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Abstract

Enhancing NLP for low-resource languages
(LRLs) is vital for supporting linguistic diver-
sity, yet a fundamental challenge lies in the
cross-lingual semantic gap. To address this, a
common approach is to initialize LRL word
embeddings with those from high-resource lan-
guages, thereby enriching their semantic space.
However, subsequent embedding adaptation is
typically performed through uniform updates
across the vocabulary, which fails to allocate
larger corrections to semantically difficult or in-
frequent tokens (e.g., culturally specific terms
in Amharic or Somali) that need them most. To
address this, we propose Selective Embedding
Correction (SEC), a parameter-efficient frame-
work for dynamic semantic correction. SEC
models embedding adjustments as sparse low-
rank residuals regularized by a group-lasso ob-
jective. This enables data-driven selectivity
that refines poorly aligned tokens while pre-
serving well-aligned representations. Exper-
iments on named entity recognition, part-of-
speech tagging, and natural language inference
across multiple low-resource languages show
that SEC achieves strong improvements over
baselines with only about 1% additional train-
able parameters'.

1 Introduction

Advancing natural language processing for low-
resource languages (LRLs) is crucial for supporting
linguistic diversity. A fundamental challenge is the
scarcity of training data in LRLs, which hinders
the learning of high-quality, semantically rich word
representations (Joshi et al., 2020; van Esch et al.,
2022). To compensate for this scarcity, a common
approach is to leverage representations from high-
resource languages, but this leads to a semantic
gap, as those representations often fail to capture
mng author.

'Code is available at https://github.com/NLPioneer/
SEC-EMNLP26
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Figure 1: Conceptual illustration of selective embedding
correction. Dashed blue circles denote ideal seman-
tic representations, gray points represent token embed-
dings after normal training. Two rare tokens from low-
resource languages are shown: “Doro Wat” (Amharic,
a traditional spicy chicken dish) and “Soor” (Somali,
a traditional cornmeal porridge). Both appear only a
few times in the adaptation corpus. Red arrows denote
learned corrections (Ae) that selectively shift such long-
tail tokens toward ideal semantic representations.

the nuanced semantics and structural patterns spe-
cific to LRLs. Additionally, issues such as limited
vocabulary coverage and fragmented subword rep-
resentations also weaken the semantic foundation
of the embedding layer (Rust et al., 2021; Petrov
et al., 2023).

To improve cross-lingual transfer for LRLs, re-
cent approaches have increasingly focused on en-
riching target-language embeddings using seman-
tic information transferred from high-resource lan-
guages. Existing methods achieve this through
different forms of cross-lingual embedding align-
ment, including multilingual similarity-based ini-
tialization (Minixhofer et al., 2022; Dobler and
de Melo, 2023; Pham et al., 2024), learned embed-
ding mapping (Liu et al., 2024; Ozeren et al., 2025),
and bilingual lexical projection (Remy et al., 2024;
Sakajo et al., 2025). Despite their methodologi-
cal differences, these approaches generally adapt
embeddings through shared update mechanisms
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applied uniformly across the vocabulary during lan-
guage transfer.

However, not all tokens require the same degree
of semantic adjustment during cross-lingual adap-
tation. Prior work has observed that cross-lingual
transfer performance varies substantially across lan-
guages and tasks (Lauscher et al., 2020; Ebrahimi
et al., 2022). Recent studies further suggest that
rare or under-trained tokens may remain poorly rep-
resented even after standard training procedures,
leading to unstable or degraded downstream behav-
ior (Land and Bartolo, 2024; Chizhov et al., 2024).
As illustrated in Figure 1, the Amharic token “Doro
Wat” and the Somali token “Soor” may appear only
a few times during training, making them difficult
to align through uniform updates alone. Although
relatively rare, such poorly aligned tokens can still
disproportionately affect downstream tasks such
as named entity recognition and natural language
inference. These observations suggest that embed-
ding adaptation should selectively focus on hard-to-
align tokens rather than treating all tokens equally.

To address this limitation, we propose Selective
Embedding Correction (SEC), which formulates
embedding adaptation as a selective correction pro-
cess rather than uniform updates. Specifically, we
decompose the correction into a low-rank resid-
ual term added to the base embedding and enforce
token-level sparsity via a group-lasso regularizer.
As shown in Figure 1, this enables the model to
learn correction vectors Ae that tend to shift mis-
aligned tokens toward the ideal semantic represen-
tations while largely leaving well-aligned tokens
unchanged. This selectivity arises from a trade-
off induced by the sparsity objective: only tokens
whose task gradients are sufficiently strong to over-
come the sparsity penalty are more likely to receive
non-zero corrections.

Our contributions are summarized as follows:

* We propose SEC, a framework that formu-
lates embedding adaptation as a token-level
selective correction problem, addressing the
observation that alignment difficulty varies
across tokens.

* We introduce a group-lasso regularized low-
rank parameterization that achieves sparsity-
driven token selection with only about 1%
additional parameters.

¢ Extensive evaluations across NER, POS, and
NLI tasks demonstrate that SEC outperforms

strong baselines on multiple low-resource lan-
guages.

2 Related Works

To enable cross-language vocabulary transfer, ex-
isting approaches typically first initialize subword
embeddings and then refine them through adaptive
pre-training on the target language.

2.1 Vocabulary Expansion and Initialization

Embedding initialization is critical for cross-lingual
transfer (Yamaguchi et al., 2024). One line of work
uses static alignment, projecting target subword em-
beddings into a shared semantic space via multilin-
gual static word vectors. Methods such as WECH-
SEL (Minixhofer et al., 2022), FOCUS (Dobler
and de Melo, 2023), UniBridge (Pham et al., 2024),
and LGSE (Teklehaymanot et al., 2026) exploit
morphological and subword-level signals without
bilingual supervision. However, these approaches
remain inherently static and cannot dynamically
correct tokens that remain misaligned after the ini-
tialization.

Another class of approaches predicts embed-
dings dynamically using hypernetworks trained
to map external word representations into the
model embedding space, such as OFA and HY-
PEROFA (Liu et al., 2024; Ozeren et al., 2025), as
well as ZeTT (Minixhofer et al., 2024) in zero-shot
settings. While effective, these methods typically
require sufficient training data to learn reliable map-
ping functions, which limits their applicability un-
der extreme low-resource conditions.

A third category employs bilingual dictionaries
or parallel resources for semantic alignment, as in
Trans-Tokenizer (Remy et al., 2024) and Dictionar-
ies to the Rescue (Sakajo et al., 2025). Although
such methods often achieve strong alignment per-
formance, their reliance on high-quality lexical re-
sources restricts their use in many low-resource
languages.

In this work, we adopt UniBridge (Pham et al.,
2024) as the initialization backbone due to its
strong balance between semantic and syntactic
alignment without relying on external resources,
providing a robust foundation for subsequent
embedding-level correction.

2.2 Parameter-Efficient Cross-Lingual
Transfer

Following initialization, the challenge is adapting
pretrained multilingual models without overfitting

21822



to extremely limited LRL data. Parameter-Efficient
Fine-Tuning (PEFT) avoids full model updates by
learning only a small number of task- or language-
specific parameters (Houlsby et al., 2019). Early
approaches like MAD-X (Pfeiffer et al., 2020) in-
serted adapter modules to capture language-specific
knowledge, while LoRA (Hu et al., 2022) intro-
duced low-rank matrix decomposition for efficient
transfer.

Recent work has increasingly explored struc-
tured and selective parameter-efficient adaptation
strategies. TIPA (Accou and Poelman, 2026) ag-
gregates parameters based on linguistic typology
for zero-shot transfer, but focuses on weight-space
sharing rather than correcting embedding-level
misalignment. SLoRA (Ding et al., 2023) and
SLTrain (Han et al., 2024) employ sparse low-rank
updates, and sparse subnetwork enhancement (Gur-
gurov et al., 2025) identifies critical subnets for
underrepresented languages. While these meth-
ods improve internal weight efficiency, they do
not selectively correct hard-to-align tokens in the
embedding space. Circuit-targeted supervised fine-
tuning (CT-SFT) (Nur’aini et al., 2026) demon-
strates strong cross-lingual transfer by selectively
updating task-relevant attention heads. However,
its selection is at the circuit level, whereas our SEC
targets the embedding token level.

In contrast, our work focuses on selective em-
bedding correction, aiming to adapt semantically
difficult or language-specific tokens while preserv-
ing already well-aligned representations.

3 Methodology

3.1 Formulation and Overview

The goal of SEC is to adapt a multilingual pre-
trained model to a target low-resource language
(LRL) while preserving its cross-lingual alignment.
Given a target vocabulary V', we aim to learn an
embedding matrix E € RIVIX? (d: embedding
dimension). We formulate the embedding e(w) for
token w € V as an additive decomposition:

e(w) = epgse(w) + Ae(w) (1

where ep,se(w) denotes the base embedding ini-
tialized by an embedding alignment method (e.g.,
UniBridge (Pham et al., 2024)), and Ae(w) is a
learnable correction.

The core design principle of our method is to
ensure that Ae(w) focuses on adjusting word em-
beddings that remain misaligned with their ideal

semantic positions after conventional multilingual
adaptation. To this end, SEC combines three core
mechanisms: (i) a low-rank parameterization that
constrains embedding updates to a compact sub-
space, (ii) structured sparsity that selectively ac-
tivates corrections at the word level, and (iii) a
multi-objective optimization strategy that balances
task performance, semantic stability, and selective
correction. These components are designed to re-
fine token representations relative to the initialized
base embedding. An overview of the SEC frame-
work is shown in Figure 2, and its components are
introduced in the following sections.

3.2 Low-Rank Parameterization

We parameterize the semantic correction matrix
AE € RIVI*d ysing a low-rank structure. This
design choice is motivated by the fact that directly
learning AE doubles embedding layer parameters,
risking overfitting and memory overhead in low-
resource scenarios, especially given that the em-
bedding layer alone can constitute a substantial
portion of model parameters (Tavares et al., 2025).
LoRA hypothesizes that adaptation is intrinsically
low-rank (Hu et al., 2022), a property recently val-
idated across tasks (Zhang et al., 2023). By the
same principle, we posit that the semantic shifts
during cross-lingual embedding adaptation can also
be captured within a low-dimensional subspace.
We decompose the correction matrix as:

AE =W, 4Wpg 2)

where W4 € RIVIX™ contains word-specific co-
efficients that capture language-specific semantic
adjustments (r < d, e.g., r = 8, d = 768),
and Wp € R™ is a shared projection matrix
that maps the low-rank coefficients back to the
original embedding dimension. This method re-
duces the parameter complexity from O(|V] - d)
to O(|V| - r + r - d). Concretely, the compression

ratio is:
\Vir4+rd r

Vid ~d" V]

for typical values (e.g., |[V| ~ 10°,d = 768, r =
8), this ratio is approximately 0.0104 + 0.00008 =~
1.05%, meaning SEC adds only about 1% addi-
tional parameters relative to the full embedding ma-
trix. Moreover, the low-rank constraint implicitly
regularizes the correction term, mitigating overfit-
ting on limited LRL data.

Regarding the initialization, we adopt an asym-
metric initialization strategy: W4 = 0, Wp ~
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Figure 2: Overview of the SEC framework. Given a base embedding eqs., SEC learns a sparse low-rank
residual correction Ae = W, W that selectively adjusts misaligned tokens while preserving stable cross-lingual
representations. Group-Lasso regularization encourages token-level sparsity in W4, enabling SEC to concentrate
correction capacity on a small subset of hard-to-align tokens during adaptation.

N(0,0?). This ensures that Ae(w) = O at the
beginning of training, preserving the cross-lingual
alignment encoded in the base embedding ep,se,
while allowing LRL-specific offsets to emerge grad-
ually during language-specific adaptation.

3.3 Adaptive Sparse Regularization

However, low-rank parameterization alone does
not distinguish which words require correction.
Thus, we need to selectively activate rather than
adjust all words. To activate more meaningful
language-specific tokens, we impose a group-lasso
penalty (Yuan and Lin, 2006) on the rows of W 4:

Loparse = 3 [Wa(w)ls
weV
where W 4(w) € R" denotes the row correspond-
ing to token w. Since each row governs whether the
associated token participates in the correction sub-
space, the row-wise {5 penalty encourages struc-
tured sparsity at the token level. Consequently,
most tokens remain almost unchanged, while only
a sparse subset receives substantial updates.
The selective behavior can be understood via the
proximal gradient update:

3)

Wg—i—l)(w) = ProX,\|.|s (WS) (w)

4)
—nVw, (w)‘c)

where prox, .|, (V) = max (0, 1- ﬁ) v is
the group-wise soft-thresholding operator. This
operator pushes small-norm rows toward zero, so
tokens with weak gradients receive negligible up-
dates, while those with strong gradients achieve
larger corrections. This trade-off concentrates cor-
rection capacity on misaligned tokens while leaving
well-aligned ones mostly unchanged.

3.4 Optimization Objective and Strategy

We optimize SEC with a multi-objective loss that
balances task adaptation, semantic stability, and
sparsity:

£total = ‘CMLM +)\KL£KL +)\sparse£sparse (5)

where Lysrns is the masked language modeling
loss (standard continued pre-training), L pe-
nalizes KL divergence from the initial embedding
distribution to prevent representational drift, and
AK L, Asparse are tuned on validation data.

We further employ differential learning rates: the
base embeddings epqse are updated with a learning
rate scaled by v € (0, 1) relative to the default rate,
while the correction term Ae uses the full learning
rate. This slows changes to the well-aligned base
while allowing flexible adaptation for the correc-
tions.

Algorithm 1 summarizes the training procedure.
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4 Experimental Setup

4.1 Base Models, Datasets and Evaluation
Protocol

We evaluate SEC on mBERT (Pires et al., 2019)
and XLM-R (Conneau et al., 2020) under the same
experimental setting as UniBridge (Pham et al.,
2024). The source languages are English, Chi-
nese, Russian, Arabic, and Japanese. For target
languages, we evaluate 14 low-resource languages
from WikiANN (Rahimi et al., 2019) for named en-
tity recognition (NER), 9 low-resource languages
from Universal Dependencies (UD) (Nivre et al.,
2016) for part-of-speech tagging (POS), and 10 lan-
guages from AmericasNLI (Ebrahimi et al., 2022)
for natural language inference (NLI). Following
prior work, each WikiANN target language con-
tains only 100 labeled training samples.

For language adaptation, we use monolingual
corpora collected from Wikipedia® for WikiANN
and UD languages. Following UniBridge, we use
up to 10K monolingual samples for target lan-
guages depending on corpus availability, and 50K
samples for each source language. For Americas-
NLI languages, we instead use the monolingual
side of the translation data from (Mager et al.,
2021). We train a SentencePiece tokenizer for each
target language using its corresponding monolin-
gual corpus.

For downstream tasks, models for NER are
trained on the WikiANN training splits of all source
languages and evaluated on the target-language test
sets. Models for POS tagging are trained on the
UD source-language training splits. For NLI, mod-
els are trained on the XNLI (Conneau et al., 2018)
training splits of English, Chinese, Russian, and
Arabic, and evaluated on the AmericasNLI target-
language test sets. We use multi-source transfer
with combined source-language training.

4.2 Evaluation Metrics

For NER on WikiANN, we report F1 score to mea-
sure the overlap between predicted and gold entity
spans. For part-of-speech (POS) tagging on UD
and natural language inference (NLI) on Americ-
asNLI/XNLI, we report token-level and instance-
level accuracy, respectively. We use the same eval-
uation splits and metrics as prior work (Pham et al.,
2024).

2https ://huggingface.co/datasets/graelo/
wikipedia

4.3 Baselines

We compare SEC with several baselines under the
mBERT backbone, including mBERT, MAD-X,
FOCUS, and UniBridge.

* mBERT (Pires et al., 2019) The original mul-
tilingual BERT without multilingual adapta-
tion, serving as a non-adapted baseline.

* MAD-X (mBERT) (Pfeiffer et al., 2020) An
adapter-based parameter-efficient framework
that enables cross-lingual transfer on top of a
frozen mBERT backbone.

« FOCUS (mBERT) (Dobler and de Melo,
2023) An embedding initialization method for
specializing multilingual models to a target
language.

* UniBridge (mBERT) (Pham et al., 2024) A
static cross-lingual embedding alignment and
adaptation pipeline built upon mBERT.

4.4 Implementation Details

We broadly follow the training setup of UniB-
ridge to maintain comparability. Learning rates
and scheduling strategies are initialized from UniB-
ridge’s recommended ranges, with light tuning on
each task’s development set. For SEC, we choose
the rank » = 8 across all experiments, while the
sparsity weight Agpqrse and the DLR decay factor
~ are selected using development performance. A
complete hyperparameter specification and search
ranges are provided in Appendix A.

5 Results and Analysis

5.1 Main Task Results

We conduct experiments on NER, POS tagging,
and NLI. The results are shown in Table 1, Table 2,
and Table 3, respectively.

Overall, SEC outperforms UniBridge on average
across all three tasks. The largest improvement
is on NER (Table 1), where SEC improves the
average F1 by +9.57% (from 37.35% to 46.92%).
This highlights the benefit of selective token-level
correction for entity recognition. On the NLI task,
SEC achieves a consistent improvement of +1.88%
on average, which is expected given that this task
primarily relies on sentence-level semantics rather
than fine-grained lexical adjustments. SEC further
improves POS tagging performance by +3.45% on
average.
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Language amh ang cdo crh eml frr km kn lij ps sa sd si so AVG
mBERT 12.87 52.24 19.76 47.81 39.71 51.3 18.46 42.86 45.0 25.86 30.71 13.61 2.79 46.15 32.08
MAD-X(mBERT) 13.91 51.48 16.22 46.22 39.2 45.76 19.2 31.3 37.35 29.25 22.96 20.31 12.34 37.66 30.23
FOCUS(mBERT) 13.41 47.90 12.44 33.16 40.32 56.76 21.98 39.08 42.74 29.81 15.32 13.21 1.37 58.63 30.44

UniBridge(mBERT) 15.46 53.28 30.42 45.67 36.15 54.72 19.49 44.07 45.49 39.33 20.55 42.36 13.68 62.28 37.35

SEC(mBERT)

31.08 61.12 36.99 43.82 39.44 59.36 40.17 55.93 43.51 47.91 32.64 51.88 48.22 64.84 46.92

Table 1: F1 scores on 14 WikiANN target languages (mBERT backbone). Best results are shown in bold and second

best results are underlined.

Language aym bzd cni gn hch nah oto quy shp tar AVG
mBERT 33.33 33.33 33.33 3333 33.33 33.33 33.2 33.28 33.33 33.33 33.31
MAD-X(mBERT)  33.06 33.33 34.4 3346 34.0 33.33 3342 3373 3293 332 3349
FOCUS(mBERT) 3693 35.47 34.53 37.87 348 365 365 344 33.33 33.33 3537
UniBridge(mBERT) 35.73 33.33 33.33 37.46 34.34 36.31 33.42 36.66 34.40 344 3494
SEC(mBERT) 3747 33.73 36.13 39.6 352 39.57 357 40.93 35.73 34.13 36.82

Table 2: Accuracy on 10 AmericasNLI target languages (mBERT backbone). Best results are shown in bold and

second best results are underlined.

Language amh lij olo sa sd si ta tl tt  AVG
mBERT 8.59 60.66 61.49 935 2039 11.47 7293 663 83.2 43.82
MAD-X(mBERT) 13.31 50.47 59.61 10.88 24.93 25.68 66.61 55.56 74.17 42.36
FOCUS(mBERT) 1091 62.46 65.93 7.39 2836 11.02 79.80 71.11 82.59 46.62
UniBridge(mBERT) 29.24 65.53 70.65 12.86 66.78 52.61 75.23 70.65 84.16 58.64
SEC(mBERT) 34.53 66.17 75.20 11.13 77.88 71.82 82.74 60.95 78.42 62.09

Table 3: Accuracy on 9 UD target languages (mBERT backbone). Best results are shown in bold and second best

results are underlined.

For NER, the greatest gains are observed in
Ambharic (amh) and North Frisian (frr), where en-
tities have unique language-specific characteris-
tics. The sparse regularizer effectively corrects
low-frequency or morphologically complex sub-
words while preserving well-aligned ones.

While SEC improves average performance
across all three tasks, we observe notable variability
in POS tagging results across individual languages.
SEC yields substantial gains for several languages,
including Ambharic (amh), Sindhi (sd), and Sin-
hala (si), but shows modest decreases for Sanskrit
(sa), Tagalog (tl), and Tatar (tt), e.g., sa drops from
12.86% to 11.13%, tt from 84.16% to 78.42%. One
reason is that Sanskrit (highly inflected) and Tatar
(agglutinative) produce fragmented subword repre-
sentations under standard tokenizers; with only a
few thousand labeled POS samples, sparse gradient
estimates can become unstable, leading to occa-
sional degradation. Another reason is that the inter-
action between task gradient and sparsity penalty
is sensitive to hyperparameters such as Agpqrse and
the differential learning rate. While the chosen val-
ues work well on average, languages with extreme
morphological complexity may benefit from per-

language tuning or adaptive regularization. Future
work could explore gated mechanisms or learnable
per-token thresholds to better control correction
magnitude. Despite these fluctuations, NER and
NLI results remain robust, and the average POS
improvement confirms SEC’s overall effectiveness.

We also evaluate on XLM-R (full results in Ap-
pendix C.2). On XLM-R, SEC improves NER mod-
erately (+1.44%) and POS marginally (+0.31%),
but slightly hurts NLI (-1.47%). We attribute this
mixed outcome to XLM-R’s stronger multilingual
pretraining and finer-grained tokenization, which
already reduce embedding misalignment. Thus,
selective correction yields smaller gains and may
over-regularize on sentence-level tasks (NLI). In-
stead, these findings further clarify the scenarios
where SEC is most effective: SEC brings clear
gains when base embeddings are weaker (e.g.,
mBERT) while having little effect on stronger back-
bones.

To further assess the robustness of the observed
improvements, we conduct additional statistical
analyses. Five-seed experiments on POS yield a
standard deviation of +0.50 on the average accu-
racy, while paired t-tests between UniBridge and
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Task
Models  Grp ™ NI POS
Full SEC  46.92 36.82 62.09
Loparse 4436 3570 61.68
~LxL 4552 3531 57.98
-low-rank 41.36 3455 56.61

Table 4: The performance of SEC on NER, NLI and
POS tasks for different ablation experiments.

SEC show statistically significant improvements
on both NER (p = 0.0024) and NLI (p = 0.0019).
Detailed results are provided in Appendix C.1.

5.2 Ablation Study Results

Table 4 compares SEC with its ablated variants
(detailed results in Appendix C.3). The low-rank
structural constraint is the most critical component:
removing it (- low-rank) causes substantial perfor-
mance drops, especially on NER and POS (over
5% on average), whereas NLI remains more ro-
bust due to its sentence-level nature. In contrast,
removing selective activation (- Lgpqrse) leads to
a moderate but consistent degradation, suggesting
that sparsity mainly focuses correction capacity
rather than driving performance alone. Semantic
anchoring (- Lx,) primarily provides stabilization,
as its removal leads to a modest degradation on
NER and NLI (1-2%), but a larger drop on POS
(-4.11%). Overall, SEC’s effectiveness stems from
its selective sparsity and low-rank design.

5.3 Intrinsic Embedding Evaluation

To directly assess the quality of learned embed-
dings, we evaluate cross-lingual semantic align-
ment using parallel sentence pairs. In low-resource
settings, intrinsic evaluation of embedding quality
is challenging due to the lack of reliable lexical-
level benchmarks. Therefore, we adopt sentence-
level cross-lingual similarity as a practical proxy: if
embeddings are better aligned, semantically equiv-
alent sentences across languages should be mapped
to closer representations in the shared embedding
space.

We conduct this analysis on the same 14 low-
resource languages used in the NER experiments.
For each language, we construct a set of English—
target language sentence pairs (approximately 10—
20 pairs) based on the evaluation data.

Given a sentence s, we obtain its representation
h, € R? by mean-pooling the final-layer hidden

states of the Transformer encoder:

1 L
h, = Z H; (6)
=1

t~

where H € RY*? denotes the sequence of contex-
tualized token representations. For each sentence
pair (Sen, Starget), We compute the cosine similar-
ity between h,,, and hygge-

Language Pair UniBridge SEC A

en—amh 0.3798 0.3876  +0.0078
en—ang 0.3544 0.3877 +0.0333
en—cdo 0.2664 0.2664  +0.0000
en—crh 0.4491 0.4265 -0.0226
en—eml 0.3294 0.3418 +0.0124
en—frr 0.3352 0.3624  +0.0272
en—km 0.4415 0.4760  +0.0345
en—kn 0.5177 0.5276  +0.0099
en-lij 0.5049 0.5110 +0.0061
en—ps 0.4891 0.4918 +0.0027
en—sa 0.4348 0.4409 +0.0061
en—sd 0.4772 0.4864  +0.0092
en—si 0.4511 0.4779  +0.0268
en—so 0.5026 0.4859 -0.0167
Average 0.4238 0.4336  +0.0098

Table 5: Sentence-level cross-lingual similarity as a
proxy for embedding quality.

As shown in Table 5, SEC improves cross-
lingual similarity in the majority of languages, with
an overall increase in average similarity. This indi-
cates that SEC leads to better alignment between
semantically equivalent sentences across languages,
suggesting improved embedding quality. Notably,
the gains are more pronounced in several typologi-
cally diverse languages (e.g., ang, frr, km, si), while
only minor decreases are observed in a small num-
ber of cases. Overall, these results provide addi-
tional evidence that SEC improves cross-lingual
representation quality.

5.4 Token-Level Diagnostic Analysis

This section examines whether SEC fulfills its de-
sign goal of allocating embedding correction ca-
pacity selectively, i.e., concentrating the correction
term Ae on tokens that are harder to align under
uniform language adaptation, rather than distribut-
ing updates evenly across the vocabulary.

To identify tokens that are more likely to require
explicit correction, we introduce a representation-
level diagnostic that captures the mismatch be-
tween a token’s static embedding and its contextual
usage. Specifically, for each token w, let e(w)
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Figure 3: Activation rate of Ae across tokens grouped
by CtxGap (Low/Mid/High) for five representative lan-
guages (amh, crh, eml, km, so). Tokens with higher
alignment difficulty (Mid/High) receive corrections
more frequently than well-aligned ones (Low).

denote its static embedding obtained from the em-
bedding layer after language-specific adaptation.
Given an input context, e(w) is propagated through
the Transformer layers to produce a contextualized
representation h., (w) at the final layer. We mea-
sure their discrepancy as:

CtxGap(w) = Eegy [||e(w) — he (w)]|2]

although e(w) and h, (w) reside at different pro-
cessing stages, their discrepancy provides a prac-
tical proxy for contextual adaptation difficulty. In-
tuitively, if a token needs to be modified more ex-
tensively in different contexts, it means that the
token is more difficult to align under normal cir-
cumstances.

Based on this score, we partition tokens into
three groups (Low, Mid, and High) according to
their alignment difficulty, and analyze how SEC
allocates correction capacity across these groups.
Specifically, we measure the activation rate of the
correction term Ae. As shown in Figure 3, tokens
in the Mid and High groups consistently exhibit
higher activation rates and larger correction mag-
nitudes across languages, while tokens in the Low
group are rarely activated. More detailed experi-
mental results can be found in the Appendix C.4.
These results indicate that SEC concentrates em-
bedding corrections on tokens with higher align-
ment difficulty, rather than uniformly modifying
the embedding space.

5.5 Concentration of Embedding Corrections

To verify whether SEC indeed performs selective
embedding correction, we analyze how the learned

Distribution of Embedding Correction Strength

Cumulative Correction Strength %

20 40 60 80 100
Top-k Tokens (%)

Figure 4: Cumulative distribution of embedding correc-
tion strength. Across representative languages, the top
20% of tokens account for more than 70% of the total
correction strength.

offset vectors Ae are distributed across the entire
vocabulary.

For each token w, we compute the £5 norm of its
correction vector Ae(w), and use its squared norm
| Ae(w)]|3 as a measure of correction strength. To-
kens are then ranked by their correction magnitude.
For several representative languages, we visualize
the cumulative distribution of correction strength,
where the x-axis corresponds to the top £% of to-
kens and the y-axis represents the proportion of to-
tal correction strength contributed by these tokens.
As shown in the Figure 4, a clear concentration
pattern emerges: the top 20% of tokens account
for more than 70% of the total correction strength
across languages.

These results indicate that SEC concentrates
most of its correction on a subset of key tokens,
while making only minor adjustments to the major-
ity of tokens.

5.6 Controlled Update Magnitudes

As shown in Sections 5.4 and 5.5, SEC prefer-
entially allocates its correction power to poorly
aligned tokens, resulting in highly concentrated up-
dates. However, selectivity alone does not guaran-
tee that well-aligned tokens are unaffected. There-
fore, a supplementary question arises: does SEC
avoid unnecessary updates to tokens that are al-
ready well aligned? To answer this question, we
compare the overall magnitude of embedding up-
dates induced by standard multilingual adaptation
and SEC on well-aligned tokens. For each token w,
we measure its embedding change relative to the
{5 norm of the shared initialization. We report the
mean and standard deviation of update magnitudes
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Figure 5: Distribution of embedding updates || Ae(w)||2
for well-aligned tokens. Compared to standard adap-
tation, SEC updates are consistently smaller and more
concentrated.

amh crh eml Kkm )

Std. Adapt. |AE[> 088 068 062 096 095
SEC (Sel) [|[AE[]; 071 042 049 076 0.77
Reduction (%) 191 380 206 210 19.0

Table 6: Average {5 norm of embedding update magni-
tudes (|| AE||2) under well-aligned tokens, comparing
standard language-specific adaptation (Std. Adapt.) and
SEC across five languages.

per language.

Across the five representative languages shown
in Table 6, SEC yields smaller average embedding
updates than standard fine-tuning, with reduction
ratios ranging from 19.0% to 38.0%. More de-
tailed experimental results can be found in the Ap-
pendix C.6. Beyond the aggregated statistics, Fig-
ure 5 visualizes the distribution of update magni-
tudes for well-aligned tokens. Specifically, SEC
exhibits a lower median magnitude and a more
compact distribution, indicating that unnecessar-
ily large updates are effectively suppressed. This
reduction aligns with the selective correction be-
havior observed in Sections 5.4 and 5.5. Together,
these analyses characterize SEC’s update strategy:
while difficult tokens receive focused corrections,
well-aligned tokens are largely preserved. Unlike
standard multilingual adaptation, which uniformly
propagates updates across the vocabulary, SEC ex-
plicitly limits redundant and unnecessary pertur-
bations, achieving a more targeted and disciplined
embedding adaptation.

6 Conclusion

In this work, we introduced SEC, a selective embed-
ding correction framework for cross-lingual trans-

fer in low-resource languages. Through sparse low-
rank adaptation at the embedding level, SEC se-
lectively refines semantically hard-to-align tokens
while preserving already aligned representations.

Experimental results across multiple low-
resource benchmarks show that uniform embed-
ding adaptation is often suboptimal, as align-
ment difficulty varies substantially across tokens.
By concentrating adaptation capacity on poorly
aligned tokens, SEC achieves consistent improve-
ments across diverse tasks and languages with min-
imal parameter overhead.

More broadly, our findings suggest that token-
level selectivity is an important yet underexplored
factor in cross-lingual embedding adaptation. We
hope this perspective encourages future research on
more adaptive and alignment-aware transfer mech-
anisms for low-resource multilingual modeling.

Limitations

Although SEC consistently improves cross-lingual
transfer in low-resource settings, several limitations
remain. First, the effectiveness of selective embed-
ding correction varies across pretrained backbones.
In particular, we observe smaller gains on mod-
els such as XLM-R, whose stronger multilingual
pretraining and larger subword vocabulary may
already alleviate part of the embedding misalign-
ment problem. This suggests that the benefit of
token-level correction is partially dependent on the
underlying tokenizer and embedding space struc-
ture.

Second, SEC introduces an additional interac-
tion between the task objective and the sparsity
regularization term. In practice, the balance be-
tween these two signals can be sensitive to hy-
perparameters such as Agpqrse and the differential
learning rate, especially for morphologically rich
or highly fragmented languages. While a shared
configuration works well overall, certain languages
may benefit from more adaptive sparsity control or
language-specific tuning strategies.

Future work may explore adaptive gating mecha-
nisms or learnable token-wise thresholds to further
improve the robustness and scalability of selective
embedding correction.
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A Hyperparameters and Training Details

All experiments are conducted on NVIDIA RTX
A6000 GPUs. Training time varies across lan-
guages and tasks; a single language typically takes
between 0.5 to 2 hours. We present the hyperpa-
rameters for training and inference for SEC and all
the baselines’ configurations in Tables 7-11.

Hyperparameter Value
Initial vocab size v; 7000
Maximum vocab size vy, 60000
Increased step of vocab size §, 1000

Threshold for stopping the algorithm ¢, 5.0

Table 7: The hyperparameter for vocabulary size search-
ing process.

Hyperparameter Value
Static embedding model FastText
Static embedding dimension 300
Number of epoch of training 3

Table 8: The hyperparameter for embedding initializa-
tion stage.

Hyperparameter Value
Number of epochs trained 10
Batch size 32
Learning rate le-5

Table 9: The configuration of the pre-trained LMs’ fine-
tuning on source downstream task and zero-shot transfer
to target language.

Hyperparameter Value
Invertible adapter reduced factor 2
Language adapter reduced factor 2

KL divergence weight 8 1.0
Masked probability 0.15
Number of epochs trained 50
Batch size 32
Base embedding learning rate {5e-4, 3e-4}
Correction learning rate {5e-3, 2.5¢-3, 1e-3, Se-4}
Sparsity weight Asparse {7.5e-5, 5e-5}
Low-rank dimension r 8

Table 10: Hyperparameters for language adaptation.
Adapter dimensions are scaled by a reduction factor,
with learning rates tuned individually per language to
account for varying representation in the pre-trained
LM.

Hyperparameter Value
Task adapter reduced factor 16
Number of epochs trained 20
Batch size 32
Learning rate {2e-4, 1e-3}

Table 11: Hyperparameters for task adaptation. Since
languages are unevenly represented in pre-trained LMs,
we employ language-specific learning rates for optimal
adaptation.

B Additional Discussion

B.1 Why focus on low-resource languages?

Although SEC is technically applicable to any
language, we specifically position it in the low-
resource setting because the challenges it addresses
are particularly pronounced there.

In high-resource languages, large amounts of
task-specific data allow standard fine-tuning to
gradually adjust token embeddings through suf-
ficient gradient signals. However, in low-resource
languages (LRLs), two issues arise:

* The pretrained embeddings often exhibit sys-
tematic semantic misalignment due to limited
pretraining exposure.

* The available task data is too limited to
safely perform unconstrained embedding up-
dates without overfitting or distorting well-
initialized representations.

SEC is designed precisely for this regime. By
decomposing embeddings into an initialized base
component and a learnable low-rank residual, and
enforcing token-level sparsity via group-lasso reg-
ularization, SEC enables controlled and selective
corrections. Only tokens exhibiting substantial con-
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Algorithm 1 Training procedure of SEC

Require: Base embedding matrix Ey, ., monolingual corpus D for target LRL, rank r, sparsity weight

Asparse; KL weight A, scaling factor ~y
1: Initialize W4 = 0, W ~ N(0, 0?)

2: Set the learning rate of Ey,. to v - 1 (differential LR)

3: for each training step do
4:  Sample a batch from D

5: Compute e(w) = €pgse(w) + (W 4 W ) (w) for all w in batch
6:  Forward pass through the model to compute £ /7 s
7
8

Compute Lr 1, and Lgparse (Eq. 3)

Etotal = EMLM + )\KL'CKL + )\sparse»csparse

9:  Backward pass and update W 4, W, and Ep.

10: end for

11: return Corrected embedding matrix E = Ey,,c + W4 Wp

textual discrepancy receive updates, while stable
embeddings remain untouched.

This correction mechanism is particularly ben-
eficial when training data is scarce, as it prevents
unnecessary global shifts in the embedding space.

B.2 Choice of low-rank dimension

We do not assume that = 8 is universally optimal
across languages with different morphological or
script characteristics. In fact, the choice of the rank
is empirical rather than theoretically tied to specific
linguistic properties.

In early experiments, we initially introduced
a full-dimensional residual vector (i.e., same di-
mension as the original token embedding). While
this improved performance, it was unclear whether
the gains came from selective correction or sim-
ply from increased parameter capacity. To better
control model capacity and isolate the effect of
structured correction, we adopted a low-rank pa-
rameterization.

We conducted a hyperparameter sweep over
r € {4,6,8,10,12,14,16}. Across languages and
tasks, r = 8 provided the best average performance,
offering a good balance between expressiveness
and regularization. Smaller ranks limited correc-
tion capacity, while larger ranks introduced mild
overfitting in low-resource settings. For illustrative
purposes, Table 12 reports the results on the NER
task using mBERT as the backbone; analogous
sweeps on XLM-R and across other tasks (POS,
NLI) consistently favored » = 8 as well, which we
therefore adopt uniformly across all experiments.

Thus, r = 8 should be understood as an empiri-
cally chosen trade-off value rather than a linguisti-
cally motivated constant.

T r=4r=6r=8r=10r=12r=14r =16
result 46.26 43.22 46.92 43.86 44.48 42.09 45.09

Table 12: Results of F1 score on the NER task with
mBERT across different values of r. The best perfor-
mance is achieved at r = 8.

B.3 Extremely low-resource settings

To evaluate the robustness of SEC with smaller
adaptation corpora, we subsample target-language
monolingual data to 1K and 3K sentences for se-
lected languages. Table 13 reports the downstream
performance under these reduced data settings. The
results show that SEC maintains improvements
over the baseline even with severely limited data, al-
though gains are naturally smaller compared to us-
ing the full corpus. This demonstrates the method’s
effectiveness in low-resource scenarios.

C More Experiments and Ablation Study

C.1 Statistical Significance Analysis

To further evaluate robustness, we reran the POS
experiments with five random seeds after the main
experiments under a fixed configuration; the mean
and standard deviation are reported in Table 14
(per-language values may differ from the main ta-
bles). For NER and NLI, we perform paired t-tests
between UniBridge and SEC across all target lan-
guages (see Table 15).

C.2 Performance of SEC on XLM-R

To further evaluate the effectiveness of our pro-
posed SEC method, we conduct additional experi-
ments by applying it to the XLM-R backbone. We
found that FOCUS performs poorly on XLM-R and
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Language amh ang cdo crh eml frr km kn lij ps sa sd si so AVG
1K Adaptation Samples

UniBridge 0.0 29.34 523 1560 23.58 40.0 0.0 2723 21.09 3.05 14.02 4.06 0.0 44.78 16.32

SEC 1.40 27.07 1245 23.67 24.19 44.22 11.24 32.08 2531 0.0 13.77 3.10 2.55 48.46 19.25

A +1.40 -227 +7.22 +8.07 +0.61 +4.11 +11.24 +4.85 +4.22 -3.05 -0.25 -1.05 +2.55 +3.68 +2.93
3K Adaptation Samples

UniBridge 1.16 44.72 18.23 325 31.62 49.77 20.66 45.30 27.00 26.79 24.31 33.85 13.89 50.23 30.00

SEC 8.65 57.92 24.60 40.75 32.03 47.44 31.05 48.76 37.69 30.69 23.40 43.17 24.67 53.68 36.04

A +7.49 +13.20 +6.37 +8.25 +0.41 -2.33 +10.39 +3.46 +10.69 +3.90 -0.91 +9.32 +10.78 +3.45 +6.03

Table 13: F1 scores on 14 WikiANN target languages with different amounts of monolingual adaptation data using
mBERT as the backbone. Best results are shown in bold.

Setting amh lij olo sa sd si ta tl tt AVG
Seed1 3453 68.05 7520 1098 76.67 70.57 7946 63.94 7939 62.09
Seed 2 36.67 6697 6820 11.13 78.88 71.82 82.74 6095 7842 61.75
Seed3  35.03 6534 69.02 1099 7432 6898 83.09 6238 78.03 60.80
Seed 4 36.60 66.18 7634 1146 7583 70.90 81.00 58.33 76.35 6144
Seed5 3259 6632 7379 1138 78.78 68.86 80.15 61.65 76.88 61.16
Mean 35.08 6657 7251 11.19 7690 7023 8129 6145 77.81 6145
Std. +1.68 +1.01 +3.68 +022 +£196 £1.28 *1.59 +2.07 122 +0.50

Table 14: Five-seed evaluation of SEC on the POS task with mBERT. Mean and standard deviation are reported

over five random seeds.

Task Compared Methods Lang t-statistic p-value

NER UniBridge vs. SEC 14 3.75 0.0024
NLI  UniBridge vs. SEC 10 4.35 0.0019

Table 15: Paired t-test results comparing UniBridge and
SEC across target languages.

therefore do not include it in the comparison. The
detailed results of SEC on XLM-R are presented in
Tables 16, Table 17 and Table 18.

C.3 Detailed Ablation Study of SEC on
mBERT

We further perform an ablation study to analyze
the individual contributions of SEC’s components
when applied to mBERT. The results are displayed
in Table 19, Table 20 and Table 21.

C.4 Token-Level Alignment Difficulty
Statistics

To investigate whether SEC selectively adjusts
poorly aligned tokens, we analyzed the activation
statistics of Ae in three misaligned groups. De-
tailed results for all 14 languages are shown in
Table 22.

C.5 Top-Token Correction Strength Statistics

This appendix reports the contribution of the top
20% tokens to the total embedding correction
strength for all languages, corresponding to the
analysis in §5.5. The results are summarized in
Table 23.

C.6 Controlled Update Magnitude Statistics

This appendix presents the quantitative results for
the update magnitude analysis in §5.6. Table 24 re-
ports the mean update magnitudes ||AE||2 on well-
aligned tokens across all languages, while Table 25
provides the corresponding standard deviations. To-
gether, these results show that SEC suppresses un-
necessary updates on well-aligned tokens while
preserving focused corrections for difficult tokens.

C.7 Decoder-Only LLM Evaluation

SEC achieves higher average performance than
both UniBridge and FOCUS on Qwen2.5-3B. In
particular, the average NER score increases from
4.75 with UniBridge to 11.67 with SEC, while
the average POS accuracy increases from 22.18
to 30.33 (see Table 26 and Table 27). These results
provide additional evidence that selective embed-
ding correction generalizes beyond encoder-only
multilingual PLMs to decoder-only architectures.
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Language amh ang cdo crh eml frr km kn lij ps sa sd si so AVG

XLM-R 43.31 52.71 22.04 44.62 40.0 44.17 40.69 45.34 40.45 46.0 41.28 43.13 50.03 50.23 43.14
MAD-X(XLM-R) 393 46.59 17.32 36.63 33.86 39.51 50.0 45.24 38.13 42.66 19.93 39.06 39.55 49.6 38.38
UniBridge(XLM-R) 49.6 43.24 42.91 46.03 40.15 50.67 42.67 48.72 45.16 46.09 29.74 51.32 52.86 54.22 45.95
SEC(XLM-R) 47.46 54.09 40.35 48.86 40.68 61.68 48.34 47.22 37.30 46.61 37.15 41.51 52.09 60.09 47.39

Table 16: F1 scores on 14 WikiANN target languages (XLM-R backbone). Best results are shown in bold and
second best results are underlined.

Language aym bzd cni gn hch nah oto quy shp tar AVG

XLM-R 36.26 38.53 36.4 37.33 37.33 39.43 36.89 37.6 35.86 34.66 37.03
MAD-X(XLM-R) 3946 36.8 38.93 39.73 35.86 40.78 33.42 37.46 39.06 36.53 37.80
UniBridge(XLM-R) 52.13 36.8 40.26 59.59 35.86 46.88 42.38 59.86 35.6 364 44.58
SEC(XLM-R) 40.93 38.93 36.67 56.93 36.13 50.81 36.63 54.43 384 41.20 43.11

Table 17: Accuracy on 10 AmericasNLI target languages (XLM-R backbone). Best results are shown in bold and
second best results are underlined.

Language amh lij olo sa sd si ta tl tt  AVG

XLM-R 46.02 39.15 60.69 329 70.01 76.25 85.53 67.45 59.89 59.77
MAD-X(XLM-R)  47.72 58.28 69.48 36.1 71.2 73.86 83.85 69.01 65.83 63.93
UniBridge(XLM-R) 40.88 73.75 81.45 38.94 71.73 63.52 83.5 72.62 81.3 67.52
SEC(XLM-R) 4471 77.24 79.57 3391 70.84 69.66 85.10 70.94 78.46 67.83

Table 18: Accuracy on 9 UD target languages (XLM-R backbone). Best results are shown in bold and second best
results are underlined.

Language amh ang cdo crh eml frr km kn 1lij ps sa sd si so AVG
SEC(mBERT) 31.08 61.12 36.99 43.82 39.44 59.36 40.17 55.93 43.51 47.91 32.64 51.88 48.22 64.84 46.92
- Lsparse 30.15 52.31 28.08 48.06 37.63 58.93 33.06 50.64 41.91 38.06 33.10 51.72 51.01 66.07 44.36
-LrrL 23.39 63.49 40.53 45.59 33.56 54.31 39.31 52.77 36.5 41.94 34.03 47.65 53.11 71.11 45.52

- low-rank 19.66 51.32 35.44 36.8 40.31 49.11 28.95 54.46 41.88 40.34 34.04 48.59 37.82 60.27 41.36

Table 19: The results of the F1 score for SEC and its ablated variants with mBERT as a backbone are reported on
WikiANN across 14 low-resource languages. Best results are shown in bold and second best results are underlined.

Language aym bzd cni egn hch nah oto quy shp tar AVG
SEC(mBERT) 37.47 33.73 36.13 39.60 35.20 39.57 35.70 40.93 35.73 34.13 36.82
- Lsparse 33.33 33.87 36.13 38.0 33.73 40.24 35.03 35.87 35.73 35.07 35.70
- Lk 33.33 32.67 34.0 424 34.27 37.40 35.03 34.27 35.47 34.27 35.31

- low-rank 33.73 33.33 34.13 39.06 33.33 38.35 33.29 33.73 34.27 32.27 34.55

Table 20: The results of accuracy for SEC and its ablated variants with mBERT as a backbone are reported
on AmericasNLI across 10 low-resource languages. Best results are shown in bold and second best results are
underlined.

Language amh lij olo sa sd si ta tl tt AVG
SEC(mBERT) 34.53 66.17 75.20 11.13 77.88 71.82 82.74 60.95 78.42 62.09
- Losparse 33.74 66.03 74.73 11.11 77.18 71.48 81.81 59.97 79.03 61.68
- LKL 32.99 69.10 63.84 10.60 77.37 72.72 62.50 63.52 69.17 57.98

- low-rank 34.23 64.44 60.35 10.54 75.55 66.82 72.91 58.49 66.14 56.61

Table 21: The results of accuracy for SEC and its ablated variants with mBERT as a backbone are reported on the
UD dataset across 9 low-resource languages. Best results are shown in bold and second best results are underlined.
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Language amh ang c¢do crh eml frr km kn lij ps sa sd si S0

Low 60.81 67.27 59.98 69.14 67.42 63.81 59.38 66.29 63.66 64.26 64.26 63.21 61.49 64.86
Mid 83.76 78.14 81.21 77.09 78.06 79.79 80.46 80.31 79.86 81.06 81.36 80.91 82.26 78.67
High 80.40 79.57 83.78 78.75 79.50 81.38 85.14 78.38 81.46 79.65 79.35 80.85 81.23 81.46

Table 22: Activation rates of Ae for 14 low-resource languages, with tokens grouped into low, medium, and high
alignment-difficulty buckets as measured by contextual discrepancy (CtxGap).

Language amh ang cdo crh eml frr km kn lij ps sa sd si SO

Top-20% Strength (%) 99.72 82.22 86.03 73.70 79.44 99.03 99.35 97.40 97.09 99.34 93.15 99.08 96.80 93.56

Table 23: Contribution of the top 20% tokens to the total embedding correction strength across all languages.

amh ang c¢do crh eml frr km Kkn lij ps sa sd si SO

Std. Adapt. 0.880 0.468 0.582 0.681 0.627 0.939 0.967 0.857 0.820 0.764 0.866 0.682 0.841 0.950
SEC (Sel.) 0.712 0.623 0.582 0.423 0.498 0.679 0.764 0.720 0.631 0.716 0.704 0.671 0.720 0.770

Reduction (%) 19.1 -332 -0.04 38.0 206 277 21.0 159 230 62 187 16 143 190

Table 24: Mean ¢> norm of embedding update magnitudes (]| AE||2) on well-aligned tokens under standard language-
specific adaptation and SEC. Reduction is computed based on mean values; negative values indicate increased
update magnitude under SEC.

amh ang c¢do crh eml frr km kn lij ps sa sd si SO

Std. Adapt. (Std) 0.057 0.062 0.056 0.057 0.055 0.064 0.070 0.053 0.058 0.056 0.058 0.049 0.058 0.065
SEC (Sel.) (Std) 0.047 0.047 0.056 0.048 0.047 0.047 0.056 0.045 0.047 0.053 0.049 0.044 0.048 0.056

Table 25: Standard deviation of embedding update magnitudes (|| AE||2) on well-aligned tokens under standard
language-specific adaptation and SEC across languages.

Method amh ang cdo crh eml frr lij sd si AVG
Qwen2.5-3B 0.00 644 055 201 3.71 5.71 514 070 0.00 270
FOCUS 000 775 1.67 340 183 1563 642 831 1.68 5.19
UniBridge 340 841 065 427 202 1530 370 333 1.65 4.75
SEC 2085 8.64 126 799 1250 1429 1232 995 1722 11.67

Table 26: NER results on Qwen2.5-3B across 9 target languages.

Method amh lij olo sd si ta tl tt AVG
Qwen2.5-3B 16.15 2193 32.80 14.65 2591 2991 2578 17.18 23.04
FOCUS 5.09 1155 26.14 507 2233 18.18 2141 17.02 1585
UniBridge 1472 31.68 1747 2220 2852 1258 33.70 16.58 22.18
SEC 18.89 36.88 27.35 3555 28.64 20.67 39.00 35.66 30.33

Table 27: POS results on Qwen2.5-3B across § target languages.
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