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Abstract

Training a language model for low-resource
languages is challenging due to data scarcity
and computational cost. Tokenizer transfer of-
fers a way to adapt a pre-trained model to a
new tokenizer without full retraining, improv-
ing efficiency and cross-lingual applicability.
To the best of our knowledge, we present the
first controlled evaluation of tokenizer trans-
fer on monolingually pretrained base models
trained on language-specific corpora. We eval-
uate Orthogonal Mapping Pursuit (OMP) and
Fast Vocabulary Transfer (FVT) across six lan-
guages and multiple fine-tuning regimes. We
computed byte-normalized log-perplexity and
MultiBlimp accuracy for the Goldfish model
family. We use these to evaluate for target-
language adaptability and source-language re-
tention. We add monolingual or mixed finetun-
ing to compare with only using transfer. OMP
with monolingual target finetuning achieves
the best target-language performance, yielding
lower log-perplexity and higher MultiBlimp
scores than all evaluated baselines. These in-
clude (i) a model trained only on the source
language, (ii) a model trained on a smaller
amount of target-language data, and (iii) the
source-language model adapted via standard
finetuning on the target data. The results sug-
gest tokenizer transfer is a compute-efficient
alternative for low-resource LM training: train
a monolingual tokenizer for the target language,
transfer it to a larger pre-trained model, and
fine-tune using the target data.

Code: github.com/skogsgren/tokeneval

1 Introduction

Language models are increasingly part of daily life.
By late 2025, it is estimated that one in ten people
worldwide have interacted with these systems, of-
ten in casual, non-work contexts (Chatterji et al.,
2025). Yet, these models remain strongly English-
centric (Veselovsky et al., 2025), largely because
their training data is predominantly English (Blasi

et al., 2022; Joshi et al., 2020). As a result, speak-
ers of other languages have access to less effective
tools (Ranathunga and de Silva, 2022; Qin et al.,
2025). One potential contributing factor is tokeniza-
tion: since most tokenizers are trained for English,
other languages are encoded less efficiently (Minix-
hofer et al., 2024), requiring more tokens than for
English. Consequently, users of non-English lan-
guages face higher monetary costs for equivalent
tasks and experience lower performance (Petrov
et al., 2023; Ahia et al., 2023).

Retraining the model and tokenizer on data that
better represents the target languages is the most
direct way to improve coverage, although the opti-
mal language distribution remains an open question.
Schäfer et al. (2024) found that a 90/10 split ac-
tually improved bilingual performance compared
to a 50/50 split. In any case, such retraining is
costly in both monetary and environmental terms
and may be infeasible when sufficient data is un-
available. Researchers have begun investigating
“tokenizer transfer,” a method for reusing or adapt-
ing tokenizers for other languages without retrain-
ing the full model, either by aligning the new tok-
enizer to the previous embeddings, or by reinitial-
izing new embeddings. While several approaches
have been proposed, a comparison between tok-
enizer transfer methods and more traditional fine-
tuning approaches across multiple languages on
monolingually trained models is still lacking. Most
prior evaluations use multilingual LMs or within-
language settings, where multilingual pre-training
can mask the effect of tokenizer transfer. We there-
fore evaluate monolingually pretrained models un-
der several finetuning regimes to explore the effect
of tokenizer transfer across different settings.

In this work, we evaluate tokenizer transfer as a
low-resource adaptation strategy for monolingually
trained language models. Using the Goldfish fam-
ily, we run an all-pairs study over six languages
and compare two transfer methods, Fast Vocab-
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ulary Transfer (FVT) and Orthogonal Matching
Pursuit (OMP), against standard finetuning base-
lines. Concretely, we evaluate 30 source→target
pairs with 10 experimental conditions for each
pair, yielding comparison of 300 total configu-
rations. We (i) measure target-language adapta-
tion and source-language performance preservation
under no finetuning, target-only finetuning, and
mixed source+target finetuning, and (ii) analyze
how sensitive transfer performance is to the choice
of source language for each target.

Our goal is to provide practical guidance on best
practices for leveraging information from high-
resource languages to benefit low-resource lan-
guages, specifically by evaluating how tokenizer
transfer facilitates efficient adaptation.

2 Related Work

For tokenizer transfer the main challenge is how
to initialize embeddings for new tokens, i.e. to-
kens that exist in the new tokenizer/vocabulary but
not in the original model, while maintaining orig-
inal model performance. This can be achieved,
for example, with multilingual static embeddings
(Minixhofer et al., 2022) or by leveraging shared
token spaces between models (Dobler and de Melo,
2023).

Fast Vocabulary Transfer (FVT), introduced by
Gee et al. (2022), initializes each new token em-
bedding as the mean of its shared sub-token em-
beddings from the teacher model’s vocabulary. For
tokens that are identical we use the source embed-
ding. For tokens that appear only in the target
vocabulary VTGT and not in the source vocabulary
VSRC, FVT constructs embeddings by decompos-
ing each new token ti using the source tokenizer
TSRC. The new embedding of ti is defined as the
mean of the embeddings of the resulting source
tokens:

ETGT(ti) =
1

|TSRC(ti)|
∑

tj∈TSRC(ti)

ESRC(tj)

Orthogonal Mapping Projection (OMP), intro-
duced by Goddard and Neto (2025), approximates
each new token by first expressing it as a sparse
combination of shared anchor tokens in the donor
embedding space, then applying the same sparse co-
efficients to reconstruct its embedding in the base
model’s space. For tokens that are absent from
the base vocabulary, Orthogonal Matching Pursuit

(OMP) reconstructs each target embedding as a
sparse linear combination of shared anchor tokens.
Concretely, we approximate ESRC for the new em-
bedding ETGT(ti) by:

ESRC ≈
∑

j∈A
αjE

SRC
j

Where A ⊆ VSRC ∩ VTGT and |A| < k. A
is the set of anchor tokens chosen by orthogonal
matching pursuit (see Goddard and Neto (2025) for
the full implementation), and k being the sparsity
level (higher more granularity).

Other approaches generate new embeddings in-
stead of aligning them. Zero Shot Tokenizer Trans-
fer (ZeTT) (Minixhofer et al., 2024) trains a small
hypernetwork to predict embeddings, allowing ef-
fectively zero-shot transfer after training of the hy-
pernetwork. Approximate Likelihood Matching
(ALM) (Minixhofer et al., 2025) treats tokenizer
transfer as a knowledge distillation problem, iden-
tifying comparable token chunks and minimizing
differences between their likelihoods. Recently,
(Yamaguchi et al., 2025) study low-resource vo-
cabulary expansion (adding new target-language
tokens to an existing model) and compare several
embedding-initialization heuristics.

FVT was evaluated entirely against English test-
data. OMP uses a broad set of multitask bench-
marks, but evaluates only on English. ZeTT was
evaluated partly for multilingual scenarios, where
ZeTT retained performance on Massive Multitask
Language Understanding while reducing token
length by 30%. However, systematic comparison
of these methods across multiple non-English lan-
guages remains unexplored.

3 Method

Our goal is to evaluate tokenizer transfer strate-
gies across different source/target languages. To
that end, we choose the Goldfish family of models
(Chang et al., 2024), a set of GPT-2 sized mono-
lingual language models. They are trained on dif-
ferent sizes of training data: 5MB (350 languages),
10MB (288 languages), 100MB (166 languages),
and 1000MB (83 languages). Crucially, Goldfish
provides monolingual models trained on language-
specific corpora. This isolates tokenizer transfer
from prior multilingual exposure, allowing us to
rigorously test whether transfer methods work in a
strict monolingual setting without any shared pre-
trained representations. The modest size of these
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Language Size

English 9.6MB
Swedish 9.8MB
Danish 9.8MB
Estonian 9.3MB
Turkish 10.0MB
Scottish Gaelic 9.6MB

Table 1: Monolingual dataset sizes used for finetuning

models provides flexibility to conduct an extensive
all-pairs evaluation across six languages even with
our limited computational resources.

For tokenizer transfer strategies we chose OMP
(Goddard and Neto, 2025) and FVT (Gee et al.,
2022), both methods that align shared sub-token
spaces between source and target. These were cho-
sen over approaches like ZeTT primarily due to
computational constraints when comparing a large
set of language pairs / models, as we in the case of
ZeTT would have to train a hyper-network for each
pair.

For each source→target language pair, we estab-
lish the following four baselines:

• 10MB-tgt: the monolingual 10MB target-
language model.

• 100MB-src: the monolingual 100MB source-
language model.

• 100MB-src (Mono FT): Source model fine-
tuned on target data.

• 100MB-src (Mixed FT): Source model fine-
tuned on combined source+target data.

We then apply FVT and OMP to transfer the
100MB source model to the target model’s 10MB
tokenizer. For each technique, we evaluate the
transferred models in three states:

• OMP/FVT (No FT): The source model with
the transferred tokenizer of the target lan-
guage.

• OMP/FVT (Mono FT): target-only finetuning
data (10MB scaled by byte-premium).

• OMP/FVT (Mixed FT): mixed source/target
data (10+10MB scaled by byte-premium).

Byte-premium scaling, calculated per language
in the Goldfish project, adjusts dataset sizes to
approximate equivalent content across languages
by accounting for byte efficiency. All finetuning

uses 750 steps, batch size 8, and learning rate
0.0001. This yields approximately 3 million to-
kens or ∼ 15% of the original 10MB Goldfish
models’ training budget. Learning rate and batch
size are based on the ones used during pre-training
for Goldfish models.

Six languages were evaluated: English, Swedish,
Danish, Estonian, Turkish, and Scottish Gaelic,
forming 30 source→target pairs. Data for En-
glish, Swedish, Danish, Estonian and Turkish orig-
inates from the OSCAR corpus (Ortiz Su’arez
et al., 2019), a multilingual CommonCrawl-derived
dataset processed by the Ungoliant pipeline (Abadji
et al., 2021). Data for Scottish Gaelic is > 90%
made up of MADLAD (Kudugunta et al., 2023)
and NLLB data (Heffernan et al., 2022; Schwenk
et al., 2021)1, all crawled from the internet. Since
original Goldfish data splits were unavailable,
10MB of finetuning data was randomly sampled
using the same byte-premium values. Dataset
sizes are shown in Table 1. This yielded 300 total
source→target/method evaluation pairs.

We evaluate models using normalized log-
perplexity on the FLORES dataset (NLLB Team
et al., 2024), following the original setup used in
Chang et al. (2024). Perplexity measures predic-
tion confidence, with lower values indicating bet-
ter performance. While Chang et al. (2024) also
evaluated on BeleBele (Bandarkar et al., 2024), a
multiple-choice benchmark dataset for language
understanding, preliminary testing showed near-
random performance with minimal variance across
models due to their small size. Despite limitations
in capturing language understanding (Meister and
Cotterell, 2021), perplexity remains the standard
baseline metric for language models (Takahashi
and Tanaka-Ishii, 2019) and has been shown to
predict downstream performance when used for
dataset pruning tasks (Ankner et al., 2024).

In line with Chang et al. (2024), we measure
log-perplexity for a model M using the token prob-
abilities P on the second half s1 of every sequence
while conditioning on the first half s0. This con-
trols for the fact that multilingual models rely on
early tokens to identify the language before gener-
ating predictions. To avoid penalizing tokenizers
that use many tokens to represent the same text,
we report byte-normalized log-perplexity. For each
sequence, we compute its log-perplexity (i.e., neg-
ative log-likelihood in log space) and normalize by

1See Chang et al. (2024) for full data rundown
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Method TGT NormPPL TGT MultiBlimp Bytes/Token

100 MB-src (No FT) 4.327 (std=0.764) 0.711 (std=0.147) 2.44
10 MB-tgt (No FT) 1.771 (std=0.103) 0.793 (std=0.125) 4.57
100 MB-src (Mono FT) 2.391 (std=0.316) 0.807 (std=0.144) 2.44
100 MB-src (Mixed FT) 2.487 (std=0.320) 0.804 (std=0.147) 2.44

FVT (No FT) 2.926 (std=0.214) 0.662 (std=0.140) 4.57
OMP (No FT) 2.668 (std=0.213) 0.652 (std=0.150) 4.57
FVT (Mono FT) 1.693 (std=0.096) 0.852 (std=0.131) 4.57
OMP (Mono FT) 1.684 (std=0.091) 0.855 (std=0.140) 4.57
FVT (Mixed FT) 1.805 (std=0.101) 0.815 (std=0.154) 4.57
OMP (Mixed FT) 1.778 (std=0.096) 0.799 (std=0.153) 4.57

Table 2: Median and standard deviation of mean normalized target perplexity (smaller is better) and MultiBlimp
(larger is better) scores across all language pairs (n=30)/method, alongside average bytes per token for each method.

its UTF-8 byte count. We then take the mean over
all normalized sequences:

NormPPLM = means
(−log(PM(s1|s0)

BytesUTF-8(s1)

)
(1)

In the rest of the paper, we use NormPPL to refer
to this byte-normalized log-perplexity.

Additionally, we evaluate our models using
the MultiBlimp benchmark (Jumelet et al., 2025),
which leverages Universal Dependencies (Nivre
et al., 2016) and UniMorph (Batsuren et al., 2022)
to create a multilingual benchmark of linguistic
minimal pairs for two types of subject-verb agree-
ment. Each pair has one correct interpretation S+

and one incorrect interpretation S−. In English,
as an example, we could have s+ = "These wolf
packs have flourished" and s− = "These wolf packs

’ve flourished." For each model M we can calcu-
late MultiBlimp accuracy for a dataset D by go-
ing through each pair S, first calculating the model
probabilities PM for S+ and S−, taking the largest
probability as the model’s guess, and then getting
the mean of correct lines:

Acc(M;D) =
1

|D|
∑

s∈D
1
[
PM(S+) > PM(S−)

]

(2)
All experiments were conducted on a single Ti-

tan X GPU. Tokenizer transfer required approxi-
mately 30 minutes total for all pairs, with OMP and
FVT taking about a minute each for one language
pair. Finetuning for 750 steps required approxi-
mately 15 minutes per model.

4 Results

OMP with monolingual target finetuning achieved
the lowest median target NormPPL (1.684) and
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Figure 1: Normalized source vs. target NormPPL for
each method. Each point represents the median per-
formance across all language pairs for source/target
respectively.

highest median target MultiBlimp accuracy (0.855),
outperforming both the 100MB source baseline
(TGT PPL 4.327, TGT MultiBlimp 0.711) and
the 10MB target baseline (TGT PPL 1.771, TGT
MultiBlimp 0.793). FVT with target finetuning per-
formed comparably at TGT PPL 1.693, TGT Multi-
Blimp 0.852. Without finetuning, OMP achieved
median target NormPPL within 0.4 of the mono-
finetuned 100MB source model while requiring
substantially less computation and also provid-
ing improved tokenization efficiency (4.57 vs 2.44
bytes/token). However, OMP without finetuning
degraded median MultiBlimp accuracy 0.06 below
the 100MB source baseline. Full target NormPPL
results are in Table 2.

4.1 Effect on the source language

Examining source and target NormPPL jointly
reveals a trade-off: tokenizer transfer methods
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Method SRC+TGT NormPPL SRC+TGT MultiBlimp

100 MB-src (No FT) 5.553 (std=0.765) 1.674 (std=0.155)
10 MB-tgt (No FT) 6.513 (std=0.596) 1.610 (std=0.190)
100 MB-src (Mono FT) 4.457 (std=0.351) 1.671 (std=0.169)
100 MB-src (Mixed FT) 3.812 (std=0.330) 1.734 (std=0.148)

FVT (No FT) 8.465 (std=0.908) 1.497 (std=0.188)
OMP (No FT) 7.051 (std=0.644) 1.507 (std=0.208)
FVT (Mono FT) 6.194 (std=0.674) 1.633 (std=0.185)
OMP (Mono FT) 6.064 (std=0.585) 1.611 (std=0.196)
FVT (Mixed FT) 4.260 (std=0.336) 1.675 (std=0.179)
OMP (Mixed FT) 4.212 (std=0.331) 1.667 (std=0.181)

Table 3: Median and standard deviation of mean normalized source + target perplexity (smaller is better) and
MultiBlimp (larger is better) scores across all language pairs (n=30)/method.

achieve strong target performance but degrade
source-language capability more than finetuned
source models. Figure 1 illustrates this relation-
ship, showing how transfer methods reduce target
NormPPL relative to the un-transferred source base-
line, but at the cost of increased source NormPPL.
The corresponding figure for MultiBlimp is avail-
able in Figure 2, and it differs in that the non-
finetuned OMP/FVT performs worse than any other
method, including both baselines. For the fine-
tuned OMP/FVT methods we see similar trade-
offs between target accuracy and source, having
diminished source performance. For combined
source+target performance (Table 3), the 100MB
source model with mixed finetuning achieves the
best overall score.

4.2 Effect of the Source–Target Language
Pair

While aggregate results (Table 2 and 3) show con-
sistent trends for tokenizer transfer across all eval-
uated settings, we also investigate whether the
choice of source language has a substantial impact
on target-language performance.

Table 4 summarizes these results. For each tar-
get language, it reports the baseline performance
(100mb-src). For each transfer method, it also
provides the median and standard deviation of
NormPPL under the monolingual finetuning variant
(OMP/FVT (Mono FT)) across all sources, along
with the best- and worst-performing source lan-
guages. Figure 3 complements this summary by
showing the full per-source breakdown across con-
ditions for each target.

Overall, the effect of the source language is lim-
ited once adaptation is applied. Whereas the base-
line models show substantial differences (median
NormPPL ranges from 2.82 for English up to 4.80
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Figure 2: Normalized source vs. target MultiBlimp
accuracy for each method. Each point represents
the median performance across all language pairs for
source/target respectively.

for Turkish), after tokenizer transfer followed by
finetuning on the target language, the spread across
sources becomes small. In particular, for Esto-
nian, Turkish, and Scottish Gaelic the variation
across sources is negligible (Std ≤ 0.01 for both
FVT and OMP), indicating that performance is
largely source-invariant in these targets. English
also shows only minor variation (Std = 0.03 under
FVT and 0.01 under OMP). The largest source sen-
sitivity is observed for Swedish and Danish (Std
≈ 0.04–0.06), although even here the differences
are modest in absolute terms. Finally, OMP is con-
sistently as good as or slightly better than FVT in
median PPL across all targets in Table 4.

5 Discussion

This study addresses (1) how tokenizer trans-
fer methods compare to traditional finetuning for
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Baseline FVT OMP
Target Median Median (Std) Best Worst Median (Std) Best Worst

ENG 2.822 1.676 (0.026) GLA (1.647) EST (1.712) 1.676 (0.015) GLA (1.660) TUR (1.701)
SWE 4.199 1.780 (0.046) DAN (1.669) TUR (1.792) 1.753 (0.038) DAN (1.668) GLA (1.772)
DAN 4.037 1.777 (0.056) SWE (1.636) TUR (1.785) 1.747 (0.042) SWE (1.647) GLA (1.758)
EST 4.505 1.879 (0.003) SWE(1.873) GLA (1.883) 1.853 (0.005) SWE (1.846) GLA (1.859)
TUR 4.796 1.589 (0.003) SWE (1.583) DAN (1.591) 1.572 (0.007) EST (1.560) ENG (1.580)
GLA 4.410 1.672 (0.005) ENG (1.660) EST (1.674) 1.649 (0.003) ENG (1.642) TUR (1.650)

Table 4: Cross-lingual median NormPPL (lower is better) for each target language under FVT and OMP. Baseline
reports the performance of the 100MB-src model on the target language without tokenizer transfer. For each
method, we take each source language’s target NormPPL in the OMP/FVT (Mono FT) setting and report the median
NormPPL (standard deviation) across source languages, along with the source language achieving the best and
worst scores.

target-language adaptation, and (2) what trade-offs
exist between target and source-language perfor-
mance. Importantly, we focus only on monolin-
gually pretrained source models, unlike the major-
ity of prior work, which studies transfer within the
same language or from multilingual LMs (Goddard
and Neto, 2025; Minixhofer et al., 2024, 2025).
These models are not trained to share representa-
tions with the target language we want to adapt
to, making cross-language adaptation even more
difficult.

For (1), OMP with monolingual target finetuning
achieved the strongest target-language performance
(1.684 NormPPL, 0.855 MultiBlimp accuracy), out-
performing both the 10MB target baseline and the
100MB source model finetuned on the target lan-
guage (Mono FT). This aligns with the findings of
Goddard and Neto (2025), that sparse anchor-based
reconstruction preserves semantic structure. With-
out finetuning, OMP and FVT performed similar to
that of a mono-finetuned source model with respect
to NormPPL, suggesting the transfer process itself
may provide adaptation, though both approaches
suffered in regards to MultiBlimp accuracy com-
pared to baselines.

For source-language performance preservation,
results highlighted a trade-off: OMP and FVT opti-
mize target performance at the expense of source-
language capability. The 100MB source model
with mixed finetuning achieved the best combined
source+target NormPPL, suggesting that for bilin-
gual use cases, traditional finetuning remains su-
perior. This was especially notable in the MultiB-
limp accuracy, where the transfer methods without
finetuning degraded both source performance and
failed to match the baseline target accuracy. The
mixed finetuning condition partially mitigated this
trade-off for FVT and OMP, but it lagged behind

the 100MB source model with mixed finetuning.
For (2), we find that source-language choice is

often of limited importance after adaptation, but not
irrelevant. Under OMP/FVT (Mono FT), the stan-
dard deviation of target NormPPL across source
languages is negligible for several targets (EST:
0.003/0.005 for FVT/OMP; TUR: 0.003/0.007;
GLA: 0.005/0.003) and remains small for ENG
(0.026/0.015). The largest source sensitivity oc-
curs for SWE and DAN (SWE: 0.046/0.038; DAN:
0.056/0.042), indicating that source effects persist
for some targets even after finetuning.

Taken together, these results suggest that to-
kenizer transfer can make adaptation less sensi-
tive to source-language choice and, in our setting,
yields stronger target-language gains than finetun-
ing alone, at least within our Latin-script experi-
ments. Practically, this implies that a readily avail-
able high-resource model in the same script can
often serve as a reasonable source even without
selecting a linguistically similar “parent” model,
provided there is sufficient script/token overlap.
At the same time, SWE and DAN (the closest
pair in our set) show the clearest source effects:
in the OMP/FVT (Mono FT) setting, SWE is the
best source for adapting to DAN, improving tar-
get NormPPL by ≈0.10 over the next-best source;
conversely, DAN is the best source for adapting
to SWE, with an ≈0.08 advantage over the sec-
ond best source language (Figure 3). This pattern
suggests that even when overall variance is small,
selecting a particularly well-matched source can
yield measurable gains for some targets.

Overall, our findings suggest a practical recipe
for low-resource language model training, in that
we can train a better language model for a language
in a low resource 10MB scenario by: i) training a to-
kenizer on that 10MB; ii) transferring that tokenizer
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Figure 3: NormPPL (lower is better) for each target language across source languages, showing the progression
from the 100MB-src baseline through OMP/FVT (No FT), OMP/FVT (Mono FT), and OMP/FVT (Mixed FT).
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to a larger pre-trained model, and iii) fine-tune the
model using our 10MB data for significantly fewer
steps than would be required for a monolingual
model.

Future work could explore: (i) transfer between
distant language pairs using multilingually trained
tokenizers, (ii) scaling behavior across model sizes
to determine if source degradation diminishes with
capacity, and (iii) evaluate on reasoning/natural
language benchmarks using larger models.

6 Conclusion

We present an all-pair evaluation of OMP, FVT to-
kenizer transfer methods compared to traditional
finetuning approaches for monolingually trained
low-resource language models. Across six lan-
guages, we show that tokenizer transfer combined
with target-language finetuning outperforms small
monolingual models trained from scratch, while
requiring a fraction of the compute. OMP deliv-
ers the strongest target-language results, though at
the cost of degraded source-language performance,
highlighting a clear adaptability/retention trade-off.
Our findings suggest tokenizer transfer as a prac-
tical and compute-efficient strategy for extending
pretrained language models to new low-resource
languages, provided that token overlap is sufficient
and bilingual performance is not the primary goal.

Limitations

This study has several limitations. First, our evalu-
ation covers only six languages, all using the Latin
script. Early experiments with Greek and Arabic
were excluded due to extreme tokenizer mismatch
(up to ∼90% unknown tokens), indicating that
both FVT and OMP do not apply straightforwardly
when source and target scripts are mismatched and
token overlap is low. Second, we focus on rela-
tively small models (Goldfish at 10MB/100MB),
and the extent to which these findings generalize
should be verified on larger models. Similarly,
we are using data in effectively a simulated low-
resource scenario. It could be the case that this
has unforeseen interaction effects. For example,
Kreutzer et al. (2022) discovered that low-resource
languages have more noise than high-resource lan-
guages for datasets derived from crawled internet
sources. So even though we are using the same
amount of data as a low-resource scenario, the qual-
ity of that data might be different and not accurately
reflect a true low-resource scenario. Third, most

settings were evaluated with a single run due to re-
source constraints; future work should repeat a rep-
resentative subset with multiple random seeds and
report mean±std. Finally, results rely on NormPPL
and MultiBlimp; future work should assess down-
stream generation capabilities, though this is chal-
lenging for models of this size.

Ethical Considerations

The use of Common Crawl data for the pre-training
and finetuning of models risks further emphasizing
harmful bias in the training data. Also, the envi-
ronmental cost of model training and finetuning,
while reduced through transfer methods, remains
non-negligible. The carbon footprint of 300 experi-
mental runs across multiple finetuning conditions
was not measured but should be considered in fu-
ture work.
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