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Abstract

Low-resource languages often lack sufficient
training data for developing small language
models, limiting the application of recent
language acquisition benchmarks beyond En-
glish. Moreover, comparison across languages
is made harder given differences in training
data composition and quality. We investigate
whether machine translation can be used to
create BabyLM-scale training corpora for low-
resource languages by translating the English
BabyLM corpus into Hindi and Telugu using In-
dicTrans2. We train GPT-BERT and GPT-Wee
models and evaluate them using perplexity and
linguistic benchmarks. GPT-BERT consistently
outperforms GPT-Wee across both monolin-
gual and bilingual settings. Although perplex-
ity is lower on in-domain test data, this pattern
is consistent across English and the translated
languages, suggesting that the effect reflects
domain similarity rather than artifacts intro-
duced by translation. Furthermore, the models
achieve competitive performance on linguis-
tic evaluations relative to pretrained language
models. These findings suggest that translation
warrants further analysis to obtain data for de-
veloping and evaluating small language models
in low-resource settings.

1 Introduction

The study of language acquisition in India has
drawn attention from researchers across disciplines
such as psychology and education, but has been
less explored from a computational perspective. In-
deed, the linguistic diversity of native speakers in
India presents a complex challenge, with hundreds
of languages and thousands of dialects spanning
five language families (Mohanty, 2006). These lan-
guages also differ substantially in their available
linguistic and computational resources, and many
are considered low-resource from a computational
standpoint. For example, Hindi has considerably
larger resources compared to Telugu, though both

are official state languages in certain regions of
India (Mohanty, 2010; Philip et al., 2021). Inter-
estingly, English remains a constant across this
landscape, given its widespread use in educational
settings (Mohanty, 2006).

Recently, there has been growing interest in com-
putational modeling for Indian languages, includ-
ing the development of Large Language Models
(LLMs) optimized for these language families (e.g.,
IndicBERT, MuRIL) (Dabre et al., 2022; Khanuja
et al., 2021), and workshops dedicated to the de-
velopment of models and resources for these lan-
guages (Jha et al., 2024). While most work on
small language models has focused on English (see
(Charpentier et al., 2025; Hu et al., 2024)), sev-
eral studies have focused on languages other than
English, including Chinese, Japanese, Slovak, and
Hebrew (Gao et al., 2025; Kriš and Šuppa, 2025;
Gelboim and Sulem, 2025).

Choshen et al. (2026) added non-English
datasets to the BabyLM challenge for Chinese and
Dutch. These datasets rely on the availability of
sufficient data in these two languages to create a
complementary resource to the English data, i.e.,
100M words spanning across data from diverse
genres. We ask whether training data can be cre-
ated artificially for low-resource languages directly
from the English data.

We use IndicTrans2 (Gala et al., 2023) to
translate the 100M English data provided by
the BabyLM workshop into Hindi and Telugu
(Choshen et al., 2026). As a preliminary analysis,
we focus on Hindi and Telugu out of the many Indic
languages. Hindi, an Indo-Aryan language written
in Devanagari, is one of the most widely spoken
languages in India, while Telugu, a Dravidian lan-
guage with a distinct grammatical structure and
writing system, provides a complementary typo-
logical perspective and remains significantly under-
resourced in computational studies. Although we
do not use additional resources to construct the



translated data itself, the low-resource status of Tel-
ugu relative to Hindi may still affect translation
quality, which we account for in our evaluation.
A native speaker of Hindi and Telugu evaluated
a sample of the translated sentences and verified
translation quality.

We train both monolingual and bilingual models
for each language and each language-English pair-
ing. The use of data in three languages that stems
from the same semantic and pragmatic coverage
allows us for a more direct comparison of the re-
sults across all models. We evaluate the models
on their ability to represent the translated language,
the original data in each language, and the develop-
mentally grounded measures provided by BabyLM
(Choshen et al., 2026). Our results show that the
translation results in similar byte ratio to a small
parallel corpus data in line with suggested guide-
lines for data creation (Choshen et al., 2026; Arnett
et al., 2024). GPT-BERT achieves superior per-
formance to GPT-Wee for both monolingual and
bilingual models on perplexity and linguistic per-
formance measures. Across all three languages,
perplexity was consistently lower on the BabyLM
test data drawn from the same distribution as the
training corpus compared with independent evalu-
ation data. Because this pattern was observed for
English as well as the translated Hindi and Telugu
corpora, it suggests that the difference is primar-
ily driven by domain similarity rather than noise
introduced by the translation process. Despite be-
ing trained on translated corpora, the models per-
formed well on the linguistic evaluations compared
with pre-trained larger language models.

The consistency of these results across the three
languages suggests that the LLM-based translation
might provide a sufficiently stable training data to
support further exploration of using this method
to procure limited training data for small language
models. We conclude by outlining suggestions
for further work to validate this approach across
additional languages and training methods.

2 Related Work

Language acquisition in India presents a complex
challenge in its diverse native languages and differ-
ences across language exposure. In addition to the
numerous official languages that stem from several
language families, access to English widely differs
depending on social-economic status and geograph-
ical location (Parshad et al., 2016). Computational

modeling can enable analysis of language acquisi-
tion through manipulation of degree of language
exposure, input properties, and language combina-
tions. While models of English language acqui-
sition rely on data sets of child-directed speech
and story books (MacWhinney, 2000; Gerlach and
Font-Clos, 2020), CHILDES only covers several
Indic languages and on a much smaller scale.

While most of the work on small language mod-
els focused on models of English, several studies
explored the modeling non-English learning, de-
veloping data sets for other languages, and creat-
ing standard evaluation measures (Choshen et al.,
2026). One approach to data creation has been to
collect data from similar sources across languages
(e.g., child-directed speech, newspaper data, subti-
tles, etc.). Previous work suggested synthetic data
generation as a way to overcome the limited data
availability and evaluated the approach on English
as preliminary analysis (Ulm et al., 2025; Tampier
et al., 2025). Yet, synthetic data generation showed
mixed results as a source for training even in high-
resource languages (Poh et al., 2025; Feng et al.,
2024; Haga et al., 2024). Beyond data availability,
models of multilingual learners offer an additional
challenge of quantifying the effect of typological
differences on the training process.

In this study, we propose to use the carefully
curated English BabyLM corpus as the source for
generating training data in low-resource languages
through machine translation, following recent ad-
vances in multilingual translation models(Gala
et al., 2023; Goyal et al., 2022). Using a shared
source corpus provides comparable semantic and
pragmatic coverage across languages, facilitating
controlled comparisons between monolingual and
bilingual models, similar to multilingual evalua-
tion benchmarks (Liang et al., 2023; Jumelet et al.,
2025). This approach offers the advantage of con-
sistent thematic and register coverage across all
datasets given the shared source, while reducing
the need to locate diverse content types in mul-
tiple languages independently. However, transla-
tion may introduce noise and systematic biases
while reducing language-specific cultural and top-
ical variation (Artetxe et al., 2020; Bender et al.,
2021), and translation quality may vary across tar-
get languages, potentially placing lower-resource
languages such as Telugu at a disadvantage relative
to Hindi. Our evaluation framework provides an
initial approach to evaluating these trade-offs.



3 Methods

We use the English 100M words data (BabyLM-
community/BabyLM-2026-Strict) provided by the
BabyLM workshop (Choshen et al., 2026). We
translate each of the sub-sections of the data:
CHILDES (MacWhinney, 2000), British National
Corpus (BNC) (BNC Consortium, 2007), dialogue
portion, Project Gutenberg (children’s stories) (Ger-
lach and Font-Clos, 2020), OpenSubtitles (Lison
and Tiedemann, 2016), Simple English Wikipedia
(Wikimedia, 2023), and Switchboard Dialog Act
Corpus (Stolcke et al., 2000). We translate the data
to Hindi and Telugu, independently, using Indic-
Trans2 (Gala et al., 2023) (the en-indic-1B check-
point), with source language code eng_Latn and
target language codes hin_Deva and tel_Telu re-
spectively. Sentences are pre- and post-processed
using the IndicTrans Toolkit’s IndicProcessor. We
translate with a batch size of 64 for Hindi and 32
for Telugu, beam search with beam size 5, and a
maximum sequence length of 256 tokens. Since
the training data is a translation of the original
data release, the models in all languages theo-
retically represent equivalent semantic input that
varies in other linguistic properties such as syntac-
tic and morphological structure. We note that the
resulting Hindi translation contains 118,309,059
words and 1,381,881,024 bytes, a word-to-byte ra-
tio of 1:11.68. The Telugu translation contains
79,179,423 words and 1,471,312,814 bytes, a word-
to-byte ratio of 1:18.58. For comparison, a parallel
Hindi and Telugu corpus extracted from OpenSubti-
tles (Lison and Tiedemann, 2016) had word-to-byte
ratios of 1:11.97 and 1:17.18, respectively.

We train monolingual and bilingual models us-
ing the code provided by the BabyLM workshop
(Choshen et al., 2026), including GPT-Wee (based
on GPT-2) and GPT-BERT (Bunzeck and Zarrieß,
2023; Charpentier and Samuel, 2024a). The mono-
lingual models are trained on data from a single
language. The English model is trained in the full
100M word data, and the Hindi and Telugu mod-
els are trained on the full translation. To analyze
the effect of language learning setting on the re-
sulting model, we create bilingual models for each
language pair: we combine translated data from
CHILDES and Gutenberg with the original English
data for the remaining subsets (BNC, OpenSubti-
tles, Simple Wikipedia, and Switchboard). This
selection is intended to approximate naturalistic
Indic-English bilingual exposure, in which the na-

tive/Indic language predominates in the home set-
ting (CHILDES for child-directed language and
Gutenberg for book reading) and English predomi-
nates in more formal or educational contexts (e.g.,
Wikipedia) (Mohanty, 2006).

We train each GPT-Wee model 2 times for each
setup with different seeds, for a total of 10 models.
The models are trained for 10 epochs with a learn-
ing rate of 5e-5 and a warmup ratio of 0.01. Batch
size is 4 for monolingual runs and 16 for bilingual
runs. Total training steps are determined by dataset
size, and no fixed gradient accumulation.

We train each model 2 times for each setup with
different seeds, for a total of 10 GPT-BERT mod-
els. The parameters for training are a batch size of
32768 (global; 128 per GPU), max steps of 15625,
250 warmup steps, and a learning rate of 1e-2. Gra-
dient accumulation is dynamic rather than fixed.
Validation is every 1000 steps for bilingual runs,
while monolingual runs disable validation.

We evaluate the models with two complementary
goals: (1) their ability to model natural language
as reflected in corpus data and (2) their linguis-
tic knowledge. For language modeling, we mea-
sure perplexity on two evaluation sets. The first
is the BabyLM test set, which follows the same
data distribution as the training corpus and there-
fore provides an in-domain evaluation of how well
the models learn each language despite their typo-
logical differences. The second consists of parallel
sentence pairs extracted from OpenSubtitles that do
not overlap with any of the BabyLM subtitle data.
Although this dataset is drawn from the same sub-
title domain as 31% of the BabyLM training data,
it represents an independent sample with no over-
lap with BabyLM data and therefore evaluates the
models’ ability to generalize beyond the specific
benchmark data. Moreover, the Hindi and Telugu
models trained and tested on BabyLM data are both
using the translation method, while the OpenSubti-
tles data measures their ability to generalize to data
that is not obtained through the same translation
methodology. Using parallel data ensures that all
languages are evaluated on equivalent content, al-
lowing differences in perplexity to reflect language
modeling performance rather than differences in
sentence meaning. Together, these two evaluations
assess both in-domain language modeling and gen-
eralization to unseen subtitle data.

In addition, we analyze the linguistic abilities of
the models using the measures made available by
BabyLM that include benchmark for either Hindi,



Telugu or both. As such, we evaluate the mono-
lingual and bilingual models using MultiBLiMP
(Hindi only), which measures grammatical and syn-
tactic knowledge through minimal sentence pairs;
SIB200 (Hindi and Telugu), which evaluates doc-
ument classification and semantic understanding
across languages; and MuBench (Hindi and Tel-
ugu), which assesses multilingual language under-
standing on a range of downstream NLP tasks.

Our training and evaluation are primarily based
on the BabyLM code and datasets. The additional
code used for translation1, and the translated data2

are publicly available in the corresponding reposi-
tories.

4 Results

We evaluate the monolingual and bilingual lan-
guage models using complementary intrinsic and
extrinsic benchmarks designed to assess both lan-
guage modeling performance and cross-lingual gen-
eralization. We first present perplexity results over
all models and data sources, followed by an evalua-
tion on linguistic abilities using three benchmarks
following the BabyLM evaluation guidelines.

4.1 Perplexity

We evaluate monolingual language models trained
on BabyLM data translated into Hindi and Telugu
using IndicTrans2, comparing two model archi-
tectures: GPT-Wee and GPT-BERT (Bunzeck and
Zarrieß, 2023; Charpentier and Samuel, 2024a).
We evaluate on two data sources: (1) held-out
BabyLM test data translated into the target lan-
guage using the same IndicTrans2 procedure as
the training data, providing an in-distribution eval-
uation; and (2) OpenSubtitles (OS), a naturally
occurring parallel corpus used to assess general-
ization beyond the training distribution. To assess
the value of translated child-directed speech rela-
tive to native-language data, we additionally train
GPT-BERT models on non-translated Hindi and
Telugu data drawn from CC-100 (Wenzek et al.,
2020), a web crawl corpus. For each language, we
sample CC-100 data to match the byte size of the
corresponding translated training corpus, ensuring
a controlled comparison between translated and
non-translated conditions.

1https://github.com/NLPlabMSU/
babylm-translation-scripts

2https://osf.io/973gp/?view_only=
b255c4a0243341f498b6b243ddf528f6

Table 1 presents perplexity results across all
models and evaluation sets. Importantly, all mod-
els are trained and tested on parallel data making
the comparison more streamlined for semantic con-
tent. GPT-BERT outperforms GPT-Wee across all
three languages on both evaluation sets, consis-
tent with previous finding (Charpentier and Samuel,
2024b). For GPT-Wee, Hindi perplexity is lower
than Telugu on both sets, while GPT-BERT shows
the reverse pattern, achieving lower perplexity for
Telugu than Hindi, though on a smaller scale. This
crossover suggests that the two architectures inter-
act differently with the typological properties of
each language, or with the translation quality of
each language pair, and warrants further investiga-
tion.

The Hindi and Telugu GPT-BERT models
achieve markedly low perplexity scores (4.60 and
3.68 on BabyLM test data, respectively), substan-
tially lower than the English GPT-BERT model
(119.98). While this may partly reflect that the
translated test data shares structural and lexical pat-
terns with the training data more tightly than the
English test set does, the magnitude of the differ-
ence suggests that tokenization may also play a
role: subword segmentation for morphologically
rich languages like Hindi and Telugu can produce
longer token sequences that reduce per-token uncer-
tainty independently of linguistic knowledge. We
return to this point in the Discussion and flag it as a
confound in interpreting absolute perplexity values
across languages.

The increase in perplexity from BabyLM test
data to the OpenSubtitles corpus is substantially
larger for GPT-Wee in the translated languages,
and particularly dramatic for Telugu (134.25 to
1343.92), indicating that the smaller model learns
representations that do not generalize beyond the
training distribution. GPT-BERT shows more sta-
ble generalization: for English, it achieves lower
perplexity on OpenSubtitles than on the BabyLM
test set (114.69 vs. 119.98). Hindi and Telugu GPT-
BERT models show a larger increase from test to
OS-data than English, but remain far more stable
than GPT-Wee, suggesting that the translated cor-
pora provide a reasonably stable training signal
despite originating from machine translation.

Comparing translated and non-translated train-
ing conditions, the translated GPT-BERT mod-
els outperform their non-translated counterparts
on BabyLM test data, as expected given the in-
distribution nature of that evaluation. For both

https://github.com/NLPlabMSU/babylm-translation-scripts
https://github.com/NLPlabMSU/babylm-translation-scripts
https://osf.io/973gp/?view_only=b255c4a0243341f498b6b243ddf528f6
https://osf.io/973gp/?view_only=b255c4a0243341f498b6b243ddf528f6


Model Test OS-data
EN-GPT-Wee 140.5 292.35
HI-GPT-Wee 85.41 707.13
TE-GPT-Wee 134.25 1343.92
EN-GPT-BERT 119.98 114.69
HI-GPT-BERT 4.6 20.79
TE-GPT-BERT 3.68 17.62
NT-HI-GPT-BERT 11.17 8.36
NT-TE-GPT-BERT 8.53 12.13

Table 1: Results for the models trained on a single lan-
guage (showing the mean across runs), GPT-Wee using
BabyLM data (top panel), GPT-BERT using BabyLM
data (middle panel), and GPT-BERT on non-translated
data (bottom panel). Each column corresponds to test-
ing on the data of the language used to train the model.

Hindi and Telugu, naturally occurring web data
generalizes better to naturally occurring evalua-
tion text. NT-HI-GPT-BERT outperforms HI-GPT-
BERT on the OpenSubtitles data (8.36 vs. 20.79)
and NT-TE-GPT-BERT outperforms the translated
model on OpenSubtitles (12.13 vs. 17.62). This
pattern may reflect translation quality, typologi-
cal distance from English, or the adequacy of the
CC-100 data as a representative corpus for each
language, and represents an important direction for
future work. Nevertheless, the difference in out-
of-domain generalization between translated and
non-translated models is modest, particularly for
Telugu, suggesting that translated child-directed
speech remains a competitive training source even
beyond its native distribution — an encouraging
result given the significantly lower cost of data
creation via translation compared with sourcing
naturally occurring corpora for low-resource lan-
guages.

Overall, these results suggest that IndicTrans2-
based translation of child-directed speech offers a
promising path toward cognitively plausible train-
ing data for low-resource languages, with translated
data providing advantages in Hindi that do not fully
extend to Telugu, underscoring the importance of
evaluating this approach across multiple language
pairs before drawing general conclusions.

We next train bilingual models on either English
and Hindi or English and Telugu. Since English
is commonly used in education settings in India,
we use the data from CHILDES and Gutenberg in
the translated form, and the original English for
the other sources, which is roughly an even split
between the two languages for each model. Table 2

presents the perplexity results for the bilingual mod-
els with the addition of two multilingual models:
Llama 3.2 1B, and Sarvam-2b (Dubey et al., 2024;
Sarvam AI, 2024). The pre-trained models pro-
vide a reference point for model performance using
large data, which is non-translated and covers a
wider linguistic scope, and training protocols that
have been optimized for Indic languages. We run
the same evaluation methods using the pre-trained
models to allow more direct comparison.

The bilingual experiments further demonstrate
the utility of translated data for multilingual lan-
guage modeling. Because the bilingual models
were trained on a fixed input size and similar se-
mantic scope, the observed performance can be
more directly interpreted as model sensitivity to
language composition rather than properties of the
input in each language. GPT-BERT maintained low
perplexity on both English and the translated lan-
guage, while exhibiting remarkably similar behav-
ior for English–Hindi and English–Telugu training.
Despite the substantially different resource avail-
ability of Hindi and Telugu, the bilingual models
achieved comparable performance, suggesting that
the translated corpora provide a stable basis for
cross-lingual learning.

Though the translated data offers similar seman-
tic content across all languages and models, we
recognize that the results from monolingual and
bilingual models may be influenced by the tok-
enizer training. We return to this issue in the Dis-
cussion when interpreting the cross-lingual results
and their implications.

Finally, compared with larger multilingual mod-
els, the bilingual models show a mixed pattern.
Llama 3.2 1B achieves lower perplexity on En-
glish, consistent with the benefits of large-scale
pretraining. However, the gap is smaller for Hindi
and Telugu, where the bilingual GPT-BERT mod-
els achieve comparable or lower perplexity than
Sarvam-2B despite being substantially smaller.
These results suggest that carefully constructed
translated training data can enable small models
to learn effective representations for targeted lan-
guages, although larger models maintain an advan-
tage in broader language modeling settings.

4.2 Linguistic Knowledge
We next evaluate whether the representations
learned from translated training data extend be-
yond perplexity-based evaluation. Specifically, we
consider the multilingual benchmarks available



Model
English Hindi Telugu

Test OS-data Test OS-data Test OS-data
EN-HI-GPT-Wee 233.69 448.11 93.05 879.17 – –
EN-TE-GPT-Wee 199.26 365.27 – – 270.56 3937.21
EN-HI-GPT-BERT 82.55 188.63 8.37 30.67 – –
EN-TE-GPT-BERT 84.49 187.90 – – 4.25 19.10
Llama 3.2 1B 60.45 46.98 24.97 21.07 3.70 4.41
Sarvam-2B 186.58 76.14 210.51 229.16 205.81 2350.40

Table 2: Results for the models trained on two languages, and general-purpose baselines (showing the mean across
runs). Each column group corresponds to testing on English, Hindi, or Telugu data, regardless of which language
pair the model was trained on.

Model English Hindi Telugu
MBLIMP SIB200 MuBench MBLIMP SIB200 MuBench SIB200 MuBench

EN-GPT-Wee 0.7469 0.3284 0.2762 - - - - -
HI-GPT-Wee - - - 0.9261 0.2353 0.2750 - -
TE-GPT-Wee - - - - - - 0.2108 0.2832
EN-GPT-BERT 0.7978 0.2451 0.2823 - - - - -
HI-GPT-BERT - - - 0.9399 0.1961 0.2809 - -
TE-GPT-BERT - - - - - - 0.1471 0.2822
EN-HI-GPT-Wee 0.7070 0.2647 0.2827 0.9150 0.1324 0.2729 - -
EN-TE-GPT-Wee 0.7136 0.2794 0.2803 - - - 0.2304 0.2765
EN-HI-GPT-BERT 0.7868 0.2500 0.2768 0.9136 0.2304 0.282 - -
EN-TE-GPT-BERT 0.7991 0.2500 0.2709 - - - 0.1961 0.2813
Sarvam-2B 0.8006 0.4706 0.2833 0.9772 0.4510 0.2854 0.3824 0.2768
Llama 3.2 1B 0.8188 0.6275 0.2786 0.9772 0.6078 0.2796 0.43 0.277

Table 3: Linguistic knowledge results (BLiMP/MultiBLiMP, SIB-200, MuBench) across English, Hindi, and Telugu
(showing the mean across runs).

for Hindi and Telugu: MultiBLiMP (Hindi only),
SIB-200 (Hindi and Telugu), and MuBench (Hindi
and Telugu).As for the bilingual models, we run
the same evaluation methods using the pre-trained
models to allow more direct comparison.

Table 3 presents the results for all monolingual
and bilingual models across the three languages.
Note that each model is only evaluated on lan-
guages included in its training data, e.g., the bilin-
gual English-Hindi model is not tested in Telugu.
In addition, Telugu is not tested on MultiBLiMP
since the benchmark does not include this language.
Unlike the results for perplexity measures, the two
models, GPT-Wee and GPT-BERT, score mostly
similarly across the languages and measures with-
out one model being consistently superior to the
other across the board.

Across linguistic evaluations, the effect of model
scale depends strongly on the type of capability be-
ing measured. Small models trained on translated
BabyLM-scale corpora achieve strong performance
on MultiBLiMP, indicating that translated data can
support learning of syntactic patterns in both Hindi
and English. Unlike the perplexity results, Telugu

performance on SIB-200 is considerably lower, sug-
gesting that lower language modeling perplexity
does not necessarily translate into stronger syntac-
tic generalization. The larger multilingual models
substantially outperform small models on SIB-200,
suggesting that broader semantic classification ben-
efits from additional parameters and training re-
sources. Interestingly, the gap between the small
models and larger multilingual models is consider-
ably smaller for Telugu than for English and Hindi,
suggesting that model scale interacts differently
with language-specific factors, including training
data availability and typological differences. In
contrast to MultiBLiMP and SIB-200, MuBench
showed little variation across models regardless of
architecture, language, or model scale. This may
suggest that the benchmark is less sensitive to dif-
ferences introduced by translated training data or
multilingual modeling in our study. While this uni-
formity could reflect a genuine insensitivity of the
benchmark to differences in training data compo-
sition, it may alternatively indicate that all models
— regardless of size or training language — con-
verge on a similar performance floor for the task



types included in MuBench, which would itself be
a finding worth investigating in future work.

Overall, the bilingual models show only mod-
est degradation relative to monolingual models,
indicating that multilingual training with trans-
lated corpora preserves linguistic competence
while enabling cross-lingual modeling. Some En-
glish–Hindi and English–Telugu combinations out-
perform their monolingual counterparts and others
showing slight degradations. The absence of a
consistent trend suggests that the interaction be-
tween the paired languages, rather than the trans-
lated data itself, plays a larger role in shaping the
performance.

5 Discussion

This work explores the use of LLM-based transla-
tion to overcome limitations in training data avail-
ability for low-resource language contexts. Us-
ing the English BabyLM corpus as the source for
all translated datasets provides consistent semantic
content and comparable distributions across data
types and modalities, enabling controlled cross-
lingual comparisons. At the same time, this de-
sign may bias the learned representations toward
English and reduce language-specific cultural and
linguistic variation. Furthermore, translation qual-
ity may differ across target languages, potentially
placing lower-resource languages such as Telugu
at a disadvantage relative to Hindi. Nevertheless,
the potential benefits of generating training data
for languages with limited existing resources mo-
tivate this approach. Our evaluation framework is
designed to account for these trade-offs by examin-
ing language modeling, linguistic competence, and
multilingual transfer across both monolingual and
bilingual settings.

Overall, our results suggest that the translated
Hindi and Telugu corpora preserve sufficient lin-
guistic information to support the training of small
language models. Both GPT-Wee and GPT-BERT
successfully learned the translated corpora, with
GPT-BERT consistently achieving lower perplexity
and stronger linguistic performance across mono-
lingual and bilingual settings. While perplexity
was substantially lower on the held-out BabyLM
test sets than on independent evaluation data, this
pattern was observed consistently across English,
Hindi, and Telugu, suggesting that it primarily re-
flects domain similarity rather than artifacts intro-
duced by translation.

One result that warrants further attention is the
crossover between GPT-Wee and GPT-BERT in
their relative performance on Hindi versus Telugu.
GPT-Wee achieves lower perplexity on Hindi than
Telugu, while GPT-BERT shows the reverse pattern.
We hypothesize that this interaction reflects a com-
bination of translation quality differences. Telugu,
being lower-resource may result in noisier transla-
tions that benefit more from the greater capacity of
GPT-BERT and tokenization effects, whereby the
more agglutinative morphology of Telugu produces
longer subword sequences that interact differently
with each model’s training objective. Disentangling
these factors would require controlled experiments
varying translation quality and tokenizer design
independently, which we leave for future work.

The downstream evaluations reveal a more nu-
anced picture. Models trained on translated corpora
achieved strong performance on MultiBLiMP, in-
dicating that translated data preserve the syntactic
regularities required for grammatical generaliza-
tion. In contrast, larger multilingual models main-
tained a substantial advantage on SIB-200, partic-
ularly for English and Hindi. Interestingly, the
performance gap was considerably smaller for Tel-
ugu. This pattern suggests that balanced language
representation during training may be particularly
beneficial for modeling low-resource languages, al-
though further work is needed to disentangle the
effects of language balance, model scale, and train-
ing data composition.

This work also opens several directions for fu-
ture research. While the translated corpora provide
a controlled framework for comparing language
learning across English, Hindi, and Telugu, the
approach should be validated on a broader range
of evaluation data, including additional domains,
registers, and English varieties spoken by Hindi
speakers. Such evaluations would provide a more
comprehensive assessment of out-of-domain gener-
alization and help disentangle the effects of transla-
tion quality, domain similarity, and language con-
tact. Future work should also examine the role of
tokenization, as byte-pair encoding (BPE) may be
less suitable for morphologically rich or agglutina-
tive languages, potentially affecting both language
modeling and downstream performance.

An important consideration when training mod-
els on translated data is the possible presence of
systematic linguistic properties that distinguish
translated language from naturally produced lan-
guage also known as translationese. Previous work



has demonstrated that translationese can be read-
ily identified and can introduce systematic differ-
ences in lexical, syntactic, and stylistic properties
(Kunz, 2026; Vanmassenhove et al., 2021; Rabi-
novich et al., 2016; Rabinovich and Wintner, 2015;
Koppel and Ordan, 2011). While our evaluation
mostly focused on linguistic abilities, which are of
interest in the context of language acquisition and
learning, further work will evaluate the use of trans-
lation as training data as reflected in more culture-
dependent benchmarks and downstream tasks.

While additional evaluation is needed to validate
this approach across languages and benchmarks,
the translated BabyLM framework also provides a
controlled setting for investigating more nuanced
questions of bilingual language acquisition. Un-
like naturally occurring corpora, the translated data
allow systematic manipulation of the linguistic en-
vironment, including the proportion of English
and translated input (e.g., child-directed vs. ed-
ucational content in each language), the degree of
code-switching, and the balance of language expo-
sure during training. Such controlled rearing con-
ditions make it possible to examine how different
patterns of bilingual experience influence language
learning and to compare the resulting developmen-
tal trajectories with those observed in native and
heritage bilingual speakers. More broadly, this
work demonstrates that machine-translated devel-
opmental corpora can serve not only as a practical
resource for low-resource language modeling, but
also as an experimental framework for studying
multilingual language acquisition under carefully
controlled conditions.

Limitations

We acknowledge several limitations of our study.
First, due to computational resource constraints, we
trained and evaluated a limited number of model
configurations. Additional runs would allow for
a more robust estimation of variance and a bet-
ter understanding of the stability of the observed
differences across languages and model architec-
tures. Similarly, exploring a broader range of
model choice for translation and target languages
would provide a more complete picture of how
translated corpora influence multilingual learning.
Additionally, our evaluation is limited by the avail-
ability of linguistic benchmarks for the target lan-
guages. While MultiBLiMP provides a valuable
measure of syntactic knowledge, it is not currently

available for Telugu.
Although translation provides a controlled ap-

proach for constructing comparable training cor-
pora across languages, it may also introduce biases
toward the source language and reduce naturally
occurring linguistic and cultural variation. Future
work should examine additional translation meth-
ods, native-language resources, and alternative eval-
uation settings to better characterize the trade-offs
between controlled multilingual training data and
naturally occurring language input.

Finally, as noted in Section 4, subword tokeniza-
tion using byte-pair encoding (BPE) may dispro-
portionately affect perplexity comparisons across
languages. Because BPE segments morpholog-
ically rich languages such as Hindi and Telugu
into more subword units per word than English,
the effective prediction task differs in granularity
across languages, potentially lowering per-token
perplexity independently of linguistic knowledge.
Models such as Sarvam-2B are trained with to-
kenizers specifically optimized for Indic scripts,
which may account for some of the differences ob-
served in cross-model comparisons. For this reason,
perplexity values should be interpreted within the
same language and model family rather than across
them, and future work should evaluate tokenization-
controlled perplexity measures or character-level
evaluation alternatives.
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