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Abstract

Multilingual large language models (LLMs)
are expensive to pretrain and often suffer from
imbalances across languages and datasets,
English-centric bias, tokenizer oversegmen-
tation for morphologically rich low-resource
languages, and the curse of multilinguality.
We introduce PARAMANU, a family of In-
dian language-only autoregressive language
models trained from scratch on open-source
language-specific data for the five most spoken
Indian languages: Bangla (Bengali), Hindi,
Marathi, Tamil, and Telugu. All models are
designed for affordability and are trained on
a single GPU with a budget under $1,000,
allowing under-resourced researchers to build
competitive language models. To address low-
resource challenges, we develop morphology-
aligned, low-fertility tokenizers, and propose
an interpolation-based method for token po-
sition indices in RoPE based scaling to train
longer sequences efficiently. We also cre-
ate instruction-tuning datasets in Bangla that
are then translated to the other four lan-
guages. Despite their small size (108M-367M
parameters), Paramanu achieves a strong
performance-efficiency tradeoff and outper-
forms most larger multilingual models up to
8B across all five languages. The models and
datasets are available at: https://huggingface.
co/collections/mitodru/paramanu.

1 Introduction

Despite the existence of over 7,000 languages
globally, current NLP and GenAI technologies re-
main heavily skewed towards English and other
high-resource European languages, leaving a sig-
nificant portion of the world’s population, par-
ticularly speakers of global south languages, un-
derserved (Schwartz, 2022; Nekoto et al., 2020;
Choudhury, 2023). Indian languages, spoken by
approximately 1.4 billion people, are among the
most neglected, despite the fact that Hindi and
Bangla (Bengali) are respectively the 5th and 6th

most spoken1 languages globally. Challenges
such as lack of high-quality datasets, poor tok-
enization, and limited representation in pretraining
corpora render Indian languages “low-resource”
(Tsvetkov, 2017; Singh, 2008); being morphologi-
cally rich further impedes their performance (Joshi
et al., 2020; Goyal et al., 2022; Nigatu et al.,
2024).

Large language models (LLMs) like GPT-2
(Radford et al., 2019), LLaMa (Touvron et al.,
2023), GPT-NeoX (Black et al., 2022), OPT
(Zhang et al., 2022), Falcon (Almazrouei et al.,
2023), and PaLM (Chowdhery et al., 2023) are
predominantly trained on English and Latin-script
languages, showing significantly degraded perfor-
mance on Indian and other low-resource languages
(Bang et al., 2023; Lai et al., 2023a). This
disparity persists even in multilingual decoder-
only LLMs (e.g., Bloom (Workshop et al., 2023),
xGLM (Lin et al., 2022), mGPT (Shliazhko et al.,
2024), Aya23 (Aryabumi et al., 2024), Llama-
3 (Grattafiori et al., 2024), Llama-3.2 (Meta AI,
2024)). These models have English-centric bias,
and “think in English” (Schut et al., 2025; Guo
et al., 2024a), which often causes them to perform
worse in non-Latin script languages (Shafayat
et al., 2024; Shi et al., 2023; Huang et al., 2023;
Bang et al., 2023). As they also suffer from data
and language-dependent imbalance (Dangarikar
et al., 2024), a fits-all-language tokenizer often
leads to bias, over-segmentation (Ahuja et al.,
2023), unfair representation (Pfeiffer et al., 2021),
language confusion (Marchisio et al., 2024) and
reduced fluency (Guo et al., 2024b). This results
in high token fertility for Indian languages, and in-
creased inference and training costs.

Adapting existing LLMs to Indian languages
through continual pretraining (Zheng et al., 2024a;
Ji et al., 2025; Alves et al., 2024) and fine-tuning

1https://www.babbel.com/en/magazine/
the-10-most-spoken-languages-in-the-world
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(Lu et al., 2024; Zheng et al., 2024b) presents mul-
tiple challenges, including requirement of large
data and compute, vocabulary extension, embed-
ding alignment, and risk of catastrophic forgetting
(Zheng et al., 2024a; Ahuja et al., 2023). More-
over, this adaptation assumes the suitability of
English-centric foundations, which may not gen-
eralize well to Indian typologies and scripts.

We introduce here PARAMANU2, the first fam-
ily of Indian language-only, openly licensed,
non-commercial (CC BY-NC-SA 4.0) sub-400M
decoder language models trained from scratch
on fully open-source, language-specific Indian
data. Paramanu comprises monolingual genera-
tive models for the five most spoken Indian lan-
guages: Bangla (Bengali), Hindi, Marathi, Tamil,
and Telugu ranging from 108M to 367M param-
eters, as well as a multilingual model covering
Assamese, Bangla, Sanskrit, Konkani, Maithili
and Odia. We use low-fertility, language-specific
tokenizers to reduce training and inference cost
and latency. This approach avoids cross-language
data imbalance, allows effective preprocessing of
smaller corpora (including low-resource settings),
and provides a controlled foundation for analyz-
ing LLM behavior and developing downstream
adaptations. We show that language-specific mod-
els achieve strong performance even under se-
vere constraints3 for low-resource, morphologi-
cally rich languages. Across a comprehensive eval-
uation against monolingual and multilingual mod-
els up to 8B parameters, Paramanu achieves an
efficient performance-cost tradeoff, outperforming
most larger models and, to our knowledge, all
LLMs under 3B parameters.

We summarize our contributions as follows:
1. We developed Paramanu, the first from-scratch,

Indian language-only open-source sub-400M
decoder LMs for five most spoken Indian
languages, thereby empirically demonstrating
that small monolingual models can outper-
form larger multilingual models, making them
broadly usable by NLP researchers working on
Indian languages.

2. We developed morphology-aligned, low-
fertility Indian tokenizers by combining
Unigram and BPE tokens.

3. We developed an interpolation method, in-
spired from Chen et al. (2023), for the posi-
2Available at: https://huggingface.co/collections/mitodru/

paramanu.
3Typically, a single GPU and <$1,000 budget for training.

tion indices of tokens in RoPE based scaling
for training longer sequences on a single GPU.

4. We cleaned the training corpus and developed
novel instruction-tuning datasets in Bangla,
which were then machine translated and used
for Hindi, Marathi, Tamil, and Telugu to further
align our models with human instructions. Our
datasets are available at https://huggingface.co/
collections/mitodru/paramanu.
The remainder of the paper is organized as fol-

lows: Section 2 discusses prior work; Section 3
details data, tokenization, and model design; Sec-
tion 4 presents experiments, training, evaluations,
and ablations; Section 5 discusses the results; and
Section 6 concludes.

2 Related Work

Multilingual large language models (LLMs) such
as Bloom (Workshop et al., 2023), xGLM (Lin
et al., 2022), and Sarvam 2B (Sarvam2B, 2024)
have made significant progress in scaling decoder-
only models across multiple languages. How-
ever, many of these models remain heavily
English-biased: for instance, Llama-3.2 (Dubey
et al., 2024) includes only 8% non-English to-
kens, while Sarvam 2B uses 40-50% English
data. Such imbalances, together with tokenizer
over-segmentation, disproportionately affect low-
resource, morphologically rich languages. Efforts
to adapt English-centric models for Indian lan-
guages include Airavata (Gala et al., 2024), Open-
Hathi (SarvamAI, 2023), TigerLLM (Raihan and
Zampieri, 2025), and Nemotron-Hindi (Joshi et al.,
2025), which extend vocabularies and leverage
fine-tuning techniques like LoRA (Hu et al., 2022)
and QLoRA (Dettmers et al., 2023). Dedicated
Indian-language LLMs trained from scratchsuch
as Aya23 8B (Aryabumi et al., 2024), mGPT (Shli-
azhko et al., 2024), and Sarvam 2B (Sarvam2B,
2024) still rely heavily on English data and strug-
gle to generate high-quality text in Indian lan-
guages.

Massively multilingual models (MMTs) (De-
vlin et al., 2019; Conneau et al., 2020a; Xue et al.,
2021) are pretrained on large corpora across many
languages but often lack alignment between dis-
tant languages, resulting in poor transfer perfor-
mance (Lauscher et al., 2020). Studies attribute
this to lower-quality tokenization per language
(Rust et al., 2021) and show that adding multilin-
gual data helps low-resource languages only until
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model capacity is reached, while consistently de-
grading performance for high-resource languages
(Chang et al., 2024). Indic NLP research also
suffers from a lack of culturally and linguisti-
cally relevant datasets (Doddapaneni et al., 2023;
Khan et al., 2024), as most supervised datasets
are translations from English. Recent efforts
have explored building monolingual autoregres-
sive LMs from scratch, such as German LLäMm-
lein (Pfister et al., 2025), BanglaT5 (Bhattachar-
jee et al., 2023), and BanglaByT5 (Bhattacharyya
and Bhattacharya, 2025). Unlike BanglaByT5,
which compared only models below 1B parame-
ters, our work evaluates Paramanu against models
up to 8B parameters, demonstrating the effective-
ness of small, language-specific LLMs under re-
source constraints. This family of models can be
used and extended by any NLP group working on
Indian languages.

3 Methodology

In this section, we discuss details regarding our
datasets, preprocessing, novel tokenization, mul-
tilingual instruction dataset creation, and context
scaling with tokens positional interpolation.

3.1 Dataset for Pretraining

The pretrained data of 54.6 GB UTF-8 bytes for
the 5 Indian languages (Bangla, Hindi, Marathi,
Tamil, Telugu) was split into 95% training and 5%
validation to retain as much data as possible, since
the goal is to take a step toward developing effec-
tive pretrained generative language models from
scratch for the 5 most spoken Indian languages.
The pretraining corpus consists of web-scraped
news, blogs, and Wikipedia from IndicCorp v2
(Doddapaneni et al., 2023) for Marathi, Tamil,
and Telugu, which was used to train IndicBERT-
v2, and Bangla literature from Vacaspati (Bhat-
tacharyya et al., 2023), used in training Bangla
Electra. IndicCorp v2 also includes Indian lan-
guage data from Wikipedia and OSCAR (Suárez
et al., 2019). Dataset details are in Table 1.

3.2 Data Cleaning

Data curation and cleaning are important for low
resource languages to improve the signal/noise ra-
tio (Kreutzer et al., 2022). Following prior work
(Doddapaneni et al., 2023; Abadji et al., 2022),
we perform regex-based filtering of HTML/XML
tags, emails, links, emojis, personal info, and

remove non-literal and foreign-script characters.
Language identification is done using cld34 and
IndianLID-FTN (Madhani et al., 2023) to discard
non-target languages. We filter toxic content us-
ing Team et al. (2022), normalize whitespace and
Unicode, and deduplicate paragraphs using 128-
bit MurmurHash5. For Indian scripts (Bangla, De-
vanagari, Tamil, and Telugu), sentence splitting
uses language-specific punctuation (danda “|” for
Bangla and Devanagari scripts).

3.3 Tokenization
To improve morphological subword representa-
tions for Indian languages, we employ a hybrid to-
kenization approach that fuses vocabularies from
independently trained SentencePiece (Kudo and
Richardson, 2018) models using Byte Pair Encod-
ing (BPE, Sennrich et al., 2016) and the Unigram
Language Model (Unigram LM, Kudo, 2018).
This design is motivated by Bostrom and Durrett
(2020), who show that Unigram LM produces sub-
word units that better capture morphological struc-
ture through global optimization and probabilis-
tic pruning, yielding cleaner subword inventories
than greedy merge-based methods.

Both tokenizers are converted to Sentence-
Pieces ModelProto format, which serializes the
vocabulary, subword scores, normalization rules,
and special tokens, and the BPE vocabulary is
augmented with all Unigram LM tokens not al-
ready present. The added Unigram LM tokens
are assigned their original Unigram LM scores
in SentencePiece, which are computed as log-
probabilities of empirical frequencies:

scoreu(t) = log ft
where ft ∈ (0, 1) is the frequency (i.e., the nor-
malized number of occurrences) of token t. Sen-
tencePiece furthermore relies on a Viterbi-style al-
gorithm for tokenization, using, for BPE scores,
the opposite of the rank (−rt) of each token in a
frequency-sorted (descending) list. By Zipf’s law:
rt =

1
HNft

, where N is the number of tokens con-

sidered and HN =
∑N

k=1
1
k is the N th harmonic

number. The function

g(ft) = log ft − (− 1

HNft
) = log ft +

1

HNft

is decreasing from +∞ to (1 + logH−1
N ) on

(0,H−1
N ], and increasing from (1 + logH−1

N ) to
4https://github.com/google/cld3
5https://pypi.org/project/mmh3/
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Language Family Script Corpus Source Corpus Size (GB) #Sentences #Speakers

Bangla Indo-European Bangla Vacasapati + Wikipedia 3.6 22,533,608 300 M
Hindi Indo-European Devanagari IITB monolingual 15.8 52,124,643 692 M
Marathi Indo-European Devanagari Indian Corp v2 12.5 34,567,839 99 M
Tamil Dravidian Tamil Indian Corp v2 10.7 27,872,768 77 M
Telugu Dravidian Telugu Indian Corp v2 13.5 40,241,847 95 M

Table 1: Pretraining data details after data cleaning along with language families, scripts, and speaker estimates.
Speaker data is from the Indian Census 2011.

H−1
N on [H−1

N , 1). Furthermore, as 1+ logH−1
N >

0 for N ≥ 8, there exist K1 ∈ (0,H−1
N ) and

K2 ∈ (H−1
N , 1) such that g(K1) = g(K2) = 0.

This shows that Unigram LM tokens are privileged
over BPE tokens in (0,K1) ∪ (K2, 1), and that
BPE tokens are privileged over Unigram LM to-
kens in (K1,K2). As Unigram LM and BPE share
the most frequent tokens, the Unigram LM tokens
added to the BPE tokens correspond to less fre-
quent, longer tokens. Thus, in practice, the seg-
mentation for most words mostly relies on BPE
in the first merges, and then on Unigram LM, if
possible, for later merges where morphologically
meaningful substrings are captured (Bostrom and
Durrett, 2020). For many words, the resulting
segmentation is identical to BPE alone (rows 4-
5 in Table 6 in Appendix A), but for substrings
where Unigram LM tokens better match common
morphemes, the hybrid tokenizer selects these as
atomic units, producing more morphologically co-
herent subwords.

Table 6 in Appendix A illustrates the tok-
enization behavior of our hybrid tokenizer com-
pared to standard BPE across several Indian lan-
guages. In Telugu, the word ఆధారపడతాము
(ādhārapaḍatāmu) is segmented by BPE as
['ఆధార', 'ప', 'డ', 'తాము'] (['ādhāra', 'pa',
'ḍa', 'tāmu']), which breaks the root ఆధార-
పడ ('ādhārapaḍa') into separate tokens. In
contrast, our hybrid tokenizer produces ['ఆధార-
పడ', 'తాము'] (['ādhārapaḍa', 'tāmu']), pre-
serving the root as a single unit and the suffix
separately, maintaining the morphological and se-
mantic structure of the word. For Tamil, the
word பயணித்தார்கள் (payaṇittārkal)̤ is
segmented by BPE as ['பயண', 'இத்தார்-
கள்'] (['payaṇa', 'ittārkal'̤]), splitting the
verb root பயணித்த (payaṇitta) and the past-
tense participle plus plural suffix into unnatu-
ral fragments. The hybrid tokenizer segments
it as ['பயணித்த', 'ஆர்கள்'] (['payaṇitta',
'ārkal'̤]), keeping the root plus tense markerபய-
ணித்த together and the plural marker ஆர்கள்

as a separate token, which better reflects the under-
lying morphological units. Across these examples,
the hybrid tokenizer consistently preserves stems
and frequent suffixes as atomic subwords, whereas
BPE often produces over-fragmented tokens. By
combining BPE with Unigram LM tokens, it in-
creases lexical coverage by representing both fre-
quent and rare morphemes as reusable units. This
enables more compact token sequences, reduces
embedding redundancy, and generates subword
representations that better align with the semantic
and morphological structure of morphologically
rich Indian languages.

During pre-tokenization, we apply NFC nor-
malization, digit splitting, and byte fallback for
unknown UTF-8 characters. Our tokenizers
achieve the least fertility scores across all five
languages compared to Sarvam 2B (Sarvam2B,
2024), Llama-3.1 (Dubey et al., 2024), Gemma-2
(Team et al., 2024), and GPT-4o (shown in Fig. 1).

3.4 Instruction Tuning Datasets

We constructed 23K instructions for Bangla from
three sources: 5K human-authored instructions
(on culture, literary, practical domain) by 20 na-
tive Bangla-speaking annotators, following guide-
lines detailed in Appendix B, 15K translated in-
structions from Dolly (Conover et al., 2023), and
3K self-instruct-generated samples (Wang et al.,
2023). These were translated to Hindi, Marathi,
Tamil, and Telugu using Google Translate6 with
manual post-editing7 The details of this dataset
are given in Table 7 in the Appendix. We ac-
knowledge that using Google Translate for Hindi,
Marathi, Tamil, and Telugu may introduce linguis-
tic artifacts. However, translation-based supervi-
sion is a widely adopted strategy in multilingual
and low-resource NLP (Conneau et al., 2020b;
Xue et al., 2021; Chung et al., 2022), particularly
when high-quality native instruction data is un-

6https://cloud.google.com/
7Available at: https://huggingface.co/collections/mitodru/

paramanu.
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Figure 1: Fertility score of our tokenizer versus LLMs across languages of 4 scripts (Bangla, Devanagari, Tamil,
and Telugu). LLMs score are reported from (Sarvam2B, 2024).

available. To mitigate this, we applied manual
post-editing and evaluation was conducted on in-
dependently curated target-language benchmarks.
Given the scarcity of high-quality instruction-
following datasets, translation provides a practical
initialization strategy rather than a replacement for
culturally grounded native data.

3.5 Context Scaling with RoPE Embeddings
for Efficient Pretraining

We employ a scaled variant of Rotary Positional
Embeddings (RoPE; Su et al., 2022) with a base
value of θ = 10,000. Inspired from Chen
et al. (2023) to support pretraining with large
context lengths on hardware-constrained settings
(e.g., a single A100 40GB GPU), we introduce
a shrinking factor that scales the input token po-
sition ids before the RoPE methodology is ap-
plied. This shrinking factor is defined as the ratio
of the target context length y to a fixed permis-
sible_context_size_length L, which corresponds
to the maximum context length that the available
hardware can accommodate. All other training hy-
perparameters such as batch size, vocabulary size,
and model dimensions remain unchanged. For-
mally, for each token position p, we compute a
scaled position p′ as:

p′ =
p

α
=

p · L
y

For example, with a target context length of y =
4096 and a permissible length of L = 256, the
shrinking factor is α = 4096

256 = 16. A token at po-
sition p = 4000 is mapped to p′ = 4000

16 = 250.00,
and its neighbor at p = 4001 maps to p′ ≈ 250.06.

This ensures all scaled positions lie within the per-
missible range [0, L]. Fig. 2 illustrates the process.

Note that, as positional embeddings can be ap-
plied to non-integer positions using RoPE, the self-
attention score is only dependent on the relative
position of the tokens through trigonometric func-
tions. This independence on y is crucial for stabil-
ity of the attention scores and contrasts with the ex-
trapolation approach of Su et al. (2022). As such,
the positional interpolation of Chen et al. (2023) is
more likely to behave well in practice, even though
stability may not be guaranteed if, for example, the
dimension of the attention head is large or if the q
and k vectors have large coordinates.

4 Experiments

Our monolingual PARAMANU models are based
on transformer (Vaswani et al., 2017) causal de-
coder architecture (Radford et al., 2019). Fol-
lowing Chinchilla (Hoffmann et al., 2022a)
and LLaMa (Touvron et al., 2023), we used
RMSNorm (Zhang and Sennrich, 2019) with
norm_epsilon =1e-5, SwiGLU (Shazeer, 2020) ac-
tivation function, and an activation hidden size of
∼ 8

3d. Following (Chowdhery et al., 2023), we re-
moved all biases from dense layers to improve the
training stability. We also used weight tying (Press
and Wolf, 2017) to improve the performance of
language models by sharing the weights of the em-
bedding and softmax layers. The model parameter
configuration is shown in Table 15 in Appendix D.

4.1 Training

We pretrained our models using the AdamW opti-
mizer (Loshchilov and Hutter, 2019), with β1 =
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Original positions (p ∈ [0, y))

p1 p2 p3 pedge

∆p1,2
∆p2,3

∆p3,edge

Scaled positions (p′ ∈ [0, L))

p′1 p′2 p′3 p
′
edge

∆p′1,2 = ∆p1,2/α
∆p′2,3 = ∆p2,3/α ∆p′3,edge = ∆p3,edge/α

p′ = p
α
, α = y/L

RoPE applied after scaling
Fractional positions are valid; attention depends only on relative distances

Figure 2: RoPE context scaling via positional interpolation. Tokens in the original context (blue) are linearly
mapped to a hardware-supported range (green). Absolute distances shrink, relative offsets ∆p′ = ∆p/α are
preserved. Brackets for ∆p′ are spaced to avoid overlap with token labels.

0.9, β2 = 0.95, eps = 10−5. We use a cosine
learning rate schedule, with warmup of 1000 steps,
and decay final learning rate down to 10% of the
peak learning rate. We use a weight decay of 0.1
and gradient clipping of 1.0. To further speedup
training, we also used BF16 mixed precision train-
ing. We performed hyperparameter tuning on 15M
models and used the concept of µP transfer (Yang
et al., 2021) to transfer the learned hyperparam-
eters to our bigger models. All models are pre-
trained for 100K training steps except Hindi 367M
(150K). For instruction-tuning, we followed Taori
et al. (2023). Further details are in Appendix D.

4.2 Evaluation

We evaluate our models on perplexity and down-
stream tasks including QA, NLI, and common-
sense reasoning, across five Indian languages. We
also performed human evaluation for Bangla and
Hindi as discussed in Appendix C.3. Comparisons
are made with 25 multilingual and Indian-adapted
LLMs (200M–8B params) such as BanglaT5,
BanglaByT5, Bloomz, xGLM, LLaMA-3/3.2,
mGPT, Sarvam 2B, Aya23, and fine-tuned mod-
els such as OpenHathi, Nemotron-Hindi (Joshi
et al., 2025), Airavata (Gala et al., 2024), Tiger-
LLM, and Indic-Gemma-Navrasa (Telugu-LLM-
Labs, 2025). Models are grouped by size.

Benchmarks. We use MMLU (Hendrycks
et al., 2021), ARC (Clark et al., 2018), and Bele-
bele (Bandarkar et al., 2024) for all languages, and
language-specific datasets: HellaSwag (Hindi),
XNLI (Conneau et al., 2018), XStoryCloze (Lin

et al., 2022) (Hindi, Telugu), and XCOPA (Ponti
et al., 2020) (Tamil) as benchmarks. Evaluation
uses machine translated datasets from Lai et al.
(2023b) and LM Evaluation Harness (LMEval)
(Sutawika et al., 2024).

4.3 Results

Table 2 summarizes average performance across
benchmark tasks in five Indian languages
(detailed results are given in Appendix Ta-
bles 8, 10, 9, 11, 12). The instruction-tuned
Paramanu models outperform, on each language,
the 15 LLMs with less than 3B parameters,
with the exception of Sarvam 2B which slightly
outperforms the Tamil and Telugu Paramanu
models; it is however trained on 4T tokens, 50×
more than the Paramanu models. The Paramanu
models furthermore outperform the larger models
OpenHathi-7B and Airavata-7B adapted on
Marathi and Hindi through continual pretraining,
as well as 6 out of 10 larger (above 3B param-
eters) language models, including LLMs using
up-sampled low-resource data as xGLM which is
trained with 30 languages. Although Llama-3-8B
and Bloomz-7B lead overall due to large-scale
instruction tuning on xP3, our models remain
competitive with all other models. Our reliance on
translated benchmarks (e.g., MMLU, ARC, Hel-
laSwag) may favor multilingual models trained on
predominantly Western data, potentially providing
them an advantage on culturally Western content.
Thus, our evaluation may represent an upper
bound for such baselines and likely penalizes
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Model Size #langs Bangla Devanagari Tamil Telugu Training Context Pretrained Tokens

Marathi Hindi Hours Size Total Indian

Paramanu-Bangla 108M 1 25.22 - - - - 42.75 1024 26.21B 26.21B
Paramanu-Bangla-instruct 108M 1 29.52 - - - - +0.5 1024 +3.5M +3.5M
Paramanu-Marathi 208M 1 - 26.40 30.97 - - 88 1024 28.83B 28.83B
Paramanu-Marathi-instruct 208M 1 - 26.93 30.54 - - +0.5 1024 +2.5M +2.5M
Paramanu-Hindi 367M 1 - 24.20 30.97 - - 239 1024 66B 66B
Paramanu-Hindi-instruct 367M 1 - 25.54 40.14 - - +1 1024 +13M +13M
Paramanu-Tamil 208M 1 - - - 33.34 - 112.5 1024 39.32B 39.32B
Paramanu-Tamil-instruct 208M 1 - - - 34.80 - +0.5 1024 +3M +3M
Paramanu-Telugu 208M 1 - - - - 32.22 112.5 1024 39.32B 39.32B
Paramanu-Telugu-instruct 208M 1 - - - - 34.50 +0.5 1024 +2.8M +2.8M

IndicBART 244M 12 22.16 23.90 29.47 32.30 30.16 5,760 1024 18B 15.83B
BanglaT5 247M 1 21.92 - - - - 3,000 512 196.6B 196.6B
BanglaByT5 300M 1 21.20 - - - - 600 512 49.15B 49.15B
Bloom 560M 45 23.83 24.76 32.84 33.13 31.78 N/A 2048 350B 7.7B
Bloomz (instruction-tuned) 560M 45 24.01 25.29 32.31 33.30 32.25 N/A 2048 +13B +1.4B
xGLM 564M 30 21.54 22.31 30.69 30.57 30.35 129,024 2048 500B 20B

Llama-3.2 1B 34 24.90 26.06 34.54 32.81 32.13 370,000 128,000 9T N/A
TigerLLM (instruction-tuned) 1B 35 24.05 23.86 29.98 33.33 30.02 +216 32,768 +200M +200M
Bloom 1.1B 45 24.75 25.78 33.87 32.94 33.04 N/A 2048 350B 7.7B
Bloomz (instruction-tuned) 1.1B 45 23.45 23.54 31.87 32.19 30.67 N/A 2048 +13B +1.4B
mGPT 1.3B 61 22.86 23.30 31.95 29.73 30.96 86,016 2048 400B 15B
xGLM 1.7B 30 22.24 21.69 32.09 30.56 31.12 129,024 2048 500B 20B
Sarvam 2B 11 25.22 26.08 36.27 35.25 34.55 122,880 8192 4T 2T
Indic-Gemma-Navrasa 2B 16 25.27 26.02 34.40 33.73 33.55 +45 8192 ≥ 2T N/A
xGLM 2.9B 30 22.27 21.73 33.18 30.70 33.51 129,024 2048 500B 20B

Llama-3.2 3B 34 30.17 31.36 40.06 36.59 34.86 460,000 128,000 9T N/A
Nemotron-Hindi 4B 15 - 29.42 45.33 - - N/A 4096 8.5T 491.2B
xGLM 4.5B 30 22.88 24.36 32.83 30.77 31.24 129,024 2048 500B 20B
Bloom 7B 45 25.47 25.61 35.92 33.95 33.28 N/A 2048 350B 7.7B
Bloomz (instruction-tuned) 7B 45 37.77 37.68 40.80 41.41 39.71 N/A 2048 +13B +1.4B
OpenHathi (CPTLLama-2) 7B 28 - 25.40 35.41 - - N/A 4096 ≥ 2T ≥ 7B
Airavata (instruction-tuned) 7B 28 - 26.64 36.93 - - N/A 4096 ≥ 2T N/A
xGLM 7.5B 30 22.99 22.47 34.16 30.73 31.73 129,024 2048 500B 20B
Llama-3 8B 34 33.54 33.10 43.45 39.09 38.59 1,300,000 8192 ≥ 15T N/A
Aya23 8B 23 25.76 28.69 43.98 34.12 31.02 N/A 8192 N/A N/A

Table 2: Summary of Zero-Shot Benchmark Average Scores across Scripts (Bangla, Devanagari, Tamil, Telugu)
and Languages. Models that performed better than our models are underlined and bold; the best performance of
our model is in bold; ‘-’ represents that monolingual and multilingual models are not evaluated on languages of
different scripts which were not part of training but languages of same script were evaluated even if it was not part
of training; ‘+’ denotes additional tokens/training hours on top of pretrained models for instruction-tuning. Bloom
reported a total training hours of 1,082,990 across several models.

models solely trained on texts written in Indian
languages, as our models, which nevertheless
remain competitive on these translated benchmark
tasks.

4.4 Ablation Studies

Impact of tokenizer and data cleaning. Ta-
ble 3 presents the impact of incorporating Uni-
gram LM tokens into BPE and of data cleaning
across five languages. Our tokenizer improves
downstream task average performance over stan-
dard BPE by 1.91% (Bangla), 1.41% (Hindi),
1.53% (Marathi), 0.56% (Tamil), and 2.02% (Tel-
ugu). Additional data cleaning further boosts
scores by 1% (Bangla), 3.5% (Marathi), 1%
(Tamil), and 2% (Telugu), with a similar trend ob-
served for BPE tokenizers underscoring the value
of data preprocessing irrespective of tokenization
strategy.

Impact of shrinking factor for position inter-
polation context window. Table 4 shows the im-

pact of the position scaling factor α, at the basis of
the position interpolation method used to accom-
modate more tokens than the permissible length.
The average benchmark score monotonically in-
creases with bigger context size for all languages
except Telugu. Although we gain on larger se-
quences, on the flip side, interpolating token posi-
tion indices to reside in a much narrower region
might inject noise which may perturb language
modeling benchmark performance.

5 Discussion

We discuss in this section several aspects of the
Paramanu models, related to scaling, to the gains
with instruction fine-tuning, to cross-lingual trans-
fer and to N-shot degradation.

5.1 Scaling

In our study, smaller Hindi models (e.g., 162M)
often outperformed larger ones (e.g., 367M) at
fixed training durations, as shown in Appendix Ta-
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Language Configuration MMLU ARC Belebele XCOPA XStoryCloze HellaSwag XNLI Average

Bangla
full (ours) 24.82 25.75 25.11 - - - - 25.22

full w/o Unigram 22.66 23.61 23.67 - - - - 23.31
full w/o cleaning 23.67 24.21 25.00 - - - - 24.29

full w/o Unigram w/o cleaning 20.55 21.56 23.33 - - - - 21.81

Hindi
full (ours) 25.18 27.14 26.22 - 48.78 25.02 33.49 30.97

full w/o Unigram 23.35 25.54 25.22 - 46.78 24.89 33.49 29.87
full w/o cleaning 24.72 22.25 25.44 - 48.16 24.06 32.34 29.49

full w/o Unigram w/o cleaning 22.75 21.83 23.56 - 44.96 24.02 33.21 28.38

Marathi
full (ours) 25.39 26.49 27.33 - - - - 26.40

full w/o Unigram 25.31 23.20 26.11 - - - - 24.87
full w/o cleaning 22.47 22.42 24.00 - - - - 22.96

full w/o Unigram w/o cleaning 23.17 21.82 21.78 - - - - 22.26

Tamil
full (ours) 24.37 24.51 26.88 57.60 - - - 33.34

full w/o Unigram 23.87 24.08 26.11 57.00 - - - 32.76
full w/o cleaning 23.25 23.38 26.56 56.20 - - - 32.35

full w/o Unigram w/o cleaning 22.47 22.50 24.00 54.80 - - - 30.94

Telugu
full (ours) 25.26 26.32 26.00 - 54.20 - - 32.95

full w/o Unigram 25.12 21.75 24.44 - 52.42 - - 30.93
full w/o cleaning 24.16 22.68 23.11 - 53.73 - - 30.92

full w/o Unigram w/o cleaning 22.95 17.81 23.22 - 51.72 - - 28.92

Table 3: Ablation study across Bangla (108M), Marathi (208M), Tamil (208M), Telugu (208M), and Hindi (367M)
models. Evaluates the impact of tokenizer type and data cleaning. All scores are reported as zero-shot Accuracy
(%). Dash (-) indicates benchmark not applicable or not available on LM-Eval.

bles 9, 10. With extended training, larger models
(e.g., 367M) surpassed smaller counterparts (e.g.,
162M), underscoring the need for size-appropriate
training duration. Hence, we confirm prior find-
ings (Hoffmann et al., 2022b; Kaplan et al., 2020)
that larger models require proportionally more
training to outperform smaller ones.

5.2 Instruction-tuning (IFT) Gains

Instruction tuning improves downstream perfor-
mance across all five evaluated languages. Hindi
shows the largest improvement (+9%), followed
by Bangla (+4.3%). Gains are smaller for Tamil
(+1.46%) and Telugu (+2.28%), likely due to
lower-quality machine translation artifacts in in-
struction tuning datasets due to the lack of man-
ual post-editing for these languages, which was
not performed due to budget constraints. As one
can note from Table 2, machine translation quality
may also play a role here: poorer translation qual-
ity (Marathi vs Hindi) leads to lower IFT gains in
our setting (models and datasets).

5.3 Cross-lingual Transfer

As shown in Table 2, the 208M Marathi model
matches the 367M Hindi model on Hindi bench-
marks (30.97), likely due to its lower perplexity
(8.94 vs. 11.05), indicating effective cross-lingual
transfer between Hindi and Marathi, which share
the Devanagari script. Instruction tuning, how-

ever, is asymmetric: Marathi → Hindi slightly
reduces performance (−0.43), while Hindi →
Marathi improves it (+1.34) (Table 5). This
suggests stronger transfer from high- (Hindi) to
low-resource (Marathi) languages. Consequently,
these monolingual models are suitable for cross-
lingual downstream tasks such as translation and
information retrieval. This observation aligns with
prior works (Choenni et al., 2023; Faisal and Anas-
tasopoulos, 2024; Zhang et al., 2025), showing
that cross-lingual transfer in multilingual models
is often directional and asymmetric, with stronger
gains from high- to low-resource languages.

To further test how languages of Devanagari
script generalize to unseen languages, we trained
a Sanskrit monolingual model and a multilingual
model, mParamanu-162M on languages of Indo-
European family: Assamese, Bangla, Odia and
three languages with Devanagari script, namely
Sanskrit, Konkani, and Maithili. We intention-
ally kept out Hindi and Marathi from the train-
ing of our multilingual model to test its general-
ization to languages of Devanagari script. Table 5
shows strong zero-shot transfer within languages
that share the same script, Devanagari. For ex-
ample, Paramanu-Sanskrit 139M, trained without
Hindi, achieves 31.05 avg on Hindi, outperform-
ing xGLM 564M and approaching Bloom 560M.
mParamanu-162M also generalizes well to Hindi
and Marathi. This shows that both monolingual
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Language Configuration MMLU ARC Belebele XCOPA XStoryCloze HellaSwag XNLI Average

Bangla
α =1, ctx=256 22.62 24.04 23.00 - - - - 23.22
α =2, ctx=512 25.84 23.52 25.44 - - - - 24.93
α =3, ctx=768 23.39 25.75 25.33 - - - - 24.82
α =4, ctx=1024 24.82 25.75 25.22 - - - - 25.22

Hindi
α =2, ctx=512 25.43 25.34 27.56 - 48.78 25.14 33.17 30.90
α =3, ctx=768 25.36 25.86 26.44 - 47.78 25.13 33.29 30.64
α =4, ctx=1024 25.18 27.14 26.22 - 48.78 25.02 33.49 30.97

Marathi
α =1, ctx=256 22.96 28.48 22.33 - - - - 24.59
α =2, ctx=512 24.45 26.06 25.89 - - - - 25.46
α =3, ctx=768 24.58 24.66 27.78 - - - - 25.67
α =4, ctx=1024 25.39 26.94 27.33 - - - - 26.55

Tamil
α =1, ctx=256 22.72 25.04 23.22 53.20 - - - 31.04
α =2, ctx=512 23.40 22.94 23.89 53.80 - - - 31.00
α =3, ctx=768 25.30 23.91 23.33 54.80 - - - 31.84
α =4, ctx=1024 24.37 24.51 26.88 57.60 - - - 33.34

Telugu
α =1, ctx=256 26.83 25.26 21.89 - 53.01 - - 31.75
α =2, ctx=512 25.06 25.61 28.89 - 53.34 - - 33.22
α =3, ctx=768 25.40 26.32 22.67 - 53.08 - - 31.87
α =4, ctx=1024 25.26 26.32 26.00 - 54.20 - - 32.95

Table 4: Ablation study for shrinking factor α of position interpolation for varying context size (ctx) pretraining
across Bangla (108M), Marathi (208M), Tamil (208M), Telugu (208M), and Hindi (367M) models for . All scores
are reported as zero-shot Accuracy (%). Dash(-) indicates benchmark not applicable or not available on LM-Eval.

Model Size #langs Devanagari
Marathi Hindi

Paramanu-Sanskrit 139M 1 25.26 31.05
mParamanu 162M 6 25.28 30.07
Paramanu-Marathi 208M 1 26.40 30.97
Paramanu-Marathi-instruct 208M 1 26.93 30.54
Paramanu-Hindi 367M 1 24.20 30.97
Paramanu-Hindi-instruct 367M 1 25.54 40.14

Table 5: Average zero-shot benchmark scores for cross-
lingual transfer among Devanagari languages (Hindi,
Marathi, Sanskrit). Sanskrit and mParamanu were not
trained on Hindi.

and multilingual models of shared script can be
used for downstream cross-lingual tasks.

5.4 N-shot Degradation

The experiments and results reported in Table 13
in Appendix C.2 reveal a non-monotonic trend
from 0-shot to 25-shot settings, with performance
drops observed on XNLI-Hindi, XStoryCloze, and
XCOPA. This behavior highlights that, for small
pretrained models (< 400M parameters), adding
more in-context examples does not necessarily
yield improvements. Instead, effectiveness de-
pends critically on the selection, sensitivity, qual-
ity, and formatting of the provided examples.
While similar trends have been documented in
larger models (Zhao et al., 2021; Liu et al., 2022;
Mosbach et al., 2023), our findings provide empir-
ical evidence that such inconsistencies also arise
in small-scale Indic SLMs, where few-shot gains

are often limited or unstable. One possible expla-
nation is that in-context examples act as soft con-
straints that may inadvertently hinder generation
when they are suboptimal or poorly aligned with
the target task.

6 Conclusions

We introduce PARAMANU, the first family of
open-source, Indian language-only sub-400M de-
coder language models trained from scratch on
open-source, language-specific data. These mod-
els were designed to be broadly usable by NLP
researchers. We show that, for low-resource,
morphologically rich languages, small language-
specific models (under 400M parameters and
trained on fewer than 70B tokens) can outper-
form larger alternatives. This suggests that, un-
der constraints on model and data size, the op-
timal strategy is to build language-specific mod-
els with low-fertility, morphologically aligned tok-
enizers trained on cleaned data, rather than max-
imizing scale. Our open-source models, tokeniz-
ers, and instruction-tuning datasets advance under-
standing of smaller LMs and provide a practical
foundation for under-resourced researchers. We
hope that they will enable further research on In-
dian languages.

In the future, we aim to scale our methodol-
ogy to other morphologically rich and agglutina-
tive languages.
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Limitations

Building generative language models for Indian
languages involves several challenges. Each stage
such as data collection, pretraining, instruction
tuning, and evaluation has its own limitations. Ad-
ditionally, the societal and cultural implications of
deploying AI in underrepresented linguistic com-
munities are complex and beyond the full scope of
this section.

Data. Our models are trained on a limited cor-
pus consisting mainly of news articles, Wikipedia,
and other structured sources in Indian languages,
totaling only a few billion tokens. The dataset
lacks diversity across key domains such as law,
science, education, and general world knowledge.
As a result, the models perform sub-optimally on
benchmarks like MMLU, which test broad aca-
demic and professional understanding. As with
any LLM, the data it is trained on determines the
range and quality of its capabilities.

Training. Due to resource constraints, models
were trained over multiple epochs on repeated to-
kens. Although this helps to reinforce learning
in low-resource settings, it increases the risk of
overfitting and can reduce generalization. Further-
more, our models were pretrained using a single
A100 GPU, which significantly restricted training
duration, batch size, and overall scale. As a result,
the models may not have reached full convergence.
The lack of compute and open-source infrastruc-
ture for Indian language models continues to be a
major bottleneck. Detailed training logs are omit-
ted due to space limitations.

Instruction Tuning and Safety. We
instruction-tuned the models using 15,000
machine-translated instructions generated via
Google Translate. This may introduce grammati-
cal errors or semantic inconsistencies, as machine
translation quality for Indic languages remains
below human-level accuracy. No safety mech-
anisms such as prompt filtering, fact-checking,
or toxicity detection were applied. The outputs
shown in this paper are raw model responses,
without post-processing. As a result, models
may generate factually incorrect, biased, or
inappropriate content. We emphasize the need
for responsible use and future work on safety and
alignment.

Evaluation. Evaluation was conducted in a
zero-shot setting without task-specific fine-tuning.
This limits performance, especially on complex or

domain-specific tasks. Benchmarks like MMLU
highlight the impact of limited training data and
the absence of instruction tuning aligned with task
objectives. Future improvements can be expected
through more diverse data and supervised fine-
tuning.

Ethical Considerations

In this work, we advocate for greater openness
in developing generative language models, espe-
cially for low-resource morphologically rich In-
dian languages serving more than 1 billion speak-
ers. Open access is crucial for deepening our sci-
entific understanding of these models and ensur-
ing that communities beyond the Global North can
actively participate in their advancement. Train-
ing on openly available datasets not only supports
transparency but also helps bridge the gap for lan-
guages and regions that have historically been un-
derrepresented in AI research.

By releasing our models and tokenizers openly,
we empower researchers, developers, and commu-
nities to build upon existing work rather than start-
ing from scratch saving resources and reducing en-
vironmental impact. While we acknowledge the
risks of misuse, we believe that broader access en-
ables more diverse efforts to identify, study, and
mitigate potential harms. We recognize that open-
ness comes with risks these models could be mis-
used. However, we believe open access also helps
researchers identify and reduce such risks more ef-
fectively by encouraging diverse solutions.
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Appendix

A Tokenizers

We provide here Table 6, fully analyzed and dis-
cussed in Section 3.3.

B Annotators Information and
Guidelines to design Bangla
Instruction-Tuning Dataset

The human-authored Bangla 5K instruction
dataset was created by 20 native Bangla-speaking
annotators, each responsible for generating 250
instruction-response pairs, resulting in 5,000 high-
quality samples. All annotators have prior ex-
perience in linguistic annotation, translation, or
writing. Each instruction-response pair under-
went peer review for linguistics and factual cor-
rectness, fluency, clarity, and cultural appropri-
ateness. Agreement was measured using Fleiss
Kappa across all annotators, yielding an average
score of 0.87, indicating strong reliability and con-
sistency in annotation. Due to budget constraints,
manual post-editing was performed only for Hindi
and Marathi. Word error rates averaged 8% for
Hindi and 13% for Marathi, and these errors were
manually corrected by annotators following gram-
matical correction guidelines.

We construct a manually curated dataset of
5,000 high-quality instructionresponse pairs in
Bangla, focusing on cultural, literary, and practical
domains relevant to Bangla-speaking users in In-
dia. Below, we outline the core annotation guide-
lines used to ensure consistency, linguistic accu-
racy, and cultural relevance.

Annotation Protocol
Each data point consists of:

• Instruction: A natural prompt in Bangla, emu-
lating user queries or tasks.

• Response: A helpful, accurate, and contextually
appropriate answer in Bangla.

• Category (optional): Domain label (e.g., Liter-
ature, Daily Life).
Domain Coverage.
To promote diversity, we target a balanced dis-

tribution across ten culturally salient domains: lit-
erature, culture/tradition, history/politics, religion,
education, health and daily life, technology, ethics,
creative writing, and casual conversation.

Instruction Types.
We include a variety of prompt formats, includ-

ing:
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Text BPE BPE+Unigram
িকংবদǬť (kiṃbadanti) ['_িকং', 'ব', 'দ', 'ť', 'ি◌'] ['_িকং', 'ব', 'দ', 'Ǭť']
িনয়মানুবিতর্ তা (niyȧmānubartitā) :['_িনয়', 'মান', '◌ু', 'বতর্ ', 'ি◌তা'] ['_িনয়', 'মা', 'নু', 'বতর্ ', 'ি◌তা']
পিরবােরর (paribārera) ['_পির', 'বােরর'] ['_পিরবার', 'ে◌র']
ēাĸūয্ (sbācchandya) :['_ēা', 'ĸ', 'ū', '◌য্'] :['_ēা', 'ĸ', 'ū', '◌য্']
বয্Ǭğগত (byaktigata) :['_বয্Ǭğ', 'গত'] :['_বয্Ǭğ', 'গত']
பயணித்தார்கள் (payaṇittārkal)̤ ['_பயணி', 'த்த', '◌ார்கள்'] ['_பயணித்த', '◌ார்கள்']
எழுத¦க்ெகாண்ேடேபாய¥ருந்தார்கள் (ĕḻutikkŏṇṭepoyiruntārkal)̤ ['_எழு', 'த¦க்க', 'ெ◌ாண்ட', 'ே◌', 'ேபா', 'ய', '◌ிருந்த', '◌ார்கள்'] ['_எழு', 'த¦க்க', 'ெ◌ாண்ட', 'ே◌', 'ேபா', 'ய¥ருந்த', '◌ார்கள்']
చదువుకుంటూనేవునన్వారికోసం (caduvukuṃṭūnevunnavārikosaṃ) ['_చదువు', 'కు', '◌ంటూ', 'నే', 'వు', 'నన్', 'వార', '◌ిక', '◌ో', 'సం'] ['_చదువు', 'కు', '◌ంటూ', 'నే', 'వ', '◌ునన్', 'వార', '◌ిక', '◌ో', 'సం']
ɡलहूनघेतलेल्यानुसारही (lihūnaghetalelyānusārahī) ['_ɡल', 'हून', 'घ', '◌ेत', 'लेल्या', 'नुसार', 'ही'] ['_ɡलह', '◌ून', 'घे', 'तले', 'ल्या', 'नुसार', 'ही']
ɡलखकरदेनेवालोंकेɡलएभी (likhakaradenevāloṃkeliebhī) ['_ɡलखकर', 'दे', 'ने', 'वालों', 'के', 'ɡलए', 'भी'] ['_ɡलख', 'कर', 'दे', 'ने', 'वाले', 'ओं', 'के', 'ɡलए', 'भी']

Table 6: Comparison of BPE and BPE+Unigram Tokenization for 5 Indian languages.

Language Avg. Instruction Length Avg. Input. Length Avg. Response Length
Bangla 63.7± 61.47 95.36± 468.49 505.45± 499.93
Hindi 63.54± 63.28 97.31± 478.18 461.89± 462.19
Marathi 58.91± 65.08 95.73± 470.83 499.30± 478.70
Tamil 72.72± 66.83 109.33± 534.16 496.96± 456.53
Telugu 64.69± 63.07 99.82± 488.04 458.20± 419.08

Table 7: Average # tokens in each Instruction, In-
put, and Response across 5 Indian languages for the
instruction-tuning datasets.

• Informational Q&A (e.g., historical facts, liter-
ary interpretation)

• How-to and procedural instructions
• Creative writing prompts (e.g., poem, story)
• Comparative and opinion-based prompts
• Grammar correction and translation tasks

Language Guidelines.
Instructions and responses are written in stan-

dard colloquial Bangla. Annotators avoid code-
switching and maintain gender neutrality unless
contextually necessary. All content is free of of-
fensive, biased, or politically sensitive material.

Quality Control
All samples undergo dual-stage validation:

1. Peer review for factual correctness, fluency, and
clarity.

2. Final check for linguistic naturalness and do-
main balance.
This dataset aims to support instruction-tuning

of LLMs in Bangla by providing diverse, cultur-
ally grounded, and linguistically accurate exam-
ples.

C Added Evaluation

C.1 Language Specific Evaluation

In this subsection, we discuss language-specific
benchmarks for five Indian languages: Bangla,
Hindi, Marathi, Tamil, and Telugu. Ta-
bles 8, 9, 10, 11, 12 show the respective languauge
specific quantitative benchmark results.

Bangla. Table 8 shows that Paramanu-Bangla
108M outperforms 13 of 15 LLMs in the 500M–
3B range, tying with Sarvam 2B despite be-
ing 18× smaller. Although it trails 5 of 7

LLMs above 3B, it surpasses xGLM 7.5B and
Bloom 1.1B in average score across the MMLU,
ARC, and Belebele benchmarks, while being
70× smaller than xGLM 7.5B and pretrained
on only 26.21 billion tokens. Trained exclu-
sively on Bangla literature and Wikipedia, its
limited domain coverage likely accounts for its
weaker MMLU performance. Instruction tuning
on 27k Bangla instructions produces PARAMANU-
BANGLA-INSTRUCT 108M, which surpasses all
15 LLMs in the 500M–3B range and 4 of 7 models
above 3B, including xGLM 4.5B, Bloom 7B, and
xGLM 7.5B. On ARC, it outperforms all models.
The multilingual variant (MPARAMANU) under-
performs its monolingual counterpart, highlight-
ing the trade-off associated with multilinguality.
Notably, Bloom 1.1B-Instruct also exhibits a 1.3%
drop in Bangla performance.

Devanagari. Table 10 and Table 9 show
that PARAMANU models achieve strong results
on Devanagari benchmarks despite their small
size and limited pretraining. PARAMANU-
MARATHI 208M outperforms all LLMs in the
500M-3B range and 4 of 10 models above 3B on
Marathi. After instruction-tuning, PARAMANU-
MARATHI 208M outperforms 7 of 10 models
above 3B. MPARAMANU 162M and monolingual
PARAMANU-SANSKRIT, despite not being trained
on Hindi and Marathi data, surpass the random
baseline and 10 of 23 LLMs via cross-lingual
transfer. PARAMANU-HINDI-INSTRUCT 367M,
tuned on 27k Hindi instructions and a 52k syn-
thetic Alpaca machine-translated Hindi dataset,
exceeds 11 of 23 LLMs on Marathi and, overall,
19 of 23 LLMs on Hindi. It outperforms all models
(500M–3B) and 6 of 10 models above 3B on Hindi.
Though Nemotron-Hindi 4B and Aya23 8B lead in
Hindi, our models are significantly more efficient.
Unlike costly continual pretraining and fine-tuning
of LLMs (e.g., OpenHathi 7B, Airavata 7B, Indic-
Gemma 2B), our pretrain from scratch approach
of tiny monolingual models for low-resource lan-
guages with language-specific tokenization yields
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Models Size MMLU-Bangla ARC-Bangla Belebele-Bangla Average (Bangla) Belebele-Assamese
Paramanu-Bangla (ours) 108M 24.82 25.75 25.11 25.22 25.33
Paramanu-Bangla-instruct (ours) 108M 27.60 28.50 32.45 29.52 30.54
mParamanu (ours) 92M* 25.78 26.18 22.44 24.80 22.44
mParamanu (ours) 162M 25.29 26.01 27.44 26.24 29.00
mParamanu (ours) 237M* 22.52 25.92 24.44 24.29 24.28
IndicBART 244M 26.49 17.79 22.22 22.16 22.11
BanglaT5 247M 22.62 20.27 22.89 21.92 22.89
BanglaByT5 300M 24.23 17.37 22.00 21.20 21.78
Bloom 560M 22.61 26.00 22.89 23.83 22.78
Bloomz (instruction-tuned) 560M 25.82 23.43 22.77 24.01 25.11
xGLM 564M 22.61 18.47 23.55 21.54 22.77
Llama-3.2 1B 25.83 20.44 28.44 24.90 28.33
TigerLLM (instruction-tuned) 1B 24.99 19.16 28.00 24.05 28.11
Bloom 1.1B 23.90 24.37 26.00 24.75 26.89
Bloomz 1.1B 25.19 20.61 24.55 23.45 22.33
mGPT 1.3B 24.12 18.90 25.55 22.86 24.88
xGLM 1.7B 24.46 19.50 22.77 22.24 22.55
Sarvam 2B 24.05 28.40 23.22 25.22 27.78
Indic-Gemma-Navrasa (instruction-tuned) 2B 29.07 20.87 25.88 25.27 24.44
xGLM 2.9B 23.75 19.85 23.22 22.27 22.66
Llama-3.2 3B 32.51 21.47 36.55 30.17 33.88
xGLM 4.5B 25.74 21.04 21.88 22.88 22.44
Bloom 7B 27.10 26.09 23.22 25.47 23.11
Bloomz (instruction-tuned) 7B 32.46 27.20 53.67 37.77 48.00
xGLM 7.5B 24.69 19.41 24.88 22.99 24.44
Llama-3 8B 35.77 23.86 41.00 33.54 35.77
Aya23 8B 26.94 18.81 31.55 25.76 31.22
* Trained for the same number of steps.

Table 8: Zero-shot evaluation of LLMs across translated benchmarks of MMLU, HellaSwag, ARC datasets, and
Belebele in Bangla script. All benchmarks report Accuracy. Models that performed better than our models have
been underlined and bold, the best performance of our model has been bold.

Models Size MMLU-Hindi HellaSwag-Hindi ARC-Hindi XStoryCloze-Hindi XNLI-Hindi Belebele-Hindi Average
Paramanu-Sanskrit (ours) 139M 25.16 25.64 25.17 50.23 34.46 25.66 31.05
mParamanu (ours) 92M* 23.94 25.31 26.28 47.05 33.45 24.44 30.07
mParamanu (ours) 162M* 24.84 24.87 22.35 49.24 33.70 25.44 30.07
mParamanu (ours) 237M* 22.78 25.17 27.57 46.79 33.13 21.89 29.55
Paramanu-Marathi (ours) 208M 25.49 26.59 23.97 48.71 33.73 27.33 30.97
Paramanu-Marathi-instruct (ours) 208M 23.71 27.78 23.89 50.89 34.10 22.89 30.54
Paramanu-Hindi (ours) 162M* 23.15 25.37 27.31 48.91 33.17 22.67 30.09
IndicBART 244M 25.37 25.86 19.94 49.56 33.33 22.77 29.47
Paramanu-Hindi (ours) 367M* 24.38 24.83 27.05 47.92 32.00 23.33 29.92
Paramanu-Hindi (ours) 367M 25.18 25.02 27.14 48.78 33.49 26.22 30.97
Paramanu-Hindi-instruct (ours) 367M 30.25 29.42 30.23 58.00 40.25 42.78 40.14
Bloom 560M 23.67 27.50 23.88 54.79 40.80 26.44 32.84
Bloomz (instruction-tuned) 560M 25.87 26.48 24.40 55.53 35.58 26.00 32.31
xGLM 564M 22.70 26.96 20.20 52.00 38.31 24.00 30.69
Llama-3.2 1B 28.22 28.95 23.97 56.25 40.08 29.77 34.54
TigerLLM (instruction-tuned) 1B 24.25 25.43 20.20 50.56 33.05 26.44 29.98
Bloom 1.1B 23.86 28.28 24.74 55.59 42.77 28.00 33.87
Bloomz 1.1B 24.90 28.54 21.06 56.65 37.87 22.22 31.87
mGPT 1.3B 24.26 27.42 19.86 52.74 41.32 26.11 31.95
xGLM 1.7B 24.70 28.46 20.63 55.79 38.99 24.00 32.09
Sarvam 2B 24.54 33.66 28.00 60.29 46.74 24.44 36.27
Indic-Gemma-Navrasa (instruction-tuned) 2B 29.63 30.31 22.43 60.62 37.22 26.22 34.40
xGLM 2.9B 24.47 29.19 21.23 57.57 42.65 24.00 33.18
Llama-3.2 3B 34.88 32.78 24.65 60.75 43.45 43.88 40.06
Nemotron-Hindi 4B 41.64 37.86 31.93 65.91 40.92 53.77 45.33
xGLM 4.5B 25.93 28.44 21.06 56.84 41.28 23.44 32.83
Bloom 7B 27.04 31.39 26.36 60.55 47.18 23.00 35.92
Bloomz (instruction-tuned) 7B 35.55 28.57 29.36 57.71 40.52 53.11 40.80
OpenHathi (Llama-2 CPT) 7B 27.69 30.54 25.51 57.04 39.03 32.66 35.41
Airavata (instruction-tuned OpenHathi) 7B 30.43 29.53 25.60 55.59 39.04 41.44 36.93
xGLM 7.5B 26.27 30.52 21.40 58.70 45.74 22.33 34.16
Llama-3 8B 40.05 35.48 27.48 63.07 45.30 49.33 43.45
Aya23 8B 33.68 36.24 29.88 64.39 47.18 52.55 43.98

* Trained for the same number of steps.

Table 9: Zero-shot evaluation of LLMs for cross-lingual language transfer in Hindi. All benchmarks report Accu-
racy. Models that performed better than our models have been underlined and bold, the best performance of our
model has been bold.
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Models Size MMLU-Marathi ARC-Marathi Belebele-Marathi Average
Paramanu-Sanskrit (ours) 139M 24.96 26.49 24.33 25.26
mParamanu (ours) 92M* 23.37 27.53 25.22 25.37
mParamanu (ours) 162M 25.68 22.16 28.00 25.28
mParamanu (ours) 237M* 22.73 24.16 23.67 23.52
Paramanu-Marathi (ours) 208M 25.39 26.49 27.33 26.40
Paramanu-Marathi-instruct (ours) 208M 25.97 26.94 27.87 26.93
Paramanu-Hindi (ours) 162M 22.83 24.76 22.78 23.45
IndicBART 244M 25.73 23.11 22.88 23.90
Paramanu-Hindi (ours) 367M 23.78 24.16 24.66 24.20
Paramanu-Hindi-instruct (ours) 367M 24.54 25.63 26.44 25.54
Bloom 560M 22.78 24.50 27.00 24.76
Bloomz (instruction-tuned) 560M 26.20 24.24 25.44 25.29
xGLM 564M 22.53 21.29 23.11 22.31
Llama-3.2 1B 26.37 23.72 28.11 26.06
TigerLLM (instruction-tuned) 1B 23.98 22.16 25.44 23.86
Bloom 1.1B 23.93 25.10 28.33 25.78
Bloomz (instruction-tuned) 1.1B 24.82 21.81 24.0 23.54
mGPT 1.3B 23.26 22.33 24.33 23.30
xGLM 1.7B 22.54 20.43 22.11 21.69
Sarvam 2B 23.96 27.53 26.77 26.08
Indic-Gemma-Navrasa (instruction-tuned) 2B 28.29 22.77 27.00 26.02
xGLM 2.9B 23.10 19.56 22.55 21.73
Llama-3.2 3B 31.83 24.93 37.33 31.36
Nemotron-Hindi 4B 32.32 23.72 32.22 29.42
xGLM 4.5B 25.59 23.29 24.22 24.36
Bloom 7B 27.30 25.54 24.00 25.61
Bloomz (instruction-tuned) 7B 32.62 27.44 53.00 37.68
OpenHathi (Llama-2 CPT) ) 7B 26.09 24.24 25.88 25.40
Airavata (instruction-tuned of OpenHathi) 7B 26.15 23.90 29.89 26.64
xGLM 7.5B 23.73 21.91 21.77 22.47
Llama-3 8B 35.47 25.19 38.66 33.10
Aya23 8B 27.80 22.94 35.33 28.69
* Trained for the same number of steps.

Table 10: Zero-shot evaluation of LLMs for cross-lingual language transfer in Marathi. All benchmarks report
Accuracy. Models that performed better than our models have been underlined and bold, the best performance of
our model has been bold.
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Models Size Belebele-Tamil XCOPA-Tamil MMLU-Tamil ARC-Tamil Average
Paramanu-Tamil (ours) 208M 26.88 57.60 24.37 24.51 33.34
Paramanu-Tamil-instruct (ours) 208M 30.22 56.00 26.95 26.04 34.80
IndicBART 244M 27.11 55.00 25.39 21.71 32.30
Bloom 560M 27.22 55.80 23.95 25.57 33.13
Bloomz (instruction-tuned) 560M 23.55 58.60 25.78 25.30 33.30
xGLM 564M 22.77 56.20 22.74 20.57 30.57
Llama-3.2 1B 28.44 55.60 25.95 21.27 32.81
TigerLLM (instruction-tuned) 1B 27.44 59.80 24.42 21.54 33.33
Bloom 1.1B 25.77 57.00 24.67 24.34 32.94
Bloomz 1.1B 22.66 57.40 26.10 22.59 32.19
mGPT 1.3B 20.88 53.20 23.50 21.36 29.73
xGLM 1.7B 21.88 55.00 23.66 21.71 30.56
Sarvam 2B 27.44 63.00 24.06 26.53 35.25
Indic-Gemma-Navrasa (instruction-tuned) 2B 25.44 59.00 27.84 22.67 33.73
xGLM 2.9B 23.44 54.20 24.33 20.84 30.70
Llama-3.2 3B 34.00 59.00 29.47 23.90 36.59
xGLM 4.5B 22.66 55.20 24.03 21.19 30.77
Bloom 7B 25.55 59.20 26.39 24.69 33.95
Bloomz (instruction-tuned) 7B 50.66 57.40 29.48 28.10 41.41
xGLM 7.5B 22.44 54.40 24.39 21.71 30.73
Llama-3 8B 38.55 59.80 31.66 26.35 39.09
Aya23 8B 33.55 55.60 26.14 21.19 34.12

Table 11: Zero-shot evaluation of LLMs in Tamil script models. All benchmarks report Accuracy. Models that
performed better than our models have been underlined and bold, the best performance of our model has been
bold.

Models Size Belebele-Telugu XStoryCloze-Telugu MMLU-Telugu ARC-Telugu Average
Paramanu-Telugu (ours) 208M 26.00 51.42 25.12 26.32 32.22
Paramanu-Telugu-instruct (ours) 208M 27.50 58.00 26.75 25.75 34.50
IndicBART 244M 26.88 48.31 25.11 20.35 30.16
Bloom 560M 23.55 55.65 24.10 23.85 31.78
Bloomz (instruction-tuned) 560M 22.44 54.86 26.82 24.91 32.25
xGLM 564M 25.11 55.85 22.91 17.54 30.35
Llama-3.2 1B 28.44 54.86 25.40 19.82 32.13
TigerLLM (instruction-tuned) 1B 24.66 48.77 24.29 22.36 30.02
Bloom 1.1B 26.88 56.38 24.53 24.38 33.04
Bloomz (instruction-tuned) 1.1B 23.11 55.32 25.49 18.77 30.67
mGPT 1.3B 22.88 57.25 25.85 17.89 30.96
xGLM 1.7B 23.66 58.23 24.34 18.24 31.12
Sarvam 2B 27.66 60.09 24.67 25.78 34.55
Indic-Gemma-Navrasa (instruction-tuned) 2B 26.55 58.57 28.58 20.52 33.55
xGLM 2.9B 22.66 60.09 23.45 18.85 33.51
Llama-3.2 3B 31.55 58.17 29.47 20.26 34.86
xGLM 4.5B 23.66 57.04 24.87 19.38 31.24
Bloom 7B 24.66 57.37 26.62 24.47 33.28
Bloomz (instruction-tuned) 7B 43.11 58.23 29.55 27.98 39.71
xGLM 7.5B 24.66 60.22 23.90 18.15 31.73
Llama-3 8B 36.88 63.53 32.74 21.22 38.59
Aya23 8B 28.55 54.07 19.91 21.57 31.02

Table 12: Zero-shot evaluation of LLMs in Telugu script models. All benchmarks report Accuracy. Models that
performed better than our models have been underlined and bold, the best performance of our model has been
bold.
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competitive results using just 240 GPU-hours.
Tamil. From Table 11, our model, Paramanu-

Tamil (208M), outperformed 11 of 13 in range
500M-3B including Bloom, Llama-3.2, mGPT,
xGLM) across four benchmarks in Tamil, com-
ing close to Sarvam (2B) despite being 10 times
smaller and trained on 76 times less Indian to-
kens compared to Sarvam 2B. However, its per-
formance on MMLU is lower than the random
baseline like many LLMs including Sarvam 2B in
comparison as shown in the table as the model is
mostly trained on Tamil news corpora. Paramanu-
Tamil-instruct which is instruction-tuned on our
translated 23,000 instructions dataset performed
better than all models except Sarvam 2B in the
range between 500M-3B and 4 LLMs out of 7 in
the range of 3B and 8B.

Telugu. From Table 12, Paramanu-Telugu
208M outperformed 8 models out of 13 up to
3B and 3 models (XGLM 4.5B, 7.5B, Aya23
8B) out of 7 between 3B and 8B despite be-
ing trained Telugu pretrained on 39.32 billion to-
kens. After instruction-tuning on 23,000 machine
translated instructions, Paramanu-Telugu-instruct
(208M) outperformed all models between 500M
and 3B except Sarvam 2B in the range of 500M
and 3B and underperformed than 3 models of 7
in the range of 3B and 8B. On ARC benchmark,
our models peformed better than all models except
Bloomz 7B. The improvements in metric scores
for Tamil and Telugu instruction-tuned models
were modest, likely due to lower-quality machine
translations from Bangla compared to Hindi.

C.2 n-shot degradation
As discussed and analyzed in Section 5.4, in this
subsection we present Table 13, which shows n-
shot performance (0-shot, 5-shot, and 25-shot) on
language benchmarks.

C.3 Human Evaluation
Automated evaluation metrics may overlook
significant qualitative enhancements, especially
when model outputs align well with particular lin-
guistic or cultural contexts (Barnett et al., 2024).
We thus performed human evaluation for Bangla
and Hindi for all pretrained models, asking 10
annotators to evaluate top-3 responses for 10
prompts on a scale of 0 (worst) to 5 (best). We
reached inter-annotator kappa score of 0.85 for
Bangla, and 0.79 for Hindi. Figure 3 shows aver-
age human ratings for text generation across four

standard dimensions: grammar, coherence, cre-
ativity, and factuality. As one can note, Para-
manu outperforms all other models on Bangla,
and all other models but Llma3-8B and Aya23-8B
on Hindi, which have comparable performance to
Paramanu.

C.4 Perplexity, MFU, CPU Inference Speed

Table 14 lists the test perplexity, MFU metric dur-
ing pretraining and CPU inference speed of our
various pretrained models. In terms of quantita-
tive evaluation of language modeling, the lower
the perplexity, the better is the language model.
As one can note, perplexity generally improves
with increasing model scale, consistent with neu-
ral scaling laws (Kaplan et al., 2020; Hoffmann
et al., 2022b), though the trend is not strictly
monotonic across languages. For instance, the
Bangla (108.5M) model achieves lower perplex-
ity (4.102) than the larger Hindi (367.5M) model
(11.052), suggesting that corpus quality, domain
diversity, and language-specific characteristics can
dominate scaling effects in certain settings (Con-
neau et al., 2020a).

In terms of efficiency, CPU inference speed de-
creases substantially with model size (e.g., 37.35
tokens/sec for Bangla 108.5M vs. 12.91 tokens/sec
for Hindi 367.5M), reflecting the expected com-
putational trade-off in transformer-based architec-
tures (Pope et al., 2022). Models in the 100M–
200M range (e.g., mParamanu 162M, Marathi
207.73M) provide a more favorable balance be-
tween perplexity and latency, making them prac-
tical for CPU-bound deployment.

MFU remains consistently high (∼39–40%)
for most models, indicating efficient utilization
of compute during training (Chowdhery et al.,
2024). However, lower MFU observed for Marathi
(19.50%) and Tamil (18.77%) suggests potential
inefficiencies in batching or input pipeline design,
which may limit achievable throughput. Over-
all, these results indicate that scaling alone does
not guarantee uniform gains across languages, and
that both dataset characteristics and system-level
efficiency are critical for achieving optimal perfor-
mance.
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N-shot XNLI-Hindi XStoryCloze-Hindi XStoryCloze-Telugu XCOPA-Tamil
0 33.49 52.42 56.06 54.00
5 34.04 51.49 54.67 52.40
25 33.23 52.02 55.92 49.80

Table 13: N-shot evaluation of pretrained Paramanu models across various benchmarks.

Figure 3: Human evaluation of LLMs. Average score across Grammar, Coherence, Creativity, Factuality.

Model Perplexity MFU CPU Inference Speed
Bangla 108.5M 4.102 22.57 37.351
Hindi 367.5M 11.052 39.87 12.906
mParamanu 162M 6.924 39.93 34.711
Marathi 207.73M 8.943 19.50 24.875
Tamil 207.84M 7.618 18.77 24.535
Telugu 208.25M 5.400 40.07 24.125

Table 14: CPU Inference speed (tokens/sec, FP32), per-
plexity of our models and MFU metric during training.
MFU is Model FLOPs Utilization metric.

D Model & Training Configuration

In this section, we provide details on the various
model architecture and pretraining hyperparame-
ters used in our experiments. Tables 15 and 16 list
these configurations. Figure 4 presents plots of
training perplexity versus training tokens for sev-
eral of our pretrained models. The results indicate
that training perplexity decreases and converges as
the number of training steps and tokens increases.

n_params d_model n_layers n_heads n_kv_heads Seq Len
108M 768 12 12 12 1024
139M 896 14 14 14 1024
162M 1024 12 16 16 1024
208M 1024 16 16 16 1024
237M 1024 18 18 18 1024
367M 1280 18 10 10 1024

Table 15: Model size configuration

Model Params Batch Grad Acc. Seq Len LR
Bangla 108.5M 32 8 1024 0.003
Hindi 162M 32 8 1024 0.002
Hindi 367.5M 32 16 1024 0.003
Marathi 207.73M 32 8 1024 0.003
mParamanu 92.63M 32 16 1024 0.002
mParamanu 162M 32 8 1024 0.002
Sanskrit 139.3M 64 8 1024 0.003
Tamil 207.84M 32 8 1024 0.002
Telugu 208.25M 16 16 1024 0.003

Table 16: Training hyperparameters for various Para-
manu models. All models are pretrained for 100K train-
ing steps except Hindi 367M (150K).
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(a) Training perplexity of Paramanu-Bangla vs. tokens (in bil-
lions). Each color indicates a resumed run.

(b) Training perplexity of Paramanu-Hindi vs. tokens (in bil-
lions). Each color indicates a resumed run.

(c) Training perplexity of Paramanu-Marathi vs. tokens (in
billions). Each color indicates a resumed run.

(d) Training perplexity of Paramanu-Tamil vs. tokens (in bil-
lions). Each color indicates a resumed run.

(e) Training perplexity of Paramanu-Telugu vs. tokens (in billions). Each
color indicates a resumed run.

Figure 4: Training perplexity trends for Paramanu pretrained models, shown against tokens. Colors denote runs
resumed after interruptions.
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