2781 23.76 36.69
Llama 3.1 8B merge-ca 48.26  59.84 63.99 6787 7348 6.85 2449 3292 2379 36.77
Llama 3.1 8B merge-ES 40.46  60.26 60.62 68.87 74.24 7.65 2691 30.84 24.46 36.71
Llama 3.1 8B merge-mui | 51.66  62.23  61.72 6846  74.06 8.42 2719  31.10 2431 37.02
Qweng3 8B |nstruct 44.06  56.51  59.37 64.04 69.84 3.51 24.39 27.78 23.05 33.09
Qwen3 8B merge-EU 55.81 55.80 60.94 65.80 72.67 | 9.39 24.60 27.64 24.06 34.57
Qwen3 8B merge-GL 3898 58.84 59.77 65.22 7147 2.74 2735 2522 2337 33.19
Qwen3 8B merge-ca 39.29 56.27 62.66 6590 71.10 | 3.11  24.01 31.29 2346 33.78
Qwen3 8B merge-ES 41.03 56.74 60.26 6591 72.44 3.49 25.00 28.00 23.90 33.32
Qwen3 8B nerge-mutti 44.85 56.64 61.34 65.65 72.19 | 445 26.02 28.83 23.80 33.86
Qwen3 14B |gtruct 52.09 62.39 62.14 67.87 71.82 5.40 25.87 29.11 24.20 35.10
Qwen3 14B nerge-EU 63.26 62.66 64.62 68.88 75.78 | 11.78 26.45 29.99 25.19 36.86
Qwen3 14B merge-alL 53.96 66.27 64.46 69.30 74.28 546  29.21 29.52 2455 36.10
Qwen3 14B nerge-ca 53.85 63.28 66.84 69.39 74.50 5.49 25.92 3240 2454 36.22
Qwen3 14B nerge-Es 53.52  64.02 64.90 69.98 74.78 5.86 27.04 30.02 2478 36.21
Qwen3 14B nerge-muti 56.37 64.15  65.17 69.47  74.77 7.14 27.63 30.91 24.88 36.45

Table 3: Main experimental results on multiple-choice benchmarks (Accuracy) and machine translation
(BLEU). Bold indicates best among the same backbone model and underline indicates best overall.

tion quality in their target language compared to the
instruct baselines, mirroring the trends observed in
the benchmark evaluation. When compared with
the state-of-the-art language adaptation approach
(Llama 3.1 8Bjsint.cu), the Basque merged mod-
els achieve comparable performance in the target
language across both benchmarks and translation
tasks, while exhibiting substantially smaller perfor-
mance degradation in other languages, resulting
in more consistent and stable overall performance
and highlighting the promise of the merging ap-
proach. Finally, similarly strong improvements are
observed across the different backbone models,
further demonstrating the robustness of the model-
merging strategy.

Multilingual results. Table 3 also reports the re-
sults for the multilingual merged models (listed as
mode Lmerge-multi)- COmMpared with the monolingual
merged variants, the multilingual models gener-
ally provide more balanced performance across
languages, although their performance typically
remains below that of the target-language monolin-
gual models. Nevertheless, relative to the instruct
baseline, they show clear improvements in almost
every language across all backbone models. Over-
all, these results indicate that (1) model merging
is a promising approach for enabling an instructed
LLM to acquire competence in multiple languages,
and (2) there remains significant room for improve-

Model | EU GL ca ES

Llama 3.1 8B joint.cu 46.82 2.0 4836 2.6 46.71 0.7  57.06 0.2
Salamandra 2B jetruct 23.8709 247807 252007 25.150.9
Salamandra 7B jnstruct 32.79 15 35.1207 34.932:8 33.50 2.0
ALIA 40B |nstruct 354103 384007 41.1704 434816
Llama 3.1 8B |hstruct 40.2212 58.661.7 52.030.7 63.830.9
Llama 3.1 8B merge-* 39.98 1.1 47.86 1.3 46.96 1.2 50.08 0.7
Llama 3.1 8B mergemuiti | 34.08 1.4 47.74 1.0 45.031.9 51.59 0.4
Qwen3 8B |nstruct 54.052.1 75.9705 74.5909 80.660.9
Qwen3 8B merge-* 4338 1.1 63.06 01 59.4508 66.83 0.2
Qwen3 8B merge-mutt 39.98 1.6 62.8504 61.5107 66.751.1
Qwen3 14B nstruct 62.8109 79.0009 76.8103 82.9204
Qwen3 14B merge- 61.3506 65.751.7 66.001.1 71.43 1.1
Qwen3 14B merge-mult 56.45 1.0 66.2510 672519 72.26 0.9

Table 4: Strict instruction-level accuracy on IFEval
(mean + SD over 3 runs). For each test language,
{model}merge-+ denotes the corresponding mono-
lingual variant adapted to that language.

ment in transferring language competence between
models.

Instruction-following results. Table 4 presents
the instruction-following performance across
Basque, Galician, Catalan, and Spanish. In
contrast to the consistent gains observed in
static benchmarks and translation tasks, model
merging yields rather mixed results in this setting.
These findings can be interpreted from two
complementary perspectives. On the one hand,
both monolingual and multilingual merges retain
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Method | EU GL ca ES Avg

Method | EU GL ca ES Avg

Benchmark average

Benchmark average

Linear 58.36 63.94 63.99 68.87 | 63.79 Linear 55.81 58.84 62.66 65.91 | 60.80
Task Arithmetic | 61.48 61.67 63.62 67.61 63.59 Task Arithmetic | 55.71 57.26 58.14  63.55 | 58.66
DARE 61.23 61.55 63.70 66.29 | 63.19 DARE 52.39 55.97 5542 61.94 | 56.43
Breadcrumbs 61.53 61.22 63.89 67.54 | 63.55 Breadcrumbs 56.38 59.35 61.33 6541 | 60.62
Machine translation Machine translation
Linear 12.27 28.91 32.92 24.46 | 24.64 Linear 9.39 27.35 31.29 23.90 | 22.98
Task Arithmetic | 13.62 28.26  32.76  23.78 | 24.61 Task Arithmetic | 12.65 29.27 32.23 23.36 | 24.38
DARE 12.35 2790 32.65 23.39 | 24.07 DARE 12.22 28.89 32.09 23.22 | 24.11
Breadcrumbs 13.35 00.19 00.42 2246 | 09.11 Breadcrumbs 0.11 3.86 0.61 22.55 6.78
Instruction Following Instruction Following
Linear 39.98 47.86 46.96 50.08 | 46.22 Linear 43.38 63.06 59.45 66.83 | 58.18
Task Arithmetic | 50.73  35.04 42.10 54.59 | 45.62 Task Arithmetic | 55.92 76.21 77.69 81.04 | 72.72
DARE 50.77 35.33 42.10 23.56 | 37.94 DARE 61.02 7526 77.19 81.08 | 73.64
Breadcrumbs 46.45 29.93 28.85 51.15 | 39.09 Breadcrumbs 27.69 35.95 3212 51.92 | 36.92

Table 5: Merge method comparison. Results are
reported using Llama 3.1 8B nyege-+, Where each
language is evaluated with their specialized expert.

instruction-following capabilities to some extent,
suggesting that the merging process successfully
transfers these abilities to the language-adapted
base models alongside the improvements ob-
served in the benchmarks. On the other hand, the
fact that the merged models do not surpass the
instruct baseline indicates that improvements in
language proficiency do not necessarily translate
into stronger instruction-following capabilities when
using the merging approach. The gap becomes
even more evident when compared with the state-
of-the-art joint adaptation method. Nevertheless,
as discussed later in §5.2, instruction-following
performance varies substantially depending on the
merging method used.

5.2. Further analyses results

Beyond the main experiments, this section provides
complementary analyses that investigate key pre-
liminary factors influencing our results. We first
examine the effect of the various merging strate-
gies employed, followed by an analysis of the influ-
ence of the weighting parameter w; in the context
of monolingual merges.

Merge method comparison. During our experi-
mental phase, we evaluated the various merging
methods described in §4.2. Table 5 presents the re-
sults obtained by each method for each language
with its corresponding specialized expert across
three scenarios: benchmarks, machine transla-
tion, and instruction following. Overall, although
the Linear method appears to perform best across
most language—task pairs, there is no clear one-
size-fits-all method. For example, for the lowest-
resource language (Basque), the Linear method is
the worst-performing approach, while the remain-

Table 6: Merge method comparison. Results are
reported using Qwen3 8B mege-+, Where each lan-
guage is evaluated with their specialized expert.

ing methods achieve comparable performance. For
the machine translation task, where text genera-
tion is required, we observe that the Breadcrumbs
method performs particularly poorly, leading to a
complete collapse of the model for Galician and
Catalan. Finally, instruction-following capabilities
exhibit the greatest variability across methods, with
no clear pattern indicating which method performs
best. Moreover, after conducting the same analy-
sis on the other models, see Table 6, we conclude
that there is no universally best method; instead,
performance of the merging method must be as-
sessed on a case-by-case basis for each language
and model pair.

Merge proportion impact. After evaluating the
impact of different merging methods, we next ex-
plored the effect of the merge proportion w;. For
this analysis, we restricted the setup to two meth-
ods: Linear and Task Arithmetic. These were se-
lected because they showed the strongest overall
performance in the previous analysis. The Linear
method represents the simplest interpolation ap-
proach, while Task Arithmetic serves as the base-
line for several more advanced merging techniques.
Figure 1 presents the proportion sweep across the
four Iberian languages (Basque, Galician, Cata-
lan, and Spanish), reporting Benchmark Average,
Machine Translation, and Instruction Following per-
formance. The best w; value for each configuration
is annotated in the figure.

As expected, for both approaches, increas-
ing w; increases the influence of the language-
adapted base model and therefore tends to de-
grade instruction-following capabilities. However,
the behavior differs across the other two axes,
Benchmark Average and Machine Translation. For
the Linear method, the trade-off is relatively smooth:
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—e— Benchmark Average

Basque (EU) Galician (GL)

Machine Translation

—e— IFEval Strict

Catalan (CA) Spanish (ES)

15

1.0

Linear

Score (%)

Score (%)

0.5 0.5

Task Arithmetic
Score (%)

Score (%)

0.5 0.5

0.5 0.5

Figure 1: Proportion sweep ablation for Llama 3.1 8B merges across Iberian languages (EU, GL, CA, ES),
comparing Linear (top row) and Task Arithmetic (bottom row). Each subplot shows the effect of varying
the merge proportion w; on Benchmark Average, Machine Translation, and IFEval Strict.

performance on benchmarks and machine trans-
lation does not exhibit a sharp degradation as w;
increases. In contrast, with Task Arithmetic, the
model rapidly collapses once w; exceeds a certain
threshold (typically w; > 1.5). Interestingly, the ef-
fect of w; on benchmark performance and machine
translation appears to be strongly correlated. Fi-
nally, although the optimal w; value varies across
languages, the general trends remain consistent:
selecting a value in the range w; € [0.5, 1.0) typi-
cally yields robust performance.

6. Conclusions

In this work, we show that model merging is a
feasible alternative to continual pre-training for ex-
tending instructed LLMs to low-resource languages.
Our experiments across Basque, Galician, Cata-
lan, and Spanish show that merging can success-
fully transfer the target language proficiency from
specialized base models into instructed variants.
As a result, the obtained language-adapted and
instruction-following models show substantial per-
formance gains on benchmarks and machine trans-
lation tasks while maintaining instruction following
capabilities, particularly for under-represented lan-
guages such as Basque. Among the methods eval-
uated, Linear and Task Arithmetic have shown to
be the best performing alternatives overall, con-
firming that even simple parameter-space merging
strategies can effectively “teach” new languages to
instruction-tuned models.

Beyond raw performance, merging offers an ef-
ficient path for multilingual expansion that avoids
the heavy computational cost of re-training and
fine-tuning cycles. The approach lowers hardware
requirements, enabling smaller research groups to

adapt frontier models to their own languages. Still,
instruction-following abilities remain partly sensitive
to merging, emphasizing the need for techniques
that preserve alignment during language transfer.
Future work should explore merge alignment, inves-
tigate stability across model families, and design
language-specific merging algorithms to further im-
prove instruction retention.

Overall, our findings suggest that model merging
bridges the gap between efficiency and multilin-
gual coverage, providing a promising direction for
building more accessible language models. As
part of the contributions of this work, we publicly
release the continued pre-trained base models and
the Basque and Galician IFEval variants.®

7. Limitations

Despite the promising results, this work has sev-
eral limitations. Our study is restricted to a lim-
ited number of model families and sizes of up
to 14B parameters, as well as to a small set of
Iberian languages—namely Basque, Catalan, Gali-
cian, and Spanish. Extending these experiments
to larger model scales and additional languages
would help to further validate and generalize our
findings. Moreover, our analysis focuses exclu-
sively on instruction-tuned models, while model
merging techniques could also be valuable in other
contexts, such as judge LLMs, reward models, or
safety and guard models.

®https://huggingface.co/collections/HiTZ/merge-and-
conquer
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Benchmark average Machine Translation
Model EU GL ca ES EN *-EU *-GL *-CA *-ES *-EN

Llama 3.1 8B jgint.£u 61.75 58.13 57.81 64.59 73.71 | 15.03 2571 29.00 23.86 35.42
Salamandra 2B jpeyuet | 27.95 37.11  43.18  34.68 37.13 | 6.69 2527 28.41 21.69 31.50
Salamandra 7B jnsyuct | 44.94  53.60  56.55 52.79  57.27 | 11.31 29.94 34.12 25.46 37.67
ALIA 40B nstruct 60.64 64.98 64.68 62.93 66.04 | 15.78 29.86 33.10 26.56 37.85

Liama 3.1 8B nstruct 4929 60.11 61.56 68.22 73.87 | 7.18 26.55 30.12 24.01 35.49
Llama 3.1 8B mergecy | 61.48  57.93 5740 66.42 74.83 | 13.62 25.06 28.14 23.61 34.33
Llama 3.1 8B merge.c. | 45.11  61.67 5842 67.05 71.86 | 508 2826 2529 2161 33.19
Llama 3.1 8B merge.ca | 45.84 57.71  63.62 67.03 7239 | 5.64 2295 3276 2293 3217
Llama 3.1 8B mergees | 46.71  59.36  59.91  67.61 7284 | 6.52 2547 2893 2378  34.45
Llama 3.1 8B merge-muti | 53-31  60.19  61.61 67.93 7359 | 838  26.00 2872 24.07 34.96

Qwen3 8B |nstruct 44.06 56.51 59.37 64.04 69.84 3.51 24.39 2778 23.06 33.09
Qwen3 8B merge-EU 55.71 52.57 56.29 64.10 7215 | 12.65 21.84 25.64 22.70 34.09
Qwen3 8B merge-GL 42.05 57.26 55.62 61.71 69.58 2.66 29.27 23.00 21.66 32.85
Qwen3 8B merge-ca 39.73 4897 58.14 5890  69.53 2.74 19.79  32.23 22.05 3295
Qwen3 8B merge-ES 39.61  50.96 54.39 63.55 70.65 3.17 2441 2695 2336 33.07
Qwen3 8B nerge-mutti 4590 54.85 58.67 6291 70.26 5.69  26.22 28.89 23.43 33.89
Qwen3 14B |nstruct 52.09 6239 62.14 67.87 T71.82 540  25.87 29.11 2420 35.10

Qwen3 14B nerge-EU 65.19 59.20 60.11 65.58 74.40 | 13.90 2431 27.61 24.49 35.81
Qwen3 14B merge-alL 50.53 63.92 59.04 65.50 71.78 4.60 29.30 2648 23.33 34.67
Qwen3 14B nerge-ca 51.15 58.62 64.25 64.33 7145 4.31 22.07 3210 23.66 35.03
Qwen3 14B nerge-Es 51.29 6146 62.11 67.26 72.67 5.14 25.88 2890 24.39 35.11
Qwen3 14B nerge-muti 56.15 61.80 62.08 66.35 T72.72 7.90 27.16 3032 2445 35.82

Table 7: Additional results for Task Arithmetic merges on multiple-choice benchmarks (Accuracy) and
machine translation (BLEU). We report baseline models together with Task Arithmetic merge variants for
Llama 3.1 8B, Qwen3 8B, and Qwen3 14B. Bold indicates the best result among merged variants of the
same backbone model, and underline indicates the best overall result.

Benchmark average Machine Translation
Model EU GL ca ES EN *-EU *-GL *-CA *-ES *-EN
Llama 3.1 8B jgint.u 61.75 5813 5781 64.59 73.71 | 15.03 25.71 29.00 23.86 35.42
Salamandra 2B nstruct 27.95 37.11 43.18 34.68 37.13 | 6.69 2527 2841 21.69 31.50
Salamandra 7B jnstruct 44.94 53.60 56.55 52.79  57.27 | 11.31 29.94 34.12 2546 37.67
ALIA 40B nstruct 60.64 64.98 64.68 62.93 66.04 | 15.78 29.86 33.10 26.56 37.85
Llama 3.1 8B jnstruct 49.29 60.11 61.56 6822 73.87 | 7.18 2655 30.12 24.01 35.49
Llama 3.1 8B merge-EU nearswap | 60.43  56.19  56.77  64.37 74.85 | 14.56 24.81 28.60 23.59  36.61
Llama 3.1 8B merge-GL iinear 4756 63.94 5996 6823 7356 | 6.37 28.91 27.81 23.76 36.69
Llama 3.1 8B merge-CA linear 48.26  59.84 63.99 6787 7348 6.85 2449 3292 2379 36.77
Llama 3.1 8B merge-ES iinear 4046 6026 60.62 6887 7424 | 7.65 2691 30.84 24.46 36.71
Llama 3.1 8B merge-mutti linear 51.66 62.23 61.72 68.46 74.06 | 8.42 27.19 31.10 24.31 37.02
Qwen3 8B |nstruct 44.06 56.51 59.37 64.04 69.84 | 3.51 2439 27.78 23.05 33.09
Qwen3 8B merge-EU ta 55.71 52.57 56.29 64.10 72.15 | 12.65 21.84 25.64 22.70 34.09
Qwen3 8B merge-G ta 42.05 57.26 55.62 61.71 69.58 | 2.66 29.27 23.00 21.66 32.85
Qwen3 8B merge-cA ta 39.73 4897 5814 5890 69.53 2.74 19.79 32.23 22.05 3295
Qwen3 8B merge-ES linear 41.03 56.74 60.26 65.91 7244 | 349 2500 28.00 23.90 33.32
Qwen3 8B merge-multi ta 4590 54.85 58.67 6291 70.26 5.69 26.22  28.89 2343 33.89
Qwen3 14B jnstruct 52.09 62.39 62.14 67.87 71.82 | 540 2587 29.11 2420 35.10
Qwen3 14B merge-EUta 65.19 59.20 60.11 65.58 74.40 | 13.90 24.31 27.61 2449 35.81
Qwen3 14B nerge-GL ta 50.53  63.92 59.04 6550 71.78 | 4.60 29.30 26.48 23.33  34.67
Qwen3 14B merge-cA linear 53.85 63.28 66.84 69.39 7450 | 549 2592 3240 2454 36.22
Qwen3 14B merge-ES linear 53.52  64.02 64.90 69.98 74.78 | 586 27.04 30.02 24.78 36.21
Qwen3 14B merge-mult linear 56.37 64.15 65.17 69.47 7477 | 7.14 27.63 3091 24.88 36.45

Table 8: Additional results showing the best-performing merge configuration per language and backbone
on multiple-choice benchmarks (Accuracy) and machine translation (BLEU). For each merged model, we
report the strongest variant among the explored merge methods. Bold indicates the best result among
merged variants of the same backbone model, and underline indicates the best overall result.
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