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Abstract

Scaling laws typically characterize the per-
formance of large language models (LLMs)
through aggregate loss, potentially obscuring
substantial variation across languages in mul-
tilingual pretraining. We study this variation
through controlled experiments on a diverse set
of languages spanning two language families,
training 0.3B- and 0.5B-parameter models on
up to 137B tokens. Specifically, we compare
continued pretraining from a strong pretrained
model with training the same architecture from
scratch, examine the effects of expanding the
multilingual corpus, analyze cross-family trans-
fer through language-specific loss trajectories,
and fit separate scaling laws for individual lan-
guages. Our results show that continued pre-
training from a strong pretrained model leads
to faster convergence and consistently stronger
downstream performance than training from
scratch. In contrast, reductions in training loss
and more stable gradient ℓ2 norms do not nec-
essarily translate into downstream benchmark
gains. We further demonstrate that training on
a single language family can reduce loss for lan-
guages in another family, providing evidence of
cross-family transfer. Finally, we find that data-
scaling behavior is relatively consistent across
languages, whereas the benefits of model scal-
ing vary substantially. A sampling-weighted
combination of the language-specific scaling
laws closely reconstructs the aggregate train-
ing loss. These findings show that aggregate
metrics provide an incomplete account of multi-
lingual pretraining dynamics and highlight the
importance of language-specific analyses for
evaluating and scaling multilingual models.

1 Introduction

Scaling laws have become a central tool for pre-
dicting how the performance of LLMs varies with
model size, training data, and compute (Kaplan
et al., 2020; Hoffmann et al., 2022). However, most
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existing scaling analyses summarize performance
using a single aggregate loss. This abstraction is
less informative in multilingual pretraining, where
languages differ substantially in corpus size, lin-
guistic structure, and representation in the training
data. These differences raise practical questions
that an aggregate curve cannot adequately address:
whether low-resource languages benefit more from
continued pretraining of a strong pretrained LLM
than from training a model from scratch; whether
incorporating data from another language family
improves downstream performance; and whether
model and data scaling affect all languages in com-
parable ways. Such questions are becoming in-
creasingly important as multilingual corpora con-
tinue to expand. FineWeb-2 (Penedo et al., 2025),
for example, provides training data for more than
1,000 languages, making it possible to train models
on a substantially broader range of languages than
was previously feasible.

In this work, we conduct a controlled study of
multilingual pretraining across seven languages
from the Afro-Asiatic and Austro-Asiatic families.
We train models with approximately 0.3B and 0.5B
parameters on up to 137B tokens from FineWeb-2
and examine four complementary settings. First,
we compare continued pretraining from Qwen2.5-
0.5B (Yang et al., 2024) with training the same ar-
chitecture from random initialization. Second, we
compare training exclusively on Afro-Asiatic data
with training on an expanded corpus that addition-
ally includes Austro-Asiatic languages. Third, we
track language-specific losses throughout training
to assess knowledge transfer across language fami-
lies. Finally, we fit a separate scaling law for each
language and use the resulting language-specific
laws to reconstruct the aggregate training loss.

Our contributions can be summarized as follows

• We show that continued pretraining from a strong
LLM yields faster convergence and consistently
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outperforms training from scratch across eight
downstream benchmarks, even after the ran-
domly initialized model has been trained on tens
of billions of tokens.

• We demonstrate that reductions in training loss
and more stable gradient norms do not necessar-
ily translate into meaningful benchmark gains.
A continuous Brier Score analysis further shows
that the underlying probability estimates improve
only marginally when accuracy remains close to
random guessing.

• We provide evidence of cross-family transfer,
showing that training only on Afro-Asiatic lan-
guages reduces loss on Austro-Asiatic languages.
We further find that data-scaling exponents are
comparatively stable across languages, whereas
model-scaling exponents vary substantially, and
that the fitted language-specific laws accurately
reconstruct aggregate loss trajectories.

2 Related Work

Neural scaling laws describe predictable power-
law relationships between language-model loss and
model size, training data, or compute (Kaplan et al.,
2020). Hoffmann et al. (2022) revise the compute-
optimal allocation of parameters and tokens and
introduce an additive formulation that separates
model- and data-scaling effects. Subsequent stud-
ies extend this framework beyond abundant, ho-
mogeneous data. In data-constrained regimes, re-
peated exposure to the same tokens yields diminish-
ing returns, motivating scaling laws that explicitly
model data reuse (Muennighoff et al., 2023). Data
mixing laws instead model performance as a func-
tion of the proportions assigned to different data
domains and use small-scale training runs to select
mixtures for larger budgets (Ye et al., 2025). Col-
lectively, these studies show that scaling behavior
is governed not only by the total number of param-
eters and tokens, but also by the availability, reuse,
and composition of the training data.

Early work on multilingual scaling focused pri-
marily on neural machine translation (Fernandes
et al., 2023). More recent studies examine scal-
ing laws for multilingual language models directly.
He et al. (2025) fit loss as a function of model
size, data volume, and language-family sampling
ratios across 23 languages from five families. Their
formulation assumes that each family’s loss is de-
termined by its own sampling ratio and uses this
simplification to derive compute-efficient multilin-

gual data mixtures. ATLAS (Longpre et al., 2025)
substantially broadens the empirical scope, span-
ning models from 10M to 8B parameters, more
than 400 training languages, and 48 evaluation lan-
guages. It introduces transfer-aware scaling laws,
measures pairwise language benefit and interfer-
ence, and models the capacity cost associated with
the curse of multilinguality. Cao et al. (2026) fur-
ther frame multilingual pretraining as a cooperative
game and use language-specific contributions to pa-
rameterize cross-lingual transfer for performance
prediction and training-data mixture optimization.

3 Experimental Setup

For the training dataset, we use the FineWeb-2 cor-
pus (Penedo et al., 2025) to train the LLMs.1 The
dataset contains pretraining data covering more
than 1,000 languages. During training, the con-
text length is set to 8,192 tokens. To prevent self-
attention across different documents within the
same sequence, which can negatively affect down-
stream performance, we employ intra-document
causal masking such that each token is allowed to
attend only to preceding tokens within the same
document (Zhao et al., 2024; Team, 2024).

We train the LLMs using Megatron-LM
(Shoeybi et al., 2019).2 We set the learning rate to
10−5 and use a cosine decay schedule that reduces
it to 10% of its initial value by the end of train-
ing. We use 200 warm-up steps and a batch size of
16,777,216 tokens (2048× 8192). Optimization is
performed using AdamW (Loshchilov and Hutter,
2019) with β1 = 0.9, β2 = 0.95, and a weight de-
cay coefficient of 0.1. We apply gradient clipping
with a maximum norm of 1.

4 Experimental Results

Our experiments analyze multilingual pretraining
from several complementary perspectives, mov-
ing from comparisons of training strategies to
language-specific analyses. We first isolate the
effect of initialization by comparing continued pre-
training with training from scratch. We then assess
whether optimization gains from a broader mul-
tilingual corpus, as reflected in training loss and
gradient ℓ2 norm, translate into downstream im-
provements. Next, we examine language-specific

1We use version 2.0.0 of the dataset, corresponding to
the initial release of FineWeb-2. The dataset is available
at https://huggingface.co/datasets/HuggingFaceFW/
fineweb-2.

2https://github.com/NVIDIA/Megatron-LM
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Figure 1: Training dynamics under different initialization settings. Left: training loss for a randomly initialized
LLM and an LLM initialized from Qwen2.5-0.5B. Right: gradient ℓ2-norm for the same models.

Language Language Code #Tokens #Documents Language Family

Egyptian Arabic arz 928,212,704 1,410,134

Afro-Asiatic
Najdi Arabic ars 1,249,402,189 1,639,585
Moroccan Arabic ary 3,617,006,055 6,111,598
Standard Arabic arb 62,627,851,015 57,752,149
Hebrew heb 15,629,300,425 13,639,095

Khmer khm 3,582,904,670 1,467,637 Austro-AsiaticVietnamese vie 49,694,903,737 40,741,340

Table 1: Token and document counts for selected low-resource languages in the FineWeb-2 corpus, grouped by
language family. Token counts are computed after applying the Qwen2.5-0.5B tokenizer to the corresponding text
in each language subset.

loss trajectories to investigate transfer across lan-
guage families. Finally, we fit language-specific
scaling laws to quantify the effects of model and
data scale and evaluate whether these laws recover
the aggregate training dynamics.

4.1 Continued Pretraining versus Training
from Scratch

For a strong pretrained LLM, continued pre-
training on target-language data that are under-
represented in its original pretraining corpus
provides clear advantages over training a model
from scratch on the same data.

To assess how model initialization affects both
training dynamics and downstream performance,
we compare two LLMs with identical architectures
but different initialization schemes: (1) a model ini-
tialized from Qwen2.5-0.5B (Yang et al., 2024),
and (2) a model with the same architecture as
Qwen2.5-0.5B but randomly initialized and there-
fore trained from scratch.

We construct the training corpus from the subset
of FineWeb-2 (Penedo et al., 2025) corresponding
to the Afro-Asiatic language family, focusing on
five low-resource languages: (1) Egyptian Arabic,

(2) Najdi Arabic, (3) Moroccan Arabic, (4) Stan-
dard Arabic, and (5) Hebrew. This corpus com-
prises approximately 84B tokens (84,051,772,388)
across 80M documents (80,552,561). Table 1 re-
ports the token and document counts for each
language. We used the lm-evaluation-harness
toolkit3 to assess the downstream performance of
the trained LLMs. Because the toolkit provides
limited support for other languages considered in
our experiments, our downstream evaluation fo-
cused primarily on Arabic and related languages.
Specifically, we evaluated the trained LLMs on
eight benchmarks: (1) Belebele (Bandarkar et al.,
2024), (2) ArabicMMLU (Koto et al., 2024), (3)
Arabic EXAMS (Hardalov et al., 2020), (4) Arabic
Leaderboard (Elfilali et al., 2024; Almazrouei et al.,
2023; Huang et al., 2024; Fourrier et al., 2023), (5)
XNLI (Conneau et al., 2018), (6) XStoryCloze (Lin
et al., 2022), (7) MMLU-ProX (Xuan et al., 2025),
and (8) XQuAD (Artetxe et al., 2020).

As shown in Figure 1, compared with training
from scratch, continual pretraining on the training
data from the five low-resource languages from the
Afro-Asiatic language family using an LLM initial-

3https://github.com/eleutherai/
lm-evaluation-harness
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Figure 2: Benchmark performance of LLMs under two initialization settings. Left: models initialized from Qwen2.5-
0.5B. Right: models with the same architecture but randomly initialized. The star marker indicates the performance
of Qwen2.5-0.5B on these benchmarks. Language codes in parentheses specify the evaluation language: “arb”
denotes Modern Standard Arabic, “ars” denotes Najdi Arabic, “ary” denotes Moroccan Arabic, “arz” denotes
Egyptian Arabic, and “heb” denotes Hebrew. “XQuAD F1” and “XQuAD EM” report performance on the XQuAD
benchmark measured by F1 score and exact match, respectively.
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Figure 3: Training dynamics of LLMs trained from scratch on either Afro-Asiatic data alone or a combined corpus
of Afro-Asiatic and Austro-Asiatic data. Left: training loss curves under the two training settings. Right: gradient
ℓ2 norm curves under the same settings.

ized from Qwen2.5-0.5B achieves faster loss con-
vergence and converges to a lower loss value. More-
over, although the continually pretrained model
exhibits a larger gradient ℓ2 norm than the model
trained from scratch during the early stage of train-
ing, its gradient ℓ2 norm rapidly decreases to a low
level after a short training period. In contrast, the
model trained from scratch initially has a smaller
gradient ℓ2 norm, but it remains consistently higher
than that of the continually pretrained model during
the middle and later stages of training.

As shown in Figure 2, the continually pretrained
model initialized from Qwen2.5-0.5B consistently
outperforms the model trained from scratch across
all evaluated benchmarks throughout training. This
persistent performance gap indicates that initial-
ization from a strong pretrained model not only
accelerates optimization, as reflected by faster loss
convergence and a more rapid reduction in gradi-
ent norm, but also translates into stronger down-

stream performance on low-resource language
benchmarks. Moreover, the right panel of Figure 2
shows that, even after training on tens of billions
of tokens, the model trained from scratch still does
not surpass Qwen2.5-0.5B on these benchmarks.

4.2 Optimization Gains without Downstream
Improvement

Pretraining LLMs on larger corpora can reduce
training loss and stabilize the gradient ℓ2 norm,
but these optimization gains do not necessarily
translate into improved performance on down-
stream benchmarks.

To extend our experiments to a broader range
of language families, we augmented the Afro-
Asiatic training corpus with additional data from
the Austro-Asiatic family. Specifically, we trained
the model on a combined corpus comprising Afro-
Asiatic and Austro-Asiatic data, which contains
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Figure 5: Changes in Brier Score and accuracy on the
XStoryCloze benchmark over the course of training.

approximately 137B tokens. To ensure a fair com-
parison with this combined corpus setting, we fur-
ther continued training the model trained only on
Afro-Asiatic data, increasing its total training bud-
get from approximately 84B to 137B tokens.

As shown in Figure 3, the training loss decreased
substantially during training, while the gradient ℓ2
norm also declined before stabilizing in the later
stages. However, these optimization improvements
led to only marginal changes in downstream bench-
mark performance, as shown in Figure 4. Because
accuracy is a discrete metric that captures only
whether the final prediction is correct, it may fail
to reflect gradual changes in predicted probabilities
during training. Motivated by prior work showing
that evaluation metrics can substantially affect ob-
served model performance (Schaeffer et al., 2023),
we additionally use the Brier Score as a continuous
metric. Unlike accuracy, the Brier Score measures
the squared difference between predicted proba-
bilities and the true label distribution, capturing
changes in output probabilities even when the final
prediction remains unchanged.

Specifically, we compute the Brier Score on XS-
toryCloze, a binary multiple-choice benchmark for
narrative completion. Let ycorrect and yincorrect de-
note the correct and incorrect options, respectively.
For each test example i, the model assigns prob-
abilities pi(ycorrect) and pi(yincorrect) to these two
options. Given N test examples, the Brier Score
(BS) is defined as follows:

BS =
1

N

N∑
i=1

[
(pi(ycorrect)− 1)2 + (pi(yincorrect)− 0)2

]
.

(1)

A lower Brier Score indicates more accurate and
better calibrated probabilistic predictions.

Figure 5 shows the evolution of the Brier
Score and accuracy during training. Although the
Brier Score gradually decreases and varies more
smoothly than accuracy, the magnitude of this
change remains small, while benchmark accuracy
stays close to 0.5, comparable to random guessing.
These results further suggest that pretraining on
the FineWeb-2 corpus does not lead to meaningful
improvements on the evaluated benchmarks.

4.3 Cross-Family Transfer in Multilingual
Pretraining

Even when training is restricted to a single lan-
guage family, losses on languages from other
families can still decrease, suggesting the pres-
ence of cross-family transfer.

Because the evaluated benchmarks appear to be
relatively insensitive to changes in model behavior
during training, we further analyze training dynam-
ics by randomly sampling 1,000 documents for
each language from the corpus and computing the
loss of each saved checkpoint on these documents.
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Figure 6: Language-specific losses on sampled documents for LLMs trained on the combined Afro-Asiatic and
Austro-Asiatic corpus (left) and on the Afro-Asiatic corpus alone (right).
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Figure 7: Training dynamics of the 0.3B- and 0.5B-parameter models trained on the combined Afro-Asiatic
and Austro-Asiatic corpus. The left panel shows the training-loss trajectories, and the right panel shows the
corresponding gradient ℓ2 norm trajectories over the course of training.

As shown in Figure 6, when the model is trained on
data from both the Afro-Asiatic and Austro-Asiatic
language families, the loss on the sampled doc-
uments decreases for languages in both families.
Notably, even when the model is trained only on
Afro-Asiatic languages, the loss on Austro-Asiatic
languages also decreases. We hypothesize that,
despite the absence of Austro-Asiatic data in this
setting, the model learns language-general patterns
from Afro-Asiatic languages that partially trans-
fer to Austro-Asiatic languages. Such cross-family
transfer may explain the moderate loss reductions
observed for those languages.

We also observe abrupt loss reductions at sev-
eral checkpoints during training. For example,
when the model is trained on both Afro-Asiatic and
Austro-Asiatic languages, the loss on Khmer de-
clines more sharply after approximately 19B train-
ing tokens. Similarly, when training is restricted to
Afro-Asiatic languages, sudden loss reductions oc-
cur across multiple languages at around 90B tokens.
This pattern is consistent with transient loss fluc-
tuations reported in LLM training (Molybog et al.,

2023; Nishida et al., 2024; Takase et al., 2023).
Although the precise cause remains unclear, one
plausible explanation is that, given the large batch
size of 16,777,216 tokens and the use of 1,000
randomly sampled documents for loss evaluation,
some evaluation documents may have appeared in
training batches shortly before the corresponding
checkpoints. These abrupt reductions may there-
fore reflect local training effects, such as transient
fitting or sample-level memorization, rather than
sustained improvements in generalization.

4.4 Language-Specific Scaling Laws and
Aggregate Loss Prediction

Language-specific scaling laws show that in-
creasing training data consistently reduces loss
across languages, whereas gains from larger
models vary substantially; nevertheless, the fit-
ted laws accurately recover aggregate training-
loss trends across model scales.

To examine training dynamics across model
scales, we additionally trained a smaller model
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Figure 8: Language-specific training-loss trajectories measured on 1,000 randomly sampled documents for models
trained on the combined Afro-Asiatic and Austro-Asiatic corpus. The x markers indicate the observed training
losses, while the solid lines represent the losses predicted by the fitted scaling laws.

Parameters Layers Q Heads KV Heads Hidden Size FFN Hidden Size

493,803,392 (0.5B) 24 14 2 896 4864
267,547,392 (0.3B) 16 12 12 768 3072

Table 2: Architectural configurations of the 0.5B- and
0.3B-parameter models.

with approximately 0.3B parameters on the com-
bined Afro-Asiatic and Austro-Asiatic corpus. The
architectural hyperparameters of this model are
summarized in Table 2. Figure 7 compares the
training loss and gradient ℓ2 norm trajectories of
the 0.3B- and 0.5B-parameter models, while Fig-
ure 8 reports the loss measured on 1,000 randomly
sampled documents throughout training.

As shown in the left panel of Figure 7 and Fig-
ure 8, the 0.3B-parameter model consistently ex-
hibits higher loss than the 0.5B-parameter model
throughout training, as expected from its smaller
capacity. It also exhibits the abrupt loss drops dis-
cussed in Section 4.3. In contrast, the right panel
of Figure 7 shows that the gradient ℓ2-norm tra-
jectories of the two models follow similar patterns
throughout training.

To characterize language-specific scaling behav-
ior during training, we analyze how the training
loss for each language varies as a function of model
size and training data size. Let N denote the num-
ber of model parameters, D denote the number
of training tokens, and L(N,D) denote the corre-
sponding training loss. Following prior work on
neural scaling laws (Kaplan et al., 2020; Hoffmann
et al., 2022), we model the relationship among
language-specific training loss, model size, and
data size as follows:

L (N,D) = E +
A

Nα
+

B

Dβ
(2)

where (E,A,B, α, β) are parameters to be esti-

mated, and E represents the irreducible entropy
of natural text. We estimate these parameters by
minimizing the Huber loss between the predicted
log loss, log L̂(N,D), and the observed log loss,
logL(N,D), using the L-BFGS algorithm:

min
E,A,B,α,β

Huberδ
(
log L̂(N,D)− logL(N,D)

)
(3)

where Huberδ(x) is defined as

Huberδ(x) =

{
1
2
x2 if |x| ≤ δ,

δ · (|x| − 1
2
δ) otherwise,

(4)

Following Hoffmann et al. (2022), we set δ to
0.001.

Table 3 reports the fitted scaling laws for each
language. The estimated parameters reveal sev-
eral systematic patterns. First, the data-scaling
exponent β is relatively stable across languages,
ranging from 0.777 to 1.026, suggesting that addi-
tional training tokens yield broadly consistent loss
reductions across the multilingual corpus. Second,
the model-scaling exponent α shows substantially
greater cross-lingual variation. Egyptian Arabic
and Najdi Arabic have the largest α values, indi-
cating that their losses are especially sensitive to
increases in model capacity. In contrast, Moroccan
Arabic, Standard Arabic, and Hebrew have much
smaller α values, suggesting more limited gains
from model scaling alone. Third, the fitted entropy
term E also varies considerably: Khmer, Moroc-
can Arabic, and Standard Arabic have lower values,
whereas Egyptian Arabic and Najdi Arabic have
higher values, indicating language-specific differ-
ences in asymptotic loss. Overall, these results sug-
gest that data scaling is comparatively consistent
across languages, while the benefits of increasing
model size are more language dependent. We fur-
ther observe substantial variation among languages
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Language Family Language Scaling Laws

Afro-Asiatic

Egyptian Arabic L (N,D) = 3.104 +
669927555.63

N1.073
+

149873290.534

D0.779

Najdi Arabic L (N,D) = 3.278 +
8329410405.246

N1.211
+

279628650.024

D0.808

Moroccan Arabic L (N,D) = 1.175 +
379.877

N0.271
+

1093830819.922

D0.863

Standard Arabic L (N,D) = 1.359 +
471.323

N0.289
+

1020485784.673

D0.861

Hebrew L (N,D) = 1.919 +
525.337

N0.289
+

725375445.333

D0.844

Austro-Asiatic
Khmer L (N,D) = 0.702 +

4575825.218

N0.826
+

42365446931.761

D1.026

Vietnamese L (N,D) = 2.176 +
2705218.39

N0.769
+

164450830.132

D0.777

Table 3: Fitted language-specific scaling laws for modeling training loss as a function of model size and training
data size across the Afro-Asiatic and Austro-Asiatic languages.

within the same family, with no clear family-level
regularities in scaling behavior with respect to ei-
ther model size or data volume. Conversely, lan-
guages from different families can exhibit similar
scaling patterns. For example, Egyptian Arabic, an
Afro-Asiatic language, has a data-scaling exponent
β of 0.779, comparable to that of Vietnamese, an
Austro-Asiatic language. These findings suggest
that scaling behavior with respect to model size
and data volume may be only weakly associated
with language-family membership.

To assess the quality of the fits, we visualize
the fitted scaling-law curves and compare them
with the observed training losses in Figure 8. The
observed losses are generally well aligned with
the fitted curves, suggesting that the scaling-law
formulation and the estimated parameters capture
the empirical training dynamics effectively.

Furthermore, by combining the language-
specific sampling ratios with the fitted scaling laws,
we can estimate how the aggregate training loss
evolves as a function of the number of training
tokens across model scales. Let pi denote the sam-
pling probability of language i, and let L̂i(N,D)
denote the predicted training loss for that language
for a model with N parameters after training on
D tokens. The predicted aggregate training loss,
L̂(N,D), is then defined as the sampling-weighted
average of the language-specific losses:

L̂ (N,D) =
∑
i

piL̂i(N,D) (5)

Using the language-specific scaling laws reported
in Table 3, we compute the weighted average loss
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Figure 9: Predicted and observed aggregate training
losses for the 0.5B- and 0.3B-parameter models. To
reduce the influence of early-stage outliers in the fitted
losses, the fitted loss curves are shown beginning at
approximately 3 billion training tokens.

based on the empirical sampling probability of each
language in the multilingual training corpus. This
aggregate estimate approximates the model’s over-
all observed training loss. Because training exam-
ples are sampled randomly from the corpus, we
estimate each language’s sampling probability as
its proportion of the total training tokens. As il-
lustrated in Figure 9, the predicted aggregate loss
closely tracks the observed training loss.

To further evaluate the quality of the fitted scal-
ing laws, we compute the mean absolute differ-
ence between the predicted and observed losses.
The resulting differences are 0.097 and 0.131 for
the 0.5B- and 0.3B-parameter models, respectively.
This close agreement indicates that the language-
specific scaling laws accurately capture the empir-
ical training dynamics and provide reliable esti-
mates of the overall training loss.
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5 Conclusion

We have investigated multilingual language-model
pretraining from the perspectives of training dy-
namics, downstream evaluation, cross-lingual trans-
fer, and language-specific scaling laws. Our results
demonstrate that initialization from a pretrained
model provides clear advantages over training from
scratch. At the same time, improvements in opti-
mization metrics, including training loss and gra-
dient ℓ2 norm, do not necessarily translate into
stronger downstream performance. We further ob-
serve evidence of transfer across language fami-
lies, together with substantial cross-lingual vari-
ation in scaling behavior. Taken together, these
findings underscore the importance of language-
specific analysis for understanding and designing
multilingual models, and they motivate further in-
vestigation across broader model scales, language
distributions, and training-data mixtures.
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Limitations

Due to computational constraints, we conducted ex-
periments with 0.3B- and 0.5B-parameter models,
while extending the training data to nearly 137B
tokens. Experiments with larger models would pro-
vide further validation of our findings. Neverthe-
less, our empirical language-specific analysis and
experimental framework can be extended to larger-
scale settings and may inspire future research on
multilingual scaling laws.
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