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Abstract
Continual pretraining with vocabulary expan-
sion is often used to make large language mod-
els (LLMs) more effective and efficient at han-
dling new languages. However, when LLMs are
extended tomany languages simultaneously, the
number of model parameters increases signifi-
cantly. In addition, the newly added tokens do
not receive the same number of training steps
as the tokens in the original vocabulary, which
sometimes leads to vocabulary expansion yield-
ing only limited performance improvements.
We propose leveraging the semantic equiva-
lence between words in the model’s primary
language and those in the extended vocabulary
to transfer learned representations. In this pa-
per, we introduce MATE, a parameter-efficient
vocabulary expansion method that enables ef-
fective cross-lingual transfer with 8× fewer ad-
ditional parameters per token. MATE reduces
the average tokenization compression ratio and
consistently outperforms baselines on various
multilingual tasks, especially for low-resource
languages.

1 Introduction

Large Language Models (LLMs) are predominantly
pre-trained on English and a few high-resource lan-
guages (Brown et al., 2020; Touvron et al., 2023;
OLMo et al., 2025). Adapting them to unseen,
low-resource languages is often bottlenecked by
static subword tokenizers (e.g., BPE (Sennrich et al.,
2016)). When applied to new scripts, these tok-
enizers tend to fragment words inefficiently into
byte-level sequences, resulting in high token fertil-
ity, increased latency, and diluted semantics (Rust
et al., 2021). For example, OLMo 2 (OLMo et al.,
2025) tokenizes a Burmese text into a sequence 12
times longer than its English equivalent.

Prevailing solutions rely on vocabulary adapta-
tion, such as replacing or expanding the tokenizer
(Li et al., 2025; Fujii et al., 2024; Cui et al., 2023).
However, these methods have several drawbacks.

Figure 1: Illustration of embedding vectors for words
with the same meaning across different languages us-
ing MATE. With English as the anchor language, some
embedding dimensions in the other languages are weight-
tied to improve cross-lingual transfer, while learnable
private parameters capture language-specific nuances.

First, they increase the number of model parame-
ters. More importantly, standard vocabulary expan-
sion—which initializes new target-language tokens
as independent parameters—often fails to improve
downstream performance (Fujii et al., 2024). This
may occur because the new tokens are undertrained,
as they receive far fewer training steps than the orig-
inal vocabulary. In addition, such practices can also
lead to catastrophic forgetting (Csaki et al., 2024).

To address these issues, we propose MATE (Mul-
tilingual Alignment for Token Embeddings), a
parameter-efficient vocabulary expansion method
grounded in cross-lingual embedding alignment.
Rather than initializing the embedding of a target-
language token t independently, we identify its se-
mantically equivalent token e from the model’s pri-
mary language (the anchor language) that exist in
the original vocabulary and align the embeddings
of e and t by partially tying their parameters. In
this way, the new token inherits rich pre-trained fea-
tures while using fewer parameters, as illustrated in
Figure 1.

Our contributions can be summarized as follows:

• We introduce a parameter-efficient vocabulary
expansion method that structurally enforces
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semantic alignment, improving cross-lingual
transfer while reducing parameter count.

• We demonstrate that our approach outperforms
baseline fine-tuning and common vocabulary
expansion methods in both tokenization effi-
ciency and downstream task performance, in-
cluding machine translation, question answer-
ing, reading comprehension, and multilingual
reasoning.

• We show that parameter sharing not only
makes the model more efficient, but also helps
it to achieve better downstream task perfor-
mance despite having fewer parameters.

• We show that our method is robust to polysemy
and scales well to larger models.

2 Related Work

2.1 Vocabulary Expansion
Vocabulary adaptation is often employed to adapt
pre-trained LLMs to new languages, especially to
improve tokenization efficiency and potentially im-
prove the model’s performance on the new lan-
guages. Existing approaches generally fall into two
categories: vocabulary expansion, which merges
new tokens from a target-language tokenizer into
the base vocabulary (Cui et al., 2023; Fujii et al.,
2024; Nguyen et al., 2024b; Bari et al., 2025; Yam-
aguchi et al., 2024b, 2025) and vocabulary replace-
ment, which substitutes the base tokenizer entirely
(Minixhofer et al., 2022; Dobler and de Melo, 2023;
Downey et al., 2023; Li et al., 2025; Sakajo et al.,
2025; Yamaguchi et al., 2024a; Minixhofer et al.,
2024). Our work focuses on vocabulary expansion
as we want to expand the base model’s capabilities
to new languages while retaining the capability in
its original languages.

A critical challenge in this process is initializing
the embeddings of the new tokens, as random ini-
tialization yields suboptimal performance (Minix-
hofer et al., 2022; Dobler and de Melo, 2023). Prior
work addresses this through compositional, distri-
butional, or semantic-transfer strategies: averaging
original subword embeddings (Fujii et al., 2024),
initializing new embeddings from script-wise statis-
tics of the pretrained embedding space (Downey
et al., 2023), interpolating source-token embed-
dings using nearest neighbors in external static em-
bedding spaces (Minixhofer et al., 2022), initial-
izing factorized PLM embedding coordinates as
similarity-weighted combinations of source sub-

word coordinates (Liu et al., 2024), training aux-
iliary predictors (Dobler and de Melo, 2023), us-
ing hypernetwork predictors (Özeren et al., 2025),
transferring from target-languagemodels (Lee et al.,
2025), copying the closest source-token embedding
under GloVe (Pennington et al., 2014) similarity (Li
et al., 2025), or using bilingual dictionaries to map
new target-language subwords to source-language
subwords (Sakajo et al., 2025). Unlike approaches
that only set the initial embedding values or use
low-rank factorization without explicit lexical pa-
rameter sharing, MATE initializes part of each new
token embedding using the exact pre-trained em-
bedding of its English anchor and maintains per-
sistent weight tying throughout training. This an-
chors target-language tokens to established English
representations, enabling immediate cross-lingual
alignment while being 8× more parameter efficient
than standard vocabulary expansion.

2.2 Cross-Lingual Input and Output
Embedding Alignment

Prior work has explored aligning the input embed-
dings of semantically equivalent words. In the con-
text of transformers, Kautsar and Koto (2025) fully
aligned the embeddings of 13 low-resource lan-
guages to English within mBERT, demonstrating
performance improvements in classification tasks.
More closely related to our work, Liu et al. (2019)
introduced a partial alignment strategy for vanilla
transformers in neural machine translation. Their
method aligned word embeddings with similar lexi-
cal meaning, sameword form, and randomly chosen
unrelated words. Since Liu et al. (2019) worked
on an encoder-decoder architecture, their parame-
ter sharing was applied on two disjoint vocabular-
ies (i.e., encoder for source language and decoder
for target language). Unlike prior work, we ap-
ply partial alignment to expand the vocabulary of
decoder-only generative LLMs, which use a unified
vocabulary for all languages, for input and output.

3 Methodology

In this section, we first describe our vocabulary
expansion strategy for broad multilingual support
in Section 3.1, followed by our method for repre-
senting the added tokens via parameter sharing with
their semantically equivalent tokens in the anchor
language in Section 3.2. Since most LLMs are pri-
marily built for English, we explain our method
using English as the anchor language.
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3.1 Pairwise Vocabulary Expansion
Our approach utilizes bilingual dictionaries map-
ping words from each target language to English.
However, existing resources such as MUSE (Con-
neau et al., 2018) are insufficient: the MUSE
bilingual dictionaries contain only approximately
21,600 word pairs, of which only 3,470 English
words overlap with the base OLMo 2 tokenizer vo-
cabulary. Furthermore, MUSE does not cover all
target languages.

To address these limitations, we construct our
own translation dictionaries by running a word
aligner on parallel corpora for each language pair.
Let L = {`1, . . . , `n} denote the set of target lan-
guages. Our alignment pipeline consists of two
phases: Word Mapping and Token-ID Mapping.

Word Mapping Since not all languages are
space-separated, we first tokenize the parallel cor-
pora D` using language-specific word tokenizers
to obtain word-level units (Table 8 in Appendix).
For each language ` ∈ L, we extract bidirectional
alignments using fast_align (Dyer et al., 2013).
These alignments are aggregated into one-to-many
mappings, where ct,e denotes the frequency with
which target-language word t is aligned to English
word e.

To ensure semantic quality, we apply a rigorous
filtering pipeline. LetW denote the combined En-
glish lexicon from the NLTKCorpus word list (Bird
and Loper, 2004) and WordNet (Miller, 1994), and
S denote English stopwords from SpaCy (Honnibal
et al., 2020). We discard an alignment pair (t, e) if
it meets any of the following criteria:

• English Lexicon Filtering: The English word e
does not exist in the English lexiconW , or the
target-language word t appears inW (to prevent
code-switched English words from being recog-
nized as part of the target language).

• Stopword Filtering: e is a stopword (e ∈ S).

• Script Validity: The target-language word t con-
tains characters outside the standard Unicode
script range for language `.

• Low Frequency: The alignment frequency ct,e
is less than 10 (to reduce noise from alignment
errors or rare contexts).

After filtering, we retain the top K = 50,000
most frequent non-English words per language. To
prevent ambiguity from cross-lingual homographs

(identical words with different meanings across lan-
guages), we enforce language exclusivity: any non-
English word t that appears in multiple languages
is excluded. We denote the resulting frequency-
weighted word alignment set for language ` as
B` = {(t, e, ct,e)}, where a target-language word
t may be associated with multiple English candi-
dates e. The collection across all target languages
is B = {B`}`∈L.

Token-ID Mapping The Word Mapping stage
therefore produces a frequency-weighted multimap
rather than a function. We convert this multimap
into the token-level alignment dictionary used by
MATE in three steps. First, we keep only triples
(t, e, ct,e) where the non-English word t is absent
from the base vocabulary Vbase and the English
word e is already present in Vbase. This preserves
non-English tokens that already exist in the orig-
inal tokenizer, while ensuring that every retained
English anchor has an existing pretrained embed-
ding. Second, if a retained non-English word t
is aligned to multiple English words, we choose
the most frequent alignment as its unique anchor,
e∗ = argmaxe ct,e. This converts the filtered
one-to-many word mappings into one-to-one to-
ken alignments. Finally, we add each retained non-
English word t to the vocabulary with a new token
ID and record the alignment A : t→ e∗. Since all
added items come directly from filtered word-level
mappings, the added tokens are full words rather
than subword fragments. Table 9 (Appendix) lists
the number of tokens added per language.

3.2 Embedding Weight Tying

To promote a shared semantic space and cross-
lingual transfer while minimizing the parameter
increase caused by vocabulary expansion, we apply
partial weight tying between the input and output
embeddings of a new token vt and its English an-
chor ve. For each pair (vt,ve), we tie the first k
dimensions of their embeddings. These k dimen-
sions form the shared embedding, which remains
identical for both tokens throughout training, while
the remaining d−k dimensions (where d is the em-
bedding dimension) form the private embedding,
capturing language-specific nuances.

We can view the embedding vector vt =
{vt(1), vt(2), . . . , vt(d)} ∈ Rd as a concatenation of
the first k parameters of the English anchor em-
bedding vector and a private embedding vector
pt = {pt(1), pt(2), . . . , pt(d−k)} ∈ Rd−k. Each pa-
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rameter vt(i) is defined as follows:

vt(i) =

{
ve(i) for 1 ≤ i ≤ k

pt(i−k) for i > k
(1)

The shared embedding does not require weight ini-
tialization, as its parameters are tied to the English
embedding. For the private embedding, each pa-
rameter pt(i) is initialized using the corresponding
dimension of the English anchor token embedding
ve(k+i), but it learns its own weights independently
during training.

3.3 Inference

At inference time, MATE applies a lossless two-
phase tokenization scheme that remains compatible
with Byte Pair Encoding (BPE) (Sennrich et al.,
2016). First, it scans the input text, greedily ex-
tracts added tokens and then tokenizes them. Sec-
ond, it applies the original BPE merge rules to the
remaining text spans and interleaves the resulting
base-token IDs with the aligned-token IDs. The
full procedure and pseudocode are provided in Ap-
pendix B.

4 Experiments

To validate the effectiveness of our proposed em-
bedding alignment strategy, we conduct compre-
hensive experiments using the OLMo 2 1B model
(OLMo et al., 2025), expanding its vocabulary to
cover ten Southeast Asian languages: Indonesian
(id), Khmer (km), Lao (lo), Malay (ms), Burmese
(my), Tamil (ta), Thai (th), Tagalog (tl), Viet-
namese (vi), and Chinese (zh).

4.1 Experimental Setup

Since parallel data have been shown to be more
effective than monolingual corpora for improving
LLMs’multilingual capabilities (Qorib et al., 2025),
we follow the training setup of Nguyen et al. (2026)
and adapt the LLM by performing continual pre-
training (CPT) exclusively on parallel data, ensur-
ing that our results are comparable to theirs. We
use sentence pairs of English and each of the ten
Southeast Asian languages from the NLLB paral-
lel corpus (Costa-jussà et al., 2024) as the training
data. To prevent catastrophic forgetting, we allocate
25% of the training tokens to replay data, using the
stage 2 training data of OLMo 2. The total CPT
dataset amounts to 10B tokens (measured using the
OLMo 2 tokenizer). To ensure a fair comparison,

all models—including the baselines and our pro-
posed method—are trained with identical training
data content and ordering. The number of sentences
for each language in the training data is provided
in Table 10 (Appendix).

Token Mapping Generation Dataset We use
fast_align to generate token mappings, perform-
ing the alignment independently for each of the
ten target languages. To ensure a sufficient num-
ber of mappings, we select source corpora based
on resource availability. For Indonesian, Malay,
Burmese, Tamil, Thai, Tagalog, Vietnamese, and
Chinese, we use the NLLB parallel corpus (Costa-
jussà et al., 2024). For Khmer and Lao, we use
the FineTranslations parallel corpus (Penedo et al.,
2026) to obtain more robust alignments.

Embedding Alignment Configuration For our
proposed method, we introduce a hyperparameter
that controls the proportion of embedding parame-
ters that are tied. For each aligned token pair, the
first 87.5% of the input and output embedding pa-
rameters are shared between the new non-English
token and its English anchor, while the remaining
12.5% are left as learnable private parameters.

4.2 Baselines
We benchmark our proposed alignment strategy
against six distinct baselines.

1. Baseline: We fine-tune the original model
directly on the target language data without
any architectural modification or vocabulary
expansion. This baseline utilizes the original
English-centric tokenizer, forcing non-English
text to be fragmented into shorter subword
tokens or raw bytes.

2. Vocab Expansion + Mean Init: To ensure
a strictly fair comparison with the additional
capacity introduced by MATE, we expand the
base tokenizer until the total parameter count
exactly matches that of our proposed method.
For each newly added token, the input embed-
ding and output weight are initialized as the
mean of the component tokens obtained when
the new token is tokenized by the original to-
kenizer. The detailed vocabulary expansion
and merge-selection procedure is described in
Appendix G.1.

3. Vocab Expansion + FOCUS: This configura-
tion uses the same parameter-matched vocab-
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ulary expansion protocol as Vocab Expansion
+ Mean Init, but replaces mean initialization
with the method proposed by FOCUS (Dobler
and de Melo, 2023). The detailed implemen-
tation is described in Appendix G.2.

4. Vocab Expansion + ZeTT: This configura-
tion also uses the same expanded vocabulary,
but initializes the newly added token embed-
ding parameters with the prediction of a hy-
pernetwork proposed by Zero-Shot Tokenizer
Transfer (ZeTT) (Minixhofer et al., 2024). The
detailed implementation is described in Ap-
pendix G.3.

5. Vocab Expansion + Sakajo et al.: Unlike the
other vocabulary expansion baselines, which
reuse the same parameter-matched expanded
tokenizer as Vocab Expansion + Mean Init,
this baseline uses a different expanded vocabu-
lary. Following the dictionary-based tokenizer
transfer strategy of Sakajo et al. (2025), we
train a byte-level BPE tokenizer on bilingual
dictionary entries derived from the word-to-
word mapping B produced by our Word Map-
ping stage. We then merge this dictionary-
trained tokenizer into the original OLMo to-
kenizer using the same ID-preserving merge
procedure as Vocab Expansion + Mean Init.
The embeddings of newly added tokens are
initialized using the dictionary-based subword
mapping strategy proposed by Sakajo et al.
(2025). The detailed implementation is de-
scribed in Appendix G.4.

6. Vocab Expansion + TokAlign: This config-
uration follows the same parameter-matched
vocabulary expansion protocol as the Vocab
Expansion + Mean Init baseline above. How-
ever, instead of mean initialization, the input
and output embeddings for the newly added
tokens are initialized using TokAlign (Li et al.,
2025). The detailed weight initialization pro-
cedure is described in Appendix G.5.

Training Hyperparameters All models fine-
tuned in this paper use the same training hyper-
parameters. The full details, including the learning
rate, batch size, and optimizer settings, are docu-
mented in Appendix H.

4.3 Evaluation
We evaluate cross-lingual generation and under-
standing on four benchmarks: FLORES-200 de-

vtest translation (Costa-jussà et al., 2024) in both
English-to-Target (E→X) and Target-to-English
(X→E) directions, XQuAD question answer-
ing (Artetxe et al., 2020), Belebele reading compre-
hension (Bandarkar et al., 2024), and Multilingual
MMLU general knowledge (Lai et al., 2023). Trans-
lation uses 5-shot prompting and is reported with
BLEU and chrF++; XQuAD is reported with exact
match (EM).

We measure tokenization efficiency using Com-
pression Ratio (CR) on the FLORES-200 test set.
For language `, let T` be the number of tokens
produced by the evaluated method and Te be the
number of English tokens. We fix Te by always to-
kenizing the English reference with the original
OLMo 2 tokenizer, so differences in CR reflect
target-language tokenization efficiency:

CR` =
T`

Te
(2)

Lower CR is better, with values closer to 1.0 in-
dicating tokenization as compact as English. We
summarize efficiency using average CR (CR) and
disparity across languages using the Gini coeffi-
cient:

G =

∑N
i=1

∑N
j=1 |CRi − CRj |
2N2CR

(3)

For tokenization speed, we use a separate FineWeb2
subset (Penedo et al., 2025) containing exactly
0.23 GB of text for English and each of the ten
target languages (id, km, lo, ms, my, ta, th, tl,
vi, and zh), then concatenate all language-specific
subsets into a single corpus. We report through-
put, total produced tokens, and total time on an
Intel(R) Xeon(R) Platinum 8559C CPU with 192
CPU threads. For downstream tasks, we assess sta-
tistical significance using paired bootstrap resam-
pling (Koehn, 2004) with 1,000 samples.

We report Vocab Expansion + Sakajo et
al. separately for tokenization because it uses a
dictionary-trained expanded vocabulary; the other
vocabulary-expansion variants share the same tok-
enizer as Vocab Expansion.

5 Results

5.1 Downstream Task Performance
As shown in Table 1, MATE achieves the high-
est task-average score across all downstream tasks,
with statistically significant improvements over all
baselines. It improves over the baseline on both
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Method E→X Translation X→E Translation XQuAD Belebele M_MMLU

BLEU chrF++ BLEU chrF++ EM (%) Acc. (%) Acc. (%)

Baseline 24.12 39.22 26.35 46.19 4.35 24.47 28.42
VE + Mean Init 25.45 43.52* 27.59 50.69* 17.35* 25.89* 27.71
VE + FOCUS 21.42 36.33 26.11 47.33 13.91 24.66 28.53
VE + ZeTT 22.96 39.52 23.63 45.07 13.87 25.82* 27.79
VE + Sakajo et al. 24.63* 42.15* 27.58* 50.14* 17.84* 27.24* 27.56
VE + TokAlign 23.54 40.40* 26.02 47.92* 14.56 26.56 28.63
MATE 27.62* 46.13* 31.14* 54.94* 29.18* 27.73* 29.11*

Table 1: Task-average downstream performance. Translation uses BLEU and chrF++; other metrics are shown in the
headers. Bold/underline mark the best/second-best scores. * indicates statistically significant improvement over
Baseline (p < 0.05). Language-specific results are in Appendix F.

Tokenizer Avg CR↓ Gini↓

Baseline 4.77 0.42
VE 2.02 0.24
VE + Sakajo et al. 2.47 0.31
MATE 1.55 0.13

Table 2: Tokenization efficiency by average Compres-
sion Ratio (CR) and Gini coefficient across 11 lan-
guages. Lower is better; bold/underline mark the
best/second-best scores. Language-specific results are
in Appendix E.

Tokenizer Tokens/s↑ Tokens↓ Time (s)↓

Baseline 658.64K 1.11B 1680.85
VE 369.06K 575.59M 1559.62
VE + Sakajo
et al. 401.20K 646.17M 1610.59
MATE 398.43K 523.53M 1313.98

Table 3: Tokenization speed benchmark on the con-
catenated FineWeb2 subset. Tokens/s reports aggregate
throughput across all evaluated languages.

generation and understanding tasks, indicating that
the gains generalize across multilingual evaluations.
In translation, the largest improvements occur in
Khmer, Lao, and Burmese, the three languages with
the least training data (Tables 10 and 12), suggesting
that MATE mitigates data scarcity through trans-
fer from semantically equivalent English tokens.
Per-language scores are provided in Appendix F. A
broader resource-level analysis in Appendix I shows
that MATE’s gains are largest in lower-resource set-
tings, with an exponential decay trend explaining
most of the variance in translation improvements.

5.2 Tokenization Efficiency and Equity

In addition to achieving the best downstream task
performance, MATE also improves over all base-
lines in tokenization efficiency and equity, yielding
the best average efficiency (AvgCR = 1.55) and the
most equitable performance distribution across the
ten languages (G = 0.13) (Table 2). Per-language
scores are provided in Appendix E.

Table 3 shows that raw throughput alone does
not determine total tokenization time. The Base-
line tokenizer has the highest tokens/s because
its smaller vocabulary requires fewer BPE merge
operations, but it produces the largest token count.
MATE has the lowest total time because it produces
substantially fewer tokens while retaining through-
put close to the vocabulary-expansion tokenizers,
and it can be implemented with the Hugging Face
Tokenizers library (Moi and Patry, 2023) without
custom tokenization code.

6 Ablation Study

We isolate the contribution of each MATE compo-
nent in Table 4: Pairwise Vocabulary Expan-
sion (PVE), Embedding Weight Tying (EWT),
and an alternative to EWT that initializes aligned
tokens from their English anchors without tying the
parameters, which we call Semantic Embedding
Initialization (SEI). The configurations are:

1. Baseline: The base OLMo 2 1B model without
modification.

2. +PVE: Expand the vocabulary using all
translation-mapped tokens from the alignment
set A. New token embeddings are initialized
randomly.
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Config Params E→X X→E XQuAD Belebele M_MMLU Avg
BLEU BLEU EM (%) Acc. (%) Acc. (%)

Baseline 1.48B 24.12 26.35 4.35 24.47 28.42 21.54
+PVE 2.81B 26.74 27.05 13.43 26.08 27.84 24.23
+PVE+SEI 2.81B 28.07 30.03 27.06 27.39 28.39 28.19
MATE 1.65B 27.62 31.14 29.18 27.73 29.11 28.96

Table 4: Ablation performance including parameter counts and macro-averages. M_MMLU denotes Multilingual
MMLU (Lai et al., 2023). Bold indicates the best score, and underline indicates the second best.

Ratio Params E→X X→E XQuAD Belebele M_MMLU Avg
BLEU BLEU EM (%) Acc. (%) Acc. (%)

0% 2.81B 28.07 30.03 27.06 27.39 28.39 28.19
12.5% 2.64B 28.40 32.41 23.07 27.98 28.65 28.10
43.75% 2.23B 28.11 31.74 26.89 25.80 28.37 28.18
87.5% 1.65B 27.62 31.14 29.18 27.73 29.11 28.96
93.75% 1.57B 27.00 30.01 23.93 25.88 28.90 27.14

Table 5: Sensitivity to the embedding alignment ratio. Scores are macro-averages across the evaluated languages for
each task. Bold indicates the best score, and underline indicates the second best.

3. +PVE+SEI: The embedding of each new token
vt is initialized using the pre-trained embedding
of its English anchor token ve.

4. +PVE+EWT (MATE): The input and output
embeddings of the new tokens are partially
weight-tied to the English anchor tokens via a
shared embedding.

The ablation shows that each component con-
tributes to performance. +PVE+SEI improves over
+PVE, confirming the value of English-anchor ini-
tialization, while MATE achieves the highest aver-
age score despite using far fewer parameters than
+PVE+SEI and +PVE. Detailed results are in Ap-
pendix K.

7 Analysis

7.1 Embedding Alignment Ratio Sensitivity
The embedding alignment ratio is the fraction of
each new token embedding shared with its English
anchor. Higher ratios reduce parameters but im-
pose stronger cross-lingual sharing. We vary this
ratio while fixing the vocabulary, training data, and
hyperparameters, comparing 0%, 12.5%, 43.75%,
87.5%, and 93.75%; 87.5% is the default MATE
configuration. Results are shown in Table 5.

The optimal ratio varies by task: 12.5% per-
forms best on translation and Belebele, whereas
87.5% performs best on XQuAD and M_MMLU

and achieves the highest average. Since 12.5% re-
tains a substantially larger model and 93.75% over-
constrains the embeddings, we use 87.5% as the
best tradeoff between accuracy and parameter count.
Complete task-level results are in Appendix J.

7.2 Robustness to Polysemy

One potential concern with explicit cross-lingual
embedding alignment is how it handles polysemous
words. SinceMATE structurally ties the embedding
of a target-language token to a single English an-
chor token, there is a risk that the target token may
become semantically restricted to only the mean-
ing of its anchor token, thereby losing its ability to
represent other meanings. For example, the word
“加油” in Chinese can mean “refuel” or “cheer”
in English. If we tie the embedding of “加油” to
“cheer”, it may disrupt the model’s performance on
sentences where “加油” means “refuel”.

To investigate this issue, we evaluate the model’s
ability to accurately disambiguate polysemous Chi-
nese words across different contexts using the Chi-
nese subset of the OntoNotes dataset (Pradhan
et al., 2013; Hadiwinoto et al., 2019). The orig-
inal OntoNotes word sense disambiguation data
consists of triplets of test sentences, ambiguous
Chinese words, and sense IDs, with each sense de-
fined in English. We first paraphrase each English
sense definition using a single English word using
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Model (7B) E→X X→E XQuAD Bel. M_MMLU Avg
BLEU BLEU EM (%) Acc. (%) Acc. (%)

Baseline 29.30 36.34 28.72 42.77 40.39 35.50
VE + Sakajo et al. 29.21 35.18 23.05 39.22 36.75 32.68
MATE 30.56 36.58 36.26* 45.98* 40.22 37.92

Table 7: Performance comparison on the OLMo 2 7B model to demonstrate scalability. Bel. denotes Belebele.
M_MMLU denotes Multilingual MMLU. Bold marks the highest score per column. * indicates statistically significant
improvement over Baseline (p < 0.05).

GPT-4o (Hurst et al., 2024) to obtain a candidate
translation. We then follow the prompting method
of Kang et al. (2024). Specifically, given an am-
biguous Chinese word in a sentence, the model is
prompted with: “在“{Chinese sentence}”这句话
中, “{Chinese word}”这个词翻译成英文为” (In
English: “In the sentence ‘{Chinese sentence}’,
the word ‘{Chinese word}’ is translated into En-
glish as”). We then compute the log probabilities
of all candidate English translations and consider
the prediction correct if the most probable transla-
tion appears in the ground-truth translation set. The
evaluation dataset contains 8,355 instances cover-
ing 324 distinct ambiguous Chinese words.

On this task, MATE achieves an accuracy
of 46.04%, outperforming the Baseline model’s
43.84% (Table 6).

Model Accuracy (%)

Baseline 43.84
MATE 46.04

Table 6: Accuracy comparison on the Chi-
nese subset of the OntoNotes dataset.

This improvement over the baseline indicates
that MATE is as robust to polysemy as the baseline,
even when a part of their embedding parameters is
tied to the embedding of a single English anchor
token. Its robustness is not surprising. In a standard
decoder-only LLM without embedding alignment,
each polysemous word is represented by the same
input embedding regardless of its meaning.

7.3 Scalability to Larger Models
To verify scalability, we apply MATE to OLMo
2 7B (OLMo et al., 2025) and compare it with
a vanilla 7B baseline and a dictionary-based
vocabulary-expansion baseline (VE + Sakajo et
al.) trained on the same data as our 1B experi-
ments. As shown in Table 7, MATE achieves the
best average score across five tasks, outperforming

both the vanilla baseline (37.92 vs. 35.50) and VE
+ Sakajo et al. (37.92 vs. 32.68). The gains are
smaller than in the 1B setting because the 7B base-
line is substantially stronger; per-language results
are in Appendix L.

8 Conclusion

In this paper, we introduced MATE, a parameter-
efficient vocabulary expansion scheme that par-
tially weight-ties non-English tokens to their se-
mantically equivalent English tokens. This ap-
proach improves cross-lingual transfer fromEnglish
while preserving the model’s capacity to learn the
unique, language-specific characteristics of each
token. MATE significantly improves parameter ef-
ficiency, tokenization efficiency, and downstream
task performance across ten new languages.

Our comprehensive evaluation demonstrates that
this method yields exceptionally strong gains for
lower resource languages, actively reducing the per-
formance disparity between high- and low-resource
settings. Our analysis shows that parameter sharing
across tokens with semantically similar meanings
helps the model achieve better downstream task
performance despite having fewer parameters. We
also show that our method is robust to polysemy
and achieves the best average performance in the
7B setting, establishing MATE as a highly effective
approach for vocabulary expansion.

9 Limitations

While MATE demonstrates significant improve-
ments in cross-lingual transfer and parameter ef-
ficiency, we acknowledge several limitations in our
current work. First, we limit our investigation to
extending OLMo 2 to ten Southeast Asian lan-
guages—comprising a diverse mix of high- and
low-resource languages with both Latin and non-
Latin scripts. While we believe our method is appli-
cable to other languages, we leave that exploration

8



to future work.
Second, although our scalability experiment

shows that MATE remains effective on OLMo 2
7B, we have only evaluated models up to the 7B pa-
rameter scale. Larger models may exhibit different
scaling behavior, training dynamics, or sensitivity
to vocabulary expansion, and we leave evaluation
beyond 7B to future work.

Third, the models evaluated in this paper are
base foundation models that have not yet been
instruction-tuned, and they have not undergone rig-
orous safety tuning, red-teaming, or value align-
ment. Consequently, they may reflect biases present
in the training corpora or generate unsafe content.
Therefore, they are intended primarily for research
purposes and should be carefully evaluated before
being deployed in user-facing applications.
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A Language-Specific Word Tokenizers

We list the language-specific word tokenizers in
Table 8.

Code Tokenizer

en spacy
(Honnibal et al., 2020)

id spacy
(Honnibal et al., 2020)

km khmer-nltk
(Hoang, 2023)

lo laonlp
(Phatthiyaphaibun, 2022)

ms spacy
(Honnibal et al., 2020)

my myTokenize
(Aung and Thu, 2025)

ta indicnlp
(Kunchukuttan, 2020)

th pythainlp
(Phatthiyaphaibun et al., 2023)

tl spacy
(Honnibal et al., 2020)

vi underthesea
(Anh, 2018)

zh jieba
(Sun, 2012)

Table 8: Language-specific word tokenizers used to pre-
process parallel corpus D`.

B MATE Tokenization Inference Scheme

Standard BPE tokenization applies a fixed set of
learned merge rules to segment text into subword
tokens. When new tokens are added to the vocabu-
lary without corresponding merge rules, the BPE
algorithm cannot produce them during tokeniza-
tion. To address this, we introduce a two-phase
tokenization scheme that first identifies and extracts
the added aligned tokens from the input text, then
applies standard BPE tokenization to the remaining
text.

Let Vbase denote the base tokenizer’s vocabulary
and Rmerge its existing BPE merge rules. We de-
fine Vadded as the set of added tokens, and Vnew =
Vbase ∪ Vadded as the augmented vocabulary.
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In Phase 1 (priority tokenization), the algo-
rithm scans the input string left to right and at-
tempts to match substrings against Vadded using
a greedy longest-match-first strategy that selects
the longest candidate at each position to minimize
fragmentation. The matching criterion is language-
dependent: for space separated languages (e.g., In-
donesian, Malay, Tagalog, Vietnamese), a substring
is matched to t ∈ Vadded only if it constitutes a
full word delimited by whitespace on both sides,
preventing partial matches within longer words;
for non-space separated languages (e.g., Chinese,
Thai, Khmer, Lao, Burmese, Tamil), whitespace
is not available, so we permit flexible substring
matching without requiring surrounding whites-
pace. Matched tokens are stored as aligned token
IDs, while unmatched characters are accumulated
into free text segments. In Phase 2 (BPE tokeniza-
tion), each free text segment is tokenized using
the original BPE rules Rmerge over Vbase, and the
resulting subword tokens are interleaved with the
aligned token IDs to produce the final token se-
quence. This two-phase design ensures that the
added aligned tokens are always tokenized as single
tokens, preserving the one-to-one correspondence
between target-language tokens and their English
anchors that underlies MATE’s embedding align-
ment. The algorithm is provided in Algorithm 1.

C Number of Added Tokens

Table 9 details the number of unique tokens added to
the vocabulary for each language using the process
described in Section 3.1.

Language Added Tokens

Indonesian (id) 15,562
Khmer (km) 8,390
Lao (lo) 32,109
Malay (ms) 16,205
Burmese (my) 44,760
Tamil (ta) 49,843
Thai (th) 44,559
Tagalog (tl) 45,251
Vietnamese (vi) 18,654
Chinese (zh) 48,773

Total Added 324,106

Table 9: Number of new tokens added to the vocabulary
for each target language after filtering.

D Training Data Statistics

Language Training Sentences

English (en) 110,138,188
Indonesian (id) 13,429,498
Khmer (km) 5,859,442
Lao (lo) 4,166,616
Malay (ms) 19,462,686
Burmese (my) 5,865,195
Tamil (ta) 7,612,214
Thai (th) 10,081,723
Tagalog (tl) 19,474,026
Vietnamese (vi) 10,913,301
Chinese (zh) 13,273,487

Table 10: Number of sentences per language in the train-
ing data.

E Detailed Tokenization Efficiency
Results

F Detailed Downstream Evaluation
Results

In this section, we provide the language-specific re-
sults summarized in Table 1. The average column
reports themacro-average across the languages eval-
uated for each task.

G Baseline Vocabulary Expansion Details

G.1 Vocab Expansion + Mean Init

The Vocab Expansion + Mean Init baseline ex-
tends the original OLMo 2 tokenizer by adding new
Byte Pair Encoding (BPE) merges trained specifi-
cally on target-language data. To ensure a strictly
fair comparison, the number of added tokens (X)
is tightly constrained so that the total parameter
count strictly matches that of our proposed MATE
method.

Because each new token introduces a new di-
mension vector in both the input token embedding
matrix and the output language-modeling head ma-
trix, adding a single token increases the total pa-
rameter count by 2 × d, where d is the model’s
hidden embedding dimension. Therefore, we cal-
culate the exact number of required new tokens as
X = b(Ptarget − Pbase)/(2× d)c.

First, we train a temporary reference tokenizer
on a multilingual corpus constructed from the non-
English segments of the parallel dataset, covering
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Algorithm 1 MATE Tokenization Inference Scheme
Require: Input string s, Script category C ∈ {Latin,Non-Latin}
Require: Vadded (Aligned tokens), Vbase (Base vocab), Rmerge (BPE rules)
1: Segments← []
2: u← ”” . Buffer for free text
3: i← 0

. Phase 1: Priority Tokenization
4: while i < length(s) do
5: M ← {t ∈ Vadded | s[i : i+ length(t)] == t}
6: if C == Latin then
7: M ← {t ∈M | IsWordBoundary(t, s, i)}
8: end if
9: if M 6= ∅ then
10: k ← argmaxt∈M length(t) . Greedy longest-match
11: if u 6= ”” then
12: Segments.Append(u) . Store free text segment
13: u← ”” . Clear buffer
14: end if
15: Segments.Append(ID(k)) . Store locked aligned ID
16: i← i+ length(k)
17: else
18: u← u+ s[i] . Accumulate free text character
19: i← i+ 1
20: end if
21: end while
22: if u 6= ”” then
23: Segments.Append(u)
24: end if

. Phase 2: BPE Tokenization & Sequence Reconstruction
25: Output← []
26: for seg ∈ Segments do
27: if IsString(seg) then
28: Output.Extend(BPE(seg | Vbase, Rmerge))
29: else
30: Output.Append(seg) . Append locked ID
31: end if
32: end for
33: return Output

Method en id km lo ms my ta th tl vi zh Avg↓ Gini↓

Baseline 1.00 1.55 8.75 9.54 1.62 11.65 7.64 4.38 2.06 2.44 1.87 4.77 0.42
Vocab Expansion 1.00 1.26 3.32 2.78 1.29 3.23 2.74 2.33 1.65 1.58 1.01 2.02 0.24
VE + Sakajo et al. 1.00 1.31 4.92 2.88 1.35 4.12 4.54 2.88 0.93 1.86 1.40 2.47 0.31
MATE 1.00 1.53 1.88 1.26 1.61 1.92 1.79 1.29 1.68 2.09 0.97 1.55 0.13

Table 11: Language-specific tokenization efficiency results comparing Compression Ratio (CR) across 11 languages.
Gini measures inequality of compression ratios across languages. (↓) indicates lower values are better. The best
value is shown in bold, and the second-best value is underlined. Vocab Expansion + FOCUS, Vocab Expansion +
ZeTT, and Vocab Expansion + TokAlign are omitted as they use the same tokenizer as Vocab Expansion.

all 10 target languages in our study. The original to-
kenizer is then expanded by merging in rules from
this temporary tokenizer while preserving every
original token ID and original merge rule. We scan
the temporary tokenizer’s BPE merge list in order,
keep only merges that are absent from the base
tokenizer, and append those novel merges to the
base merge list until the target token count X is
reached. This procedure adds only non-overlapping
BPE merges from the target-language tokenizer,

leaving the original tokenizer behavior unchanged
for existing tokens while enabling more compact
tokenization of the target languages. This process
is formally detailed in Algorithm 2. For each added
token t, we tokenize its surface form with the origi-
nal tokenizer into component tokens (s1, . . . , sm)
and initialize both the input embedding and out-
put weight of t as the mean of the corresponding
component vectors.
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id km lo ms my ta th tl vi zh Avg

English→ Target

Baseline 45.69 3.19 6.65 40.99 2.33 8.81 21.22 34.31 39.50 38.51 24.12
VE + Mean Init 46.35 9.61 13.08 40.72 4.78 9.82 18.56 34.06 40.21 37.27 25.45
VE + FOCUS 44.72 0.79 1.69 39.22 0.04 5.67 16.67 30.90 39.02 35.44 21.42
VE + ZeTT 46.25 3.65 6.07 39.59 0.52 6.39 17.31 34.20 39.24 36.39 22.96
VE + Sakajo et al. 47.23 5.05 9.65 41.02 3.43 8.41 18.98 34.36 39.76 38.43 24.63
VE + TokAlign 46.39 0.69 10.60 40.75 0.79 7.48 17.86 33.98 40.27 36.54 23.54
MATE 46.54 14.63 18.02 41.51 10.11 10.03 22.71 34.67 39.10 38.84 27.62

Target→ English

Baseline 42.98 23.10 6.13 42.61 5.85 11.88 27.35 43.86 34.71 25.06 26.35
VE + Mean Init 38.19 22.17 23.30 38.81 8.91 19.47 28.79 36.84 33.96 25.45 27.59
VE + FOCUS 43.68 0.39 16.00 44.09 7.76 18.26 26.31 43.98 34.82 25.77 26.11
VE + ZeTT 43.54 10.38 2.19 43.23 0.91 7.14 26.95 43.40 32.98 25.56 23.63
VE + Sakajo et al. 43.43 16.77 13.25 43.83 6.74 17.91 27.66 44.08 35.70 26.38 27.58
VE + TokAlign 37.73 16.24 14.65 40.02 3.51 18.21 27.04 43.60 35.38 23.78 26.02
MATE 42.85 27.22 30.10 42.93 12.70 22.24 28.56 44.42 34.04 26.32 31.14

Table 12: Language-specific translation BLEU scores on FLORES-200. Bold indicates the best score per column,
and underline indicates the second best.

id km lo ms my ta th tl vi zh Avg

English→ Target

Baseline 66.74 17.99 20.24 64.09 12.61 35.59 36.98 58.02 55.51 24.45 39.22
VE + Mean Init 68.13 28.51 31.65 65.13 19.43 41.46 36.81 59.26 58.06 26.78 43.52
VE + FOCUS 67.04 10.76 10.23 63.60 0.89 35.69 37.71 55.45 57.19 24.76 36.33
VE + ZeTT 67.91 16.58 24.85 64.19 5.60 35.74 38.41 59.13 57.03 25.76 39.52
VE + Sakajo et al. 68.60 18.60 30.79 65.24 17.06 37.74 40.27 59.38 57.62 26.22 42.15
VE + TokAlign 67.97 22.74 19.89 65.58 15.56 32.37 36.66 59.26 58.15 25.81 40.40
MATE 68.19 38.69 37.38 65.42 26.58 41.42 40.18 59.83 57.09 26.51 46.13

Target→ English

Baseline 63.23 42.99 23.90 62.64 15.51 42.62 51.11 62.85 56.91 40.18 46.19
VE + Mean Init 59.82 47.57 47.39 60.06 30.88 40.79 54.18 57.77 57.07 51.36 50.69
VE + FOCUS 66.02 3.47 38.91 65.80 29.14 42.50 52.72 65.09 58.38 51.30 47.33
VE + ZeTT 65.60 35.42 18.38 65.06 13.50 27.13 52.65 64.69 57.49 50.77 45.07
VE + Sakajo et al. 65.52 40.18 29.30 65.43 28.77 42.53 53.34 65.00 58.69 52.59 50.14
VE + TokAlign 65.91 39.74 26.76 65.48 25.79 29.89 52.71 65.42 56.51 50.95 47.92
MATE 65.05 52.13 54.08 64.86 37.77 46.56 53.68 65.09 57.73 52.48 54.94

Table 13: Language-specific translation chrF++ scores on FLORES-200. Bold indicates the best score per column,
and underline indicates the second best.

G.2 Vocab Expansion + FOCUS

The Vocab Expansion + FOCUS baseline uses the
same expanded tokenizer as Vocab Expansion +
Mean Init. We first expand both the input embed-
ding matrix and output language-modeling head to
the new vocabulary size. Each new row is initial-

ized with the mean of the original-token compo-
nents produced by the base tokenizer, following the
procedure in Appendix G.1. FOCUS initialization
is then applied only to new tokens for which the
target-language corpus provides sufficient evidence.

For each target language, we tokenize its text
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Method en th vi zh Avg

Baseline 14.20 0.08 1.34 1.76 4.35
VE + Mean Init 47.56 4.20 7.14 10.50 17.35
VE + FOCUS 44.96 0.25 6.81 3.61 13.91
VE + ZeTT 48.49 2.35 2.02 2.61 13.87
VE + Sakajo et al. 51.34 3.70 12.02 4.29 17.84
VE + TokAlign 47.90 2.69 4.54 3.11 14.56
MATE 52.10 27.98 15.88 20.76 29.18

Table 14: Language-specific XQuAD exact match scores (%). Bold indicates the best score per column, and
underline indicates the second best.

Method en id km lo ms my ta th tl vi zh Avg

Baseline 28.67 23.78 21.78 21.33 25.56 23.11 24.67 25.89 24.89 22.44 27.00 24.47
VE + Mean Init 27.56 25.00 23.56 27.00 26.11 24.89 25.33 26.22 26.22 24.67 28.22 25.89
VE + FOCUS 30.11 25.78 23.11 21.33 24.78 23.00 22.33 25.89 25.33 22.44 27.11 24.66
VE + ZeTT 30.44 26.00 26.33 24.89 24.11 26.22 24.67 25.22 27.67 23.89 24.56 25.82
VE + Sakajo et al. 29.33 27.78 27.11 28.11 25.78 24.78 27.22 27.44 26.22 27.22 28.67 27.24
VE + TokAlign 33.22 25.78 25.33 25.00 25.56 25.67 24.56 27.33 26.33 24.89 28.44 26.56
MATE 31.44 27.22 27.44 27.22 26.33 27.00 27.00 27.44 27.33 26.33 30.33 27.73

Table 15: Language-specific Belebele reading comprehension accuracy (%). Bold indicates the best score per
column, and underline indicates the second best.

Method en id ta vi zh Avg

Baseline 32.00 29.36 25.48 28.29 26.97 28.42
VE + Mean Init 32.17 27.36 25.00 27.77 26.23 27.71
VE + FOCUS 31.60 28.87 27.20 28.43 26.56 28.53
VE + ZeTT 32.98 27.70 25.02 27.50 25.75 27.79
VE + Sakajo et al. 32.61 27.51 25.21 26.57 25.92 27.56
VE + TokAlign 32.58 29.02 27.11 27.73 26.70 28.63
MATE 33.36 29.45 25.53 29.06 28.17 29.11

Table 16: Language-specific Multilingual MMLU accuracy (%). Bold indicates the best score per column, and
underline indicates the second best.

with the expanded tokenizer and train a fastText
model (Joulin et al., 2017) on the resulting token se-
quence. We identify the overlapping set of original
vocabulary tokens that appear in the target-language
corpus and have valid fastText vectors. For each
new token that appears at least 10 times and has
not already been initialized by another language,
we compute cosine similarities between its fastText
vector and the fastText vectors of the overlapping
original tokens. These similarities are converted
into sparse convex weights using sparsemax (Mar-
tins and Astudillo, 2016). The new token row is
then initialized as the sparsemax-weighted combi-
nation of the corresponding original-token embed-

ding rows, and the same initialized vector is written
to both the input embedding matrix and the output
language-modeling head. New tokens that are not
categorized as any language are initialized using
the mean-initialization procedure similar to Vocab
Expansion + Mean Init.

G.3 Vocab Expansion + ZeTT

The Vocab Expansion + ZeTT baseline also uses
the same expanded tokenizer as Vocab Expan-
sion + Mean Init, but replaces the final initial-
ization step with predictions from a ZeTT hyper-
network (Minixhofer et al., 2024). The ZeTT hy-
pernetwork is trained to transfer token embeddings
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Algorithm 2 Vocab Expansion Tokenizer Expan-
sion Procedure.
Require: Base Model Params Pbase, Target Model

Params Ptarget, Embedding Dim d
Require: Base Tokenizer Tbase, Target Corpus
Dtarget

Ensure: Expanded Tokenizer Texpanded
1: Vbase ← VocabSize(Tbase)
2: X ← bPtarget−Pbase

2×d c . Step 1: Calculate
target token addition

3: . Step 2: Train temporary BPE tokenizer
4: Ttemp ← TrainBPE(Dtarget, vocab_size =

Vbase +X)
5: Snew ← ∅
6: Mtemp ← GetMergesSorted(Ttemp)
7: . Step 3: Filter and append novel merges
8: for m inMtemp do
9: if m /∈ Tbase and |Snew| < X then

10: Snew ← Snew ∪ {m}
11: end if
12: end for
13: Texpanded ← AddMerges(Tbase, Snew)
14: return Texpanded

across tokenizers: given a token’s byte-level surface
form, language identifier, and the source model’s
existing embedding table, it learns to predict the
corresponding input and output embedding rows
for a target tokenizer.

At inference time, we expand the OLMo check-
point to the target embedding size, load the trained
ZeTT hypernetwork, and concatenate the original
input and output embedding tables to form the
source embedding representation used by the hy-
pernetwork. Newly added token IDs are grouped
by language using the token-language assignment
file generated by Vocab Expansion + FOCUS. For
each language group, the new token strings are en-
coded with the byte-level hypernetwork tokenizer
into fixed-length surface-form matrices. The hyper-
network then predicts input and output embedding
rows in batches, conditioned on the language ID
and source embedding representation, and assigns
the predicted rows to the corresponding new token
IDs. New tokens that are not categorized as any lan-
guage are initialized using the mean-initialization
procedure similar to Vocab Expansion + Mean Init.

G.4 Vocab Expansion + Sakajo et al.
The Vocab Expansion + Sakajo et al. baseline
follows the dictionary-based tokenizer transfer pro-

cedure of Sakajo et al. (2025). We use the word-to-
word mapping B produced by the Word Mapping
stage as bilingual dictionary entries, where each
target-language word is paired with its English def-
initions. A BPE tokenizer is trained from the dic-
tionary entries using a byte-level pre-tokenizer. We
then merge this tokenizer into the original OLMo
tokenizer using the same ID-preserving merge pro-
cedure as Vocab Expansion + Mean Init in Ap-
pendix G.1, yielding a merged tokenizer whose
original-token behavior is unchanged.

To initialize the expanded model, we run the
dictionary-transfer alignment procedure between
the source tokenizer and the target tokenizer. The
alignment procedure constructs token-level map-
pings from each target-tokenizer entry to one or
more source-tokenizer entries, with probabilities
estimated from the bilingual dictionary alignment.
We then reindex this mapping to the merged tok-
enizer: original source tokens keep identity map-
pings, while newly appended target tokens use their
aligned source-token distributions. After expanding
the input embedding matrix and output language-
modeling head to the padded embedding size, each
new token is initialized from its aligned source to-
kens. If a new token maps to a single source token,
its input and output rows are copied from that source
token. If it maps to multiple source tokens, its rows
are initialized as the probability-weighted average
of the aligned source-token rows. Tokens without a
valid dictionary alignment are initialized with mean
initialization.

G.5 Vocab Expansion + TokAlign
The Vocab Expansion + TokAlign baseline uti-
lizes the same vocabulary expansion procedure (Al-
gorithm 2) to determine the new token set. However,
it replaces mean initialization with a weight initial-
ization strategy proposed by TokAlign (Li et al.,
2025). We reproduce their weight initialization
pipeline using the following steps:

1. Dual-Vocabulary Tokenization: We tokenize
a large reference corpus twice—comprising a
mixture of CulturaX (Nguyen et al., 2024a)
(40%), The Stack (Kocetkov et al., 2023)
(30%), and Proof-Pile-2 (Azerbayev et al.,
2024) (30%)—following their paper. The first
pass uses the original source tokenizer, and
the second uses the expanded target tokenizer.
This generates parallel token sequences (Ssrc
and Stgt) of the same content.
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2. Global Co-occurrence Learning: We train
static GloVe embeddings on both sequence
sets. This step captures global token-token co-
occurrence statistics to establish a semantic
geometry for both vocabularies.

3. Semantic Mapping: For every newly added
token tnew, we identify its closest token told in
the base vocabulary using cosine similarity:

Anchor(tnew) = arg max
told∈Vsrc

cos(vtnew ,vtold)

This creates a list of mappings from each new
token to an existing anchor token.

4. Weight Transfer: Finally, the input embed-
dings and output weights of tnew are explicitly
copied from its identified anchor token. This
provides a semantically relevant ”warm start”
for the newly expanded parameters prior to
fine-tuning.

H Training Hyperparameters

Hyperparameter

Global batch size 512
Micro batch size (per device) 4
Learning rate 2.0× 10−4

Weight decay 0.1
Optimizer AdamW
(β1, β2) (0.9, 0.95)
Gradient clip 1.0
Max sequence length 4096

Table 17: Training hyperparameters for the 1B model.

I Performance Gains across Resource
Levels

To analyze when MATE is most beneficial, we
plot the performance gain from extending the
vocabulary of each language using MATE (i.e.,
score(MATE)−score(Baseline)) against the num-
ber of training sentences for that language (Fig-
ure 2), and fit an exponential decay model y =
ae−bx by minimizing the sum of squared residu-
als. The exponential decay model explains most
of the variance in translation improvements, with
R2 = 0.84 for E→X and R2 = 0.83 for X→E.
For Belebele, the fit is moderate (R2 = 0.53), indi-
cating that the relationship between data size and

Figure 2: MATE’s improvement over the baseline as
a function of the number of training sentences per lan-
guage. The lines show the line of best fit for each down-
stream task.

improvement is less pronounced for reading com-
prehension. M_MMLU does not exhibit a clear de-
cay trend; however, the sample size is much smaller
(4 languages) than for the other tasks, making it
difficult to establish a reliable relationship.

Overall, these results show that while MATE
frequently improves performance on high-resource
languages (e.g., a 3.3% accuracy gain on Chinese
reading comprehension and a 1.26 BLEU improve-
ment on Chinese→English translation), its impact
becomes dramatically larger for low-resource lan-
guages. For example, MATE improves Lao-to-
English translation by 23.97 BLEU over the base-
line. These findings demonstrate that MATE is par-
ticularly effective at unlocking the latent multilin-
gual capabilities of LLMs in low-resource settings,
where traditional approaches struggle the most.

J Detailed Evaluation Results for
Embedding Alignment Ratio Sensitivity

In this section, we provide the full task-level results
for the embedding alignment ratio sensitivity study
summarized in Table 5. Table 18 reports translation
BLEU scores, Table 19 reports XQuAD exact match
scores, Table 20 reports Belebele accuracy, and
Table 21 reports Multilingual MMLU accuracy.

K Detailed Evaluation Results for
Ablation Study

In this section, we provide the full, language-
specific breakdown of the ablation study summa-
rized in the main text. Table 22 details the trans-
lation performance (BLEU) for both E→X and
X→E directions across all evaluated languages. Ta-
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id km lo ms my ta th tl vi zh Avg

English→ Target

0% 46.23 15.36 17.14 41.22 11.46 11.32 23.74 34.66 39.34 40.22 28.07
12.5% 47.35 16.40 18.20 41.69 11.24 11.35 23.20 34.96 39.43 40.21 28.40
43.75% 46.47 15.84 16.49 41.82 11.53 11.16 23.64 34.72 39.56 39.88 28.11
87.5% 46.54 14.63 18.02 41.51 10.11 10.03 22.71 34.67 39.10 38.84 27.62
93.75% 46.74 13.50 13.75 41.75 10.04 9.41 22.64 34.66 39.28 38.20 27.00

Target→ English

0% 44.57 26.58 31.09 44.59 14.19 24.03 7.55 45.24 35.83 26.65 30.03
12.5% 44.48 28.16 30.88 43.86 16.36 23.30 29.72 45.12 35.65 26.61 32.41
43.75% 44.04 26.75 30.97 44.23 14.49 23.13 28.78 45.40 33.37 26.26 31.74
87.5% 42.85 27.22 30.10 42.93 12.70 22.24 28.56 44.42 34.04 26.32 31.14
93.75% 43.45 25.84 29.95 42.86 14.94 21.68 28.31 35.60 31.80 25.64 30.01

Table 18: Language-specific translation BLEU scores for embedding alignment ratio sensitivity.

Ratio en th vi zh Avg

0% 52.02 20.42 15.13 20.67 27.06
12.5% 51.43 14.37 11.68 14.79 23.07
43.75% 50.76 22.02 13.03 21.76 26.89
87.5% 52.10 27.98 15.88 20.76 29.18
93.75% 47.82 20.76 9.08 18.07 23.93

Table 19: Language-specific XQuAD exact match scores (%) for embedding alignment ratio sensitivity.

Ratio en id km lo ms my ta th tl vi zh Avg

0% 31.67 25.33 27.33 24.44 26.44 24.67 28.67 29.11 28.44 25.89 29.33 27.39
12.5% 31.33 26.78 26.44 26.11 25.33 27.44 28.44 29.56 26.67 29.00 30.67 27.98
43.75% 31.00 23.67 25.11 23.00 24.33 22.89 26.33 27.44 25.33 26.00 28.67 25.80
87.5% 31.44 27.22 27.44 27.22 26.33 27.00 27.00 27.44 27.33 26.33 30.33 27.73
93.75% 28.00 24.67 25.44 23.22 26.33 25.56 25.78 26.44 26.11 24.67 28.44 25.88

Table 20: Language-specific Belebele accuracy (%) for embedding alignment ratio sensitivity.

Ratio en id ta vi zh Avg

0% 33.56 28.30 24.98 27.88 27.24 28.39
12.5% 33.10 28.45 25.98 27.80 27.90 28.65
43.75% 33.10 28.75 24.53 28.14 27.35 28.37
87.5% 33.36 29.45 25.53 29.06 28.17 29.11
93.75% 33.07 29.52 26.34 28.21 27.37 28.90

Table 21: Language-specific Multilingual MMLU accuracy (%) for embedding alignment ratio sensitivity.

ble 23 reports XQuAD exact match scores, Table 24
presents the language-specific accuracy scores on
the Belebele reading comprehension benchmark,
and Table 25 provides the breakdown for the Multi-
lingual MMLU benchmark.

L Detailed Evaluation Results for
Scalability to Larger Models

In this section, we provide the full, language-
specific breakdown comparing the baseline OLMo
2 7B model, VE + Sakajo et al., and our pro-
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id km lo ms my ta th tl vi zh Avg

English→ Target

Baseline 45.69 3.19 6.65 40.99 2.33 8.81 21.22 34.31 39.50 38.51 24.12
+PVE 46.38 9.62 14.84 41.16 10.10 9.34 22.91 34.29 39.61 39.19 26.74
+PVE+SEI 46.23 15.36 17.14 41.22 11.46 11.32 23.74 34.66 39.34 40.22 28.07
MATE 46.54 14.63 18.02 41.51 10.11 10.03 22.71 34.67 39.10 38.84 27.62

Target→ English

Baseline 42.98 23.10 6.13 42.61 5.85 11.88 27.35 43.86 34.71 25.06 26.35
+PVE 43.72 26.38 12.21 43.64 13.13 22.35 19.22 44.39 19.29 26.13 27.05
+PVE+SEI 44.57 26.58 31.09 44.59 14.19 24.03 7.55 45.24 35.83 26.65 30.03
MATE 42.85 27.22 30.10 42.93 12.70 22.24 28.56 44.42 34.04 26.32 31.14

Table 22: Language-specific translation BLEU scores (FLORES-200) for the ablation study. Bold indicates the best
score per column, underline indicates the second best.

en th vi zh Avg

Baseline 14.20 0.08 1.34 1.76 4.35
+PVE 42.94 1.09 5.80 3.87 13.43
+PVE+SEI 52.02 20.42 15.13 20.67 27.06
MATE 52.10 27.98 15.88 20.76 29.18

Table 23: Language-specific XQuAD exact match scores (%) for the ablation study. Bold indicates the best score
per column, underline indicates the second best.

en id km lo ms my ta th tl vi zh Avg

Baseline 28.67 23.78 21.78 21.33 25.56 23.11 24.67 25.89 24.89 22.44 27.00 24.47
+PVE 29.67 24.33 23.56 24.78 25.89 23.78 26.56 25.78 25.22 29.56 27.78 26.08
+PVE+SEI 31.67 25.33 27.33 24.44 26.44 24.67 28.67 29.11 28.44 25.89 29.33 27.39
MATE 31.44 27.22 27.44 27.22 26.33 27.00 27.00 27.44 27.33 26.33 30.33 27.73

Table 24: Language-specific Belebele reading comprehension accuracy (%) for the ablation study. Bold indicates
the best score per column, underline indicates the second best.

en id ta vi zh Avg

Baseline 32.00 29.36 25.48 28.29 26.97 28.42
+PVE 32.18 28.28 24.79 26.99 26.94 27.84
+PVE+SEI 33.56 28.30 24.98 27.88 27.24 28.39
MATE 33.36 29.45 25.53 29.06 28.17 29.11

Table 25: Language-specific M_MMLU accuracy (%) for the ablation study. Bold indicates the best score per
column, underline indicates the second best.

posed method (MATE) at the 7B scale. Table 26
details the translation performance (BLEU) for both
English→ Target and Target→ English directions.
Table 27 reports exact match on XQuAD, Table 28
presents the language-specific accuracy scores on
Belebele, and Table 29 provides the breakdown for
Multilingual MMLU.
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Model id km lo ms my ta th tl vi zh Avg

English→ Target

Baseline 47.84 17.06 16.67 42.95 7.58 13.80 26.31 36.63 42.19 42.01 29.30
VE + Sakajo et al. 49.28 16.12 17.06 43.41 12.02 14.43 25.34 N/A 42.79 42.47 29.21
MATE 48.54 17.85 22.01 43.14 13.77 12.05 27.25 36.75 42.47 41.75 30.56

Target→ English

Baseline 48.32 31.93 32.93 48.20 18.95 29.54 33.23 50.17 39.56 30.58 36.34
VE + Sakajo et al. 47.99 29.07 30.64 48.44 17.99 28.12 32.86 50.48 36.58 29.62 35.18
MATE 48.04 32.32 35.29 48.50 20.83 27.54 34.11 50.02 39.33 29.79 36.58

Table 26: Translation performance (BLEU) on FLORES-200 for OLMo 2 7B. Bold indicates the best score per
column.

Model en th vi zh Avg

Baseline 72.18 4.71 24.45 13.53 28.72
VE + Sakajo et al. 60.92 5.63 16.47 9.16 23.05
MATE 63.36 37.06 18.57 26.05 36.26

Table 27: Exact match (%) on XQuAD for OLMo 2 7B. Bold indicates the best score per column.

Model en id km lo ms my ta th tl vi zh Avg

Baseline 66.56 50.67 27.67 28.44 52.33 25.56 32.67 37.00 47.00 46.11 56.44 42.77
VE + Sakajo
et al. 61.78 45.44 27.56 28.44 45.11 25.11 31.33 34.67 40.78 38.78 52.44 39.22
MATE 70.33 50.56 35.22 33.11 50.78 31.22 38.44 45.56 49.22 45.78 55.56 45.98

Table 28: Commonsense reasoning accuracy (%) on Belebele for OLMo 2 7B. Bold indicates the best score per
column.

Model en id ta vi zh Avg

Baseline 56.30 41.71 29.17 36.89 37.87 40.39
VE + Sakajo et al. 50.36 39.08 27.93 31.57 34.80 36.75
MATE 53.28 41.20 30.37 37.00 39.23 40.22

Table 29: General reasoning accuracy (%) on Multilingual MMLU for OLMo 2 7B. Bold indicates the best score
per column.
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