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ABSTRACT

We present PARAMANU (which means “atom” in multiple Indian languages), a
family of novel language models for Indian languages. It is a collection of auto-
regressive monolingual, bilingual, and multilingual Indian language models pre-
trained from scratch, currently covering 10 Indian languages (Assamese, Bangla,
Hindi, Konkani, Maithili, Marathi, Odia, Sanskrit, Tamil, Telugu) across 5 scripts
(Bangla, Devanagari, Odia, Tamil, Telugu). The models are pretrained with a con-
text size of 1024 on a single GPU, and are of varying sizes ranging from 13.29 M
to 367.5 M parameters. We proposed a RoPE embedding scaling method that
enables us to pretrain language models from scratch at larger sequence length con-
text size on single GPU without increased GPU memory. than the equivalent GPU
memory. We have also developed an efficient and advanced novel tokenizer with
least fertility score among existing LLMs for Indian languages using a combina-
tion of BPE and Unigram that can also tokenize unseen languages written in the
same script or the Roman script. We also proposed language specific tokeniza-
tion for multilingual models and domain specific tokenization for monolingual
language models. In order to avoid the “curse of multi-linguality” in our multi-
lingual MPARAMANU model, we pretrained on comparable corpora by typologi-
cal grouping using the same script. We proposed and performed pretraining for
more than 1 epoch of training for most of our language models. From our re-
sults, we observed the language transfer phenomenon from low resource to high
resource within languages of the same script and typology. We performed human
evaluation of our pretrained models for open end text generation on grammar, co-
herence, creativity, and factuality metrics for several languages. Our Paramanu
models outperformed standard and multilingual large language models (LLMs)
by a large margin in performance despite being smaller in size by 64 to 20 times.
We studied the impact of language specific tokenization versus language agnostic
tokenization for bilingual language modeling. We also studied the impact of BPE
versus Unigram tokenization for Devanagari script languages. We further created
instruction-tuning datasets and instruction-tuned our pretrained models on 23,000
instructions in respective languages except Hindi, for which we used 75,000 in-
structions. Comparison with multilingual LLMs on various commonsense reason-
ing benchmarks for natural language understanding, natural language inference,
and machine reading comprehension shows the advantage of our models. The
performance of our Paramanu models leads to the conclusion that high quality
generative language models are possible without high amount of compute power
(FLOPS) and enormous number of parameters.

1 INTRODUCTION

World’s new age growth arenas are non-English speakers from countries such as India, China, In-
donesia, Mexico, South Africa, etc., where more people will connect to the Internet for information
need without language acting as boundaries. Multi-lingualism represents freedom of expression
and diversity in a country like India. According to a Guardian article1 by Andras Kornai, “95% of

1http://labs.theguardian.com/digital-language-divide/
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all languages in use today will never gain traction online”; this highlighting the digital language
divide. Despite around 7,000 languages, current NLP technologies cover only 12%, leaving many
non-English and non-European languages underserved. This, in our personal opinion, is an ex-
tremely incapacitating bias and language divide for the global digital world where the non-English,
non-European language world has been left out. According to the Indian Census 2011, there are 22
official languages and more than hundred others with a sizeable number of speakers in India. Both
Hindi and Bangla (Bengali), despite being the world’s 5th and 6th most spoken languages respec-
tively according to Babel2 are still underrepresented in today’s NLP technology. Multilingual NLP
faces the challenges of having lack of quality benchmark datasets covering diverse languages from
different language families and especially under-represented languages, and is typically referred as
“low-resource” in the NLP community. Large language models (LLMs) such as GPTNeoX (Black
et al., 2022), OPT (Zhang et al., 2022), LLaMa (Touvron et al., 2023), PaLM (Chowdhery et al.,
2023), GPT-2-XL (Radford et al., 2019), GPT-J (Wang & Komatsuzaki, 2021), etc. have primarily
focused on English and mostly European languages whereas other languages have not been given
priority. Bloom (Workshop et al., 2023) is considered to be the biggest multilingual auto-regressive
model that has been built till now; it has been pretrained on 45 languages including Indian lan-
guages. However, Indian languages are morphologically richer and typologically distinct than lan-
guages written in the Latin script and, hence, grouping them together without considering linguistics
nuances often leads to poor performance of LLMs for low resource languages.

This work is an attempt to make language technology more accessible for Indian languages. In
this work, we focus on 10 Indian languages (Assamese, Bangla/Bengali, Hindi, Konkani, Maithili,
Marathi, Odia, Sanskrit, Tamil, Telugu) written in 5 distinct scripts (Assamese-Bengali, Devanagari,
Odia, Tamil, Telugu) comprising of more than billion speakers in the global world. Our goal is
to show that generative language models for low-resource Indian languages can be trained from
scratch with limited compute and token budget, without using English corpora. We excluded English
due to its linguistic differences with Indian languages in terms of typology, script, morphology
and grammar, aiming to maintain language purity and typology grouping. Additionally, existing
multilingual models often have an English-centric bias due to the large imbalance in data. To the
best of our knowledge, the existing LLMs and multilingual LLMs struggle to generate grammatically
correct and coherent sentences in Indian languages (and reasoning ability is too far) as shown in
Appendix Tables 20, 26, 27, 28, 29, 30, 30, 32, 33, 35, 36, 37, 38, 39, 40. Many LLMs even
generate text in even Arabic (Table 29) or Japanese (Table 39) scripts when prompted with prompts
in Bengali, Hindi, and Sanskrit. We also found that LLMs including ChatGPT (Oct’23) were not
able to distinguish languages of the same script such as Bengali versus Assamese. Human evaluation
by annotators confirm this (Section A.5 in Appendix). Our models, based on Transformer decoders
(Vaswani et al., 2017), are enhanced with improvements in the architecture. These enhancements,
improvements and novelties make our models efficient, small but strong. They have been pretrained
from scratch to support context size of 1024 without requiring higher physical memory on a single
NVIDIA A100-PCIE-40GB GPU. Our model architecture has the ability to capture a much higher
context size without requiring equivalent physical memory; in contrast, the LLaMa-1 model was
pretrained from scratch using 2048 GPUs for a context size of 2048. Our models are of varying
sizes and of three types: (1) monolingual language models, (2) bilingual language models, and
(3) multilingual language models. Both bilingual and multilingual language models are pretrained
from scratch on comparable corpora and with typological grouping of languages to avoid curse of
multilinguality.

We summarize our contributions as follows.

1. We propose a RoPE (Su et al., 2022) embedding scaling method that enables us to pretrain
language models from scratch at larger sequence length context size than the equivalent
GPU memory. We scaled the RoPE embedding through a shrinking factor by dividing the
target context length y by max_permissible_context_size_length on single GPU keeping
all other hyperparameters fixed such as batch size, vocabulary size.

2. We propose a novel tokenization method using a combination of both Byte-Pair Encoding
(BPE) (Sennrich et al., 2016) and Unigram (Kudo, 2018) algorithms.

3. We perform language specific tokenization for multilingual model and domain specific to-
kenization for monolingual language modeling.

2https://www.babbel.com/en/magazine/the-10-most-spoken-languages-in-the-world
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4. We perform pretraining on comparable corpora for multilingual/bilingual generative lan-
guage model to handle data imbalance and curse-of-multi-linguality in multilingual lan-
guage model.

5. We perform more than 1 epoch of pretraining for most our language models. From our
results, we observed the language transfer from low resource to high resource within lan-
guage of the same script and typology. We found that small models trained for more than
1 epoch on high quality data is better than bigger model trained for 1 epoch on not so good
quality bigger corpora. We studied the impact of language specific tokenization versus lan-
guage agnostic tokenization for bilingual language modeling. We also studied the impact
of BPE vs Unigram tokenization for Devanagari script languages as a proof-of-concept.

6. We curated books for pretraining dataset and created an instruction-tuning dataset of 23000
instructions and instruction-tune our pretrained Bangla, Hindi, Marathi, Tamil, and Tel-
ugu models using 23000 instructions each in respective languages but for Hindi, we used
additional 52,000 Alpaca translated Hindi (Taori et al., 2023), total of 75,000 instructions.

2 RELATED WORK

The rise of large language models (LLMs) has led to numerous new models competing across var-
ious benchmarks, but most remain English-centric. Bloom, the largest multilingual LLM with 170
billion parameters, utilizes 40% English data and 60% from 44 other languages. Despite extensive
multilingual training, many LLMs exhibit a significant English bias. Research has shown that a
substantial portion of neurons in these models remains inactive; for instance, in the 66 billion param-
eter OPT model, over 70% of the feed-forward network (FFN) neurons in certain layers are “dead”
meaning they do not activate even on diverse datasets. This sparsity in neuron activation limits the
model’s ability to learn and generalize across languages, particularly those that differ significantly
from English (Voita et al., 2024). Consequently, even when trained on multilingual data, these mod-
els struggle to effectively process and generate text in languages beyond English, revealing a critical
limitation in their design. Recent efforts to adapt English-centric models like Llama for Indian
languages (Airavata (Gala et al., 2024), OpenHathi for Hindi, and Tamil) have involved extending
vocabulary and fine-tuning techniques such as LoRA (Hu et al., 2022) and QLoRA (Dettmers et al.,
2023). However, these models still exhibit a strong English bias and struggle to generate high-quality
text in Indian languages. Massively multilingual models (MMTs) (Devlin et al., 2019), (Conneau
et al., 2020), (Xue et al., 2021) are pretrained on large corpora but often lack alignment between
languages, leading to poor transfer performance for distant languages (Lauscher et al., 2020). The
“curse of multilinguality” (CoM) indicates that adding more languages can degrade per-language
performance, necessitating larger model capacities and corpora. While language-specific adapters
like MAD-X (Pfeiffer et al., 2020) improve performance, they do not generalize well to unseen lan-
guages. Recent advancements, such as MAD-G (Ansell et al., 2021) and BAD-X (Parović et al.,
2022), focus on bilingual adapters to enhance language transfer. Our work aims to create dedicated
models for low-resource Indian languages by developing language-specific generative models from
scratch, emphasizing linguistic features, typology, and tailored tokenization.

3 METHODOLOGY

3.1 DATASET FOR PRETRAINING

Pretrained data was split into 95%-5% training and validation sets so that we do not lose much
data for pretraining as the purpose of this work is a step towards developing pretrained generative
effective language models from scratch using our novel architecture for Indian languages. Pretrain-
ing data covers web scrapped news, blogs from IndicCorp v2 (Doddapaneni et al., 2023), Bangla
literature from Vacaspati (Bhattacharyya et al., 2023), Wikipedia articles, curated books of various
genres, subjects, education books, magazines in respective Indian languages representing each dis-
tinct language community to cover Indian culture, rich history, and knowledge. Our pretraining
corpora have no source code, scientific journals/articles, medical and engineering education books,
research papers as these are generally written in English in India. Dataset details can be found in
Table 19 in Appendix and data distribution can be found in the Figure 3 in Appendix. We apply the
following data cleaning and preprocessing techniques as mentioned in Appendix A.4.
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Models Size #Tokens pretrained # Training A100 hours Script & Family # Speakers
Bloom 7.1B 340 B 1.08M Multilingual 1B+
OpenHathi (Llama) 7B 1 T N/A Hindi (Indo-European) 692M
Sarvam 2B 4 T N/A Multilingual (Devanagri, Dravidian) 1B+

Paramanu-Bangla (ours) 108M 26.21 B 19.45 Bengali (Indo-European) 300M
Paramanu-Hindi (ours) 367M 66 B 239 Devanagari (Indo-European) 692M
Paramanu-Marathi (ours) 208M 28.83 B 88 Devanagari (Indo-European) 99M
Paramanu-Odia (ours) 87M 52.42 B 84.5 Odia (Indo-European) 43M
Paramanu-Sanskrit (ours) 139M 45 B 110 Devanagari (Indo-European) 0.025M
Paramanu-Tamil (ours) 208M 26.2 B 208 Tamil (Indo-Dravidian) 77M
Paramanu-Telugu (ours) 208M 39.32 B 112.5 Telugu (Indo-Dravidian) 95M

mParamanu (ours) 162M 26.2 B 118 Multilingual (Devanagari) 1B+

Table 1: Pretrained LLM tokens, training hours, script, language family and #speakers.

3.2 DATASET FOR INSTRUCTION TUNING

We created a dataset of 5,000 human-annotated instructions covering tasks like poem and novel
writing, article summarization, grammar correction, and Q&A on topics such as climate change and
healthcare in Bangla, reflecting Bengali culture and linguistics. We then used the Google Translate
API (goo, 2023) to translate these instructions into Hindi, Marathi, Tamil, and Telugu. Additionally,
we translated 15,000 instructions from Dolly (Conover et al., 2023) to these languages and gener-
ated 3,000 instructions using the self-instruct technique (Wang et al., 2023) in five Indian languages.
Finally, we fine-tuned our pretrained models except Hindi on a total of 23,000 instructions, includ-
ing human-annotated, machine-generated, and translated instructions. Since creating multilingual
datasets using automatic machine translation from Bengali to other Indian languages introduce trans-
lation errors but we also performed human checks and corrected them. We found around 8% word
errors on average for Hindi and Marathi using Google Translate.

3.3 TOKENIZATION

Figure 1 shows the flowchart of our novel tokenization technique both for monolingual and mul-
tilingual settings. We performed domain adaptive tokenization for monolingual models using a
combination of Byte-Pair encoding (BPE) (Sennrich et al., 2016) and Unigram (Kudo, 2018). We
trained separate Byte-Pair encoding (BPE) (Sennrich et al., 2016) and Unigram tokenizers using
Sentencepiece (Kudo & Richardson, 2018) module on the high quality part of the pretraining data
from scratch. Then, we merge both the independent tokenizers by intersection respectively of size
V‘. This is similar to merging two different data structures of same size (considering each tokenizer
as a list of tokens) by intersection to remove overlapping elements. We used the merged tokenizer
to tokenize the pretraning data. During pre-tokenization, NFC normalization was performed on the
processed data; digits are split into individual tokens and unknown UTF-8 characters were reduced
to byte granularity. For monolingual tokenization, we trained individual BPE and Unigram tok-
enizers on domain specific data for respective language with same vocabulary size and merged the
tokenizers via merge by intersection to remove overlapping tokens and make our specialised tok-
enizer compact, optimized, effective and highly effective for monolingual data and also performed
the same approach to tokenize the multilingual pretraining corpora by performing language specific
tokenization in multi-task way where every task is a language and merged the distinct language
specific tokenizers by union via intersection, i.e, removing the overlapping tokens. In this way, our
mBharat tokenizer was able to learn language specific tokens based on typology and can generalize
to unseen languages of the same script. mBharat tokenizer was also exposed to little amount of
English high quality corpus to learn its ability to tokenize languages of the Roman script such as En-
glish. From 2, we observe that mBharat tokenizer has the least fertility score of 1.66 for languages in
Assamese-Bengali, 1.25 for Devanagari (Hindi) and 1.75 for Odia script among tokenizers of LLMs
like Sarvam 2B (Sarvam2B, 2024), LLama-3.1 (Dubey et al., 2024), Gemma-2 (Team et al., 2024),
and GPT-4o.

3.4 MODEL ARCHITECTURE

Multilingual mParamanu, monolingual Paramanu models (Assamese, Bangla, Hindi, Konkani,
Marathi, Odia, Tamil, Telugu, and Paramanu-Sanskrit) and bilingual Konkani-Maithili models are
based on transformer (Vaswani et al., 2017) based causal decoder architecture (Radford et al.,
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Figure 1: Tokenization technique for monolingual and multilingual setting.

Figure 2: Fertility score of mBharat tokenizer v/s LLMs across languages of 3 scripts (Bengali,
Devanagari, and Odia). LLMs score are reported from (Sarvam2B, 2024)

2019) with modifications. The model architecture uses RMSNorm as pre-normalizaion layer with
norm_epsilon = 1e-5, approximate GeGLU Activations (Shazeer, 2020) as non-linearity by replac-
ing the standard ReLU non-linearity activation function. The model architecture uses a scaled ver-
sion of RoPE embedding (Su et al., 2022) with θ=10,000. We scaled the RoPE embedding through
a shrinking factor by dividing the target context length y by permissible_context_size_length on
single GPU, keeping all other hyperparameters fixed such as batch size, vocabulary size, etc. This
allows every position_ids to be divided by the shrinking ratio in the RoPE embedding methodol-
ogy. For instance, if the permissible_context_size_length for a given physical memory hardware
is 256, then we apply shrinking factor of 16 for target context size of 4096 on Single A100 40G
chip during pretraining. Then, a token with position_ids = 4000 becomes 4000/16 = 250, and the
neighbouring token 4001 becomes 4001/16 = 250.06, to be within 0 to 256. This is how we can cap-
ture higher context size during pretraining on limited physical memory required to pretrain model
at higher context size outside the permissible_context_size_length. This modification allows us
to pretrain models from scratch at much higher context size than the physical memory required for
pretraining. Hence, with limited physical memory and limited GPUs, we can pretrain generative
language models from scratch at much higher desired context size. Following (Chowdhery et al.,
2023), we remove all biases from dense layers to improve the training stability. Table 17 lists down
the various configuration to develop our 13.29M, 26.59M, 87M, 87.25M, 92.63M, 108.5M, 139.3M,
162M, 208M, 350M models. Table 17 lists the different model configuration but we used weight
tying (Press & Wolf, 2017) to improve the performance of language models by sharing the weights
of the embedding and softmax layers. Therefore, the total number of parameters in our models are
typically smaller due to weight tying and different tokenizer sizes of each language specific model
than the sizes mentioned in Table 17.

3.5 TRAINING

We performed hyperparameter tuning on 15M models to find the optimal tokenizer size for each
language specific monolingual corpus, learning rate, learning rate scheduler, and weight decay. We
used the concept of µP transfer (Yang et al., 2021), and transferred the learned hyperparameters
to our bigger models. For further training and hyperparameter tuning details, we mentioned in

5
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Appendix A.3. We find the optimal size of tokenizers by training range of tokenizers of various sizes
and optimizing the validation perplexity of the language models and fertility score of the tokenizers.

3.6 IMPACT OF LANGUAGE SPECIFIC MERGED-TOKENIZER V/S LANGUAGE AGNOSTIC
TOKENIZER FOR BILINGUAL MODEL (KONKANI-MAITHILI 27M GPT) OF
TYPOLOGICALLY SAME SCRIPT (DEVANAGARI)

For the language agnostic approach, we merged both the Konkani and Maithili corpus which are of
comparable size after our preprocessing in terms of number of sentences (lines) then we trained Sen-
tencePiece’s BPE algorithm to a vocabulary size of 1750 on the whole corpus and trained our 27M
Konkani-Maithili bilingual GPT model and we report the validation perplexity score to be 12.43393.
For the language specific approach, we trained individual SentencePiece (Kudo & Richardson, 2018)
BPE tokenizers independently on Konkani (vocabulary size of 1k) and Maithili (vocabulary size of
750) corpus respectively. After that, we merged both the language specific tokenizers and also re-
moving the overlapped tokens as both Konkani and Maithili are written in Devanagari script. We
used this merged tokenizer to train another 27M bilingual Maithili-Konkani GPT and found the vali-
dation perplexity of the bilingual modeling drops to 8.53827 from 12.43393. From our experiments,
we infer that language specific tokenization is very important to preserve the language specific lin-
guistics even for thre typologically similar languages (Devanagari script) and the merging operation
of the tokenization also helps to omit the overlapping tokens which results in optimized vocabulary
size for language modeling resulting in better open-end text generation, lower perplexity score due
to optimal size of the tokenizer for multilingual language modeling.

3.7 LANGUAGE MODELING FOR PARAMANU-KONKANI (DEVANAGARI SCRIPT) 15M WITH
BPE TOKENIZER V/S UNIGRAM TOKENIZER

From our experiments where we tokenized the Konkani corpus with Sentencepiece’s Unigram model
with a vocabulary size of 1000 and trained a 15 Model and similarly we also trained another 15M
model with SentencePiece BPE tokenizer on the same setting to see whether there is an impact of
these two different tokenizers on the perplexity score of monolingual language modeling. We found
the validation perplexity for Unigram 15M model to be 11.88412 whereas for BPE 15M model is
11.74314 which is slightly lower but not significantly different. However, Unigram tokenizer takes
longer time than BPE to get trained on the corpus.

3.8 QUANTITATIVE RESULTS BASED ON PERPLEXITY METRIC

Table 2 lists the validation perplexity and MFU metrics of our various pretrained models. In terms
of quantitative evaluation of language modeling, the lower the perplexity, the better is the language
model. From Table 2, Paramanu-Sanskrit exhibited the lowest validation perplexity among our
models, followed by Odia, Bangla, Telugu, mParamanu (162M), Tamil, Marathi, and Hindi, which
had the highest perplexity. It is important to note that most models were trained for the same number
of steps, regardless of their pretraining dataset size, meaning some may be under-trained. Continued
pretraining, such as for Paramanu-Hindi, could further improve perplexity scores.

3.9 BASED ON QUANTITATIVE BENCHMARK

We evaluated our models on key Natural Language Understanding (NLU), Natural Language Infer-
ence, and Commonsense Reasoning tasks, including their multilingual variants, while benchmarking
against multilingual LLMs like Sarvam-2B, Bloom, and Bloomz in two groups, one with LLMs of
size <=2B and another group of LLMs of size > 2B. We utilized the translated ARC, HellaSwag, and
MMLU datasets from (Lai et al., 2023), employing Eleuther AI’s LM Evaluation Harness (Sutawika
et al., 2024) for evaluation. Key assessments included HellaSwag (Zellers et al., 2019), which tests
common sense reasoning by predicting scenario endings; MMLU (Hendrycks et al., 2021), mea-
suring broad knowledge across diverse subjects; and ARC-Challenge (Clark et al., 2018), which
examines complex reasoning with scientific questions. We encountered misalignment issues with
the LM Evaluation Harness datasets and our models, preventing evaluations on HellaSwag except
for Hindi. Other evaluations included XCOPA (Ponti et al., 2020), assessing cross-lingual common-
sense reasoning; XNLI (Conneau et al., 2018), which assesses cross-lingual sentence classification

6
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Model Perplexity
Paramanu-Assamese 26.59M 6.620
Paramanu-Bangla 87.25M 5.069
Paramanu-Bangla 108.5M 4.102
Paramanu-Hindi 162M 16.992
Paramanu-Hindi 367.5M 11.052
Paramanu-Konkani-Maithili 13.29M (merged language specific tokenizer) 8.538
Paramanu-Konkani-Maithili 13.29M (language agnostic tokenizer) 12.433
Paramanu-Odia 87M 3.068
Paramanu-Sanskrit 139.33M 1.748
mParamanu 92.63M 8.443
mParamanu 162M 6.924
Paramanu-Marathi 207.73M 8.943
Paramanu-Telugu 208.25M 5.400
Paramanu-Tamil 207.84M 7.618

Table 2: Perplexity of models
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 3: N-shot evaluation of pretrained Paramanu models across various benchmarks.

across 15 languages; and XStoryCloze (Lin et al., 2022), evaluating story understanding by select-
ing the correct ending to a four-sentence story. Together, these benchmarks comprehensively assess
model performance and reasoning capabilities.

Table 4, Table 5, Table 6, Table 7 and Table 8 evaluate model performance in a zero-shot setting
using accuracy metrics across translated benchmarks (ARC, MMLU, HellaSwag) for Bangla, Hindi,
Tamil, and Telugu. Table 3 presents n-shot evaluations for XNLI in Hindi, XStoryCloze in Hindi
and Telugu, and XCOPA in Tamil. Additionally, Table 5 and Table 6 assess various pretrained
monolingual and multilingual models for Devanagari script across MMLU, HellaSwag, ARC, XS-
toryCloze, XNLI, and Belebele, highlighting cross-lingual language transfer among Devanagari lan-
guages (Hindi, Marathi). Notably, mParamanu, pretrained on low-resource Devanagari languages
(Sanskrit, Konkani, Maithili), achieved scores of 25.86 for MMLU-Marathi, 24.84 for Hindi, 28 for
Belebele-Marathi, and 25.44 for Belebele-Hindi, indicating effective language transfer to medium
(Marathi) and high-resource (Hindi) languages using the mBharat tokenizer. Interestingly, neither
Paramanu-Sanskrit nor mParamanu were pretrained on Hindi or Marathi but still performed well on
their benchmarks. This is possibly due to the same script.

Table 5, Table 13 in Appendix and Table 6, Table 14 in Appendix show that Paramanu models
exhibit superior performance across various benchmarks in Devanagari languages, despite their
smaller sizes and being pretrained on fewer tokens than larger multilingual LLMs. Specifically,
Paramanu-Marathi (208M) outperformed Sarvam (2B), OpenHathi (7B), and Bloom (560M) on
the Marathi benchmark. Similarly, mParamanu (162M) outperformed Paramanu-Hindi (367M) and
demonstrated competitiveness against larger models. Notably, Paramanu-Hindi-instruct (356M) sur-
passed all larger multilingual LLMs, except Bloomz (7B), by a significant margin, benefiting from
instruction tuning on a dataset of 27,000 Hindi instructions and additional 52,000 Alpaca machine-
translated instructions. In contrast, Bloomz (7B) was trained on hundreds of thousands of instruc-
tions. If the 367M Hindi model underwent more training steps, it could potentially achieve even
better performance, as many models were pretrained for the same duration regardless of dataset
size. The stronger performance of mParamanu in Hindi illustrates effective language transfer within
the same script and typology. Notably, Paramanu-Sanskrit (139M), pretrained on 45 billion tokens,
achieved an average score of 31.05, surpassing both Hindi models and closely approaching Bloom
(560M) and Bloomz (560M). Its lower perplexity (1.75) compared to Paramanu-Hindi (11.05) fur-
ther supports the notion that additional pretraining for the Hindi model could significantly enhance
its downstream performance.

From Table 3, we observe that the performance of our models drop from zero-shot setting to 25 shot
setting on XNLI-Hindi, XStoryCloze for Hindi and Telugu, and XCOPA for Tamil. This type of
phenomenon has also been observed in PlanningBench (Valmeekam et al., 2024) where GPT-3.5-
Turbo, GPT-4, GPT4-o performance on Blocksworld dropped from 0 shot to 1-shot significantly.
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Models MMLU-Bangla ARC-Bangla Belebele-Bangla Average (Bangla) Belebele-Assamese
Paramanu-Bangla 108M (ours) 23.82 25.75 25.11 24.89 25.33
Paramanu-Bangla-instruct 108M (ours) 27.60 28.50 32.45 29.52 30.54
mParamanu 162M (ours) 25.29 20.19 27.44 24.31 29.00
Bloom 560M 22.61 26.00 22.89 23.83 22.78
Bloomz 560M (instruction-tuned) 25.82 23.43 22.77 24.01 25.11
Bloom 1.1B 23.90 24.37 26.00 24.75 26.89
Sarvam 2B 24.05 28.40 23.22 25.22 27.78

Table 4: Zero-shot evaluation of LLMs (<=2B) across translated benchmarks of MMLU, HellaSwag,
ARC datasets, and Belebele in Bengali script. All benchmarks report Accuracy except for ARC
which reports Normalized Accuracy. Max scores are in bold.

Models MMLU-Marathi ARC-Marathi Belebele-Marathi Average (Marathi)
mParamanu 162M (ours) 25.68 22.16 28.00 25.28
Paramanu-Hindi 367M (ours) 23.78 24.16 24.66 24.20
Paramanu-Hindi-instruct 367M (ours) 28.72 27.85 32.00 29.52
Paramanu-Marathi 208M (ours) 25.39 26.49 27.33 26.40
Paramanu-Sanskrit 139M (ours) 24.96 26.49 24.33 25.26
Bloom 560M 22.78 24.50 27.00 24.76
Bloomz 560M (instruction-tuned) 26.20 24.24 25.44 25.29
Bloom 1B 23.93 25.10 28.33 25.78
Sarvam 2B 23.96 27.53 26.77 26.08

Table 5: Zero-shot evaluation of LLMs (<=2B) for cross-lingual language transfer in Marathi. All
benchmarks report Accuracy except for ARC (Normalized Accuracy). Max scores are in bold.

Perhaps n-shot examples become additional soft constraints on the generation which might be the
reason of degradation of performance from the original training dataset. From Table 9, we see
that Paramanu-Bangla 108M outperformed Bloom 560M by 1.06% points, Bloomz 560M by 1.05%
points, Bloom 1.1B on average score across MMLU, ARC, and Belebele benchmarks, and by 1.21%
points on MMLU over Bloom 560M depsite being smaller by 10.2 times compared to Bloom 1.1B
and being pretrained on 26.21 billon of tokens. However, Paramanu-Bangla 108M is extensively
trained only on Bangla literature corpus. With further instruction-tuning on 27k Bangla instructions,
Paramanu-Bangla-instruct 108M outperformed Bloom 560M, Bloomz 560M, Bloom 1.1B, Sarvam
2B, Bloom 7B on average score of MMLU, ARC, and Belebele benchmarks for Bangla respectively.

Table 7 and Table 8 compare pretrained multilingual LLMs (<2B) and instruction-tuned models on
Tamil and Telugu benchmarks. Table 15 and Table 16 in Appendix compares our model with LLMs
(> 2B) Our model, Paramanu-Tamil (208M), outperformed larger multilingual LLMs like Bloom
(560M), Bloomz (560M), and Bloom (1.1B) across four benchmarks (Belebele, XCOPA, MMLU,
and ARC) in Tamil, coming close to Sarvam (2B) despite being much smaller and trained on fewer to-
kens. On MMLU-Tamil, both Paramanu-Tamil and Paramanu-Tamil-instruct outperformed Sarvam
(2B) by 2.89 percentage points, with Paramanu-Tamil pretrained on 26.2 billion tokens. Paramanu-
Tamil-instruct surpassed Bloom (7B), despite being 34 times smaller, and outperformed Bloom
(1.1B) by 2.28 points, Bloom (560M) by 3 points, and Bloomz (560M) by 1.17 points. For Telugu,
Paramanu-Telugu-instruct (208M) outperformed Bloom (560M) by 2.72 points, Bloomz by 2.25
points, Bloom (1.1B) by 1.46 points, and Bloom (7B) by 1.22 points, with Paramanu-Telugu pre-
trained on 39.32 billion tokens. 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. Nonetheless, these results show strong performance of our models on various NLP tasks
despite their smaller size and fewer tokens, challenging the notion that larger models are always
better. Our findings suggest that smaller pretrained models can excel when trained on high-quality,
preprocessed data over multiple epochs, outperforming larger models trained on lower-quality data
for an epoch.

3.9.1 BASED ON HUMAN EVALUATION

We hard-prompted various LLMs (GPT-2 XL, GPT Neo 1.3B, LLaMa 2 7B, OPT 6.7B, and the
multilingual Bloom series) alongside our pretrained models (Paramanu-Bangla, Paramanu-Hindi,
and mParamanu for Sanskrit) without fine-tuning. The prompts reflected the local, cultural, and
literary contexts of Assamese, Bangla, Hindi, Konkani, Maithili, Odia, and Sanskrit. Due to resource
constraints, extensive evaluations focused on Paramanu-Bangla, Paramanu-Hindi, and mParamanu.
The top three predictions from each model were generated with temperature = 1.0 and topp = 0.9.
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Models MMLU-Hindi HellaSwag-Hindi ARC-Hindi XStoryCloze-Hindi XNLI-Hindi Belebele-Hindi Average (Hindi)
mParamanu 162M (ours) 24.84 24.87 22.35 49.24 33.70 25.44 30.07
Paramanu-Hindi 367M (ours) 24.38 24.83 27.05 47.92 32.00 23.33 29.92
Paramanu-Hindi-instruct 367M (ours) 30.25 29.42 30.23 58.00 40.25 42.78 40.14
Paramanu-Marathi 208M (ours) 25.49 26.59 23.97 48.71 33.73 27.33 30.97
Paramanu-Sanskrit 139M (ours) 25.16 25.64 25.17 50.23 34.46 25.66 31.05
Bloom 560M 23.67 27.50 23.88 54.79 40.80 26.44 32.84
Bloomz 560M (instruction-tuned) 25.87 26.48 24.40 55.53 35.58 26.00 32.31
Bloom 1B 23.86 28.28 24.74 55.59 42.77 28.00 33.87
Sarvam 2B 24.54 33.66 28.00 60.29 46.74 24.44 36.27

Table 6: Zero-shot evaluation of LLMs(<=2B) for cross-lingual language transfer in Hindi. All
benchmarks report Accuracy except for ARC (Normalized Accuracy). Max scores are in bold.

Models Belebele-Tamil XCOPA-Tamil MMLU-Tamil ARC-Tamil Average (Tamil)
Paramanu-Tamil 208M (ours) 26.88 57.60 24.37 24.51 33.34
Paramanu-Tamil-instruct 208M (ours) 30.22 56.00 26.95 26.04 34.80
Bloom 560M 27.22 55.80 23.95 25.57 33.13
Bloomz 560M (instruction-tuned) 23.55 58.60 25.78 25.30 33.30
Bloom 1.1B 25.77 57.00 24.67 24.34 32.94
Sarvam 2B 27.44 63.00 24.06 26.53 35.25

Table 7: Zero-shot evaluation of LLMs (<=2B) in Tamil script models. All benchmarks report
Accuracy except for ARC which reports Normalized Accuracy. Max scores are in bold.

Native speakers assessed the outputs on Grammar, Coherence, Creativity, and Factuality, each scored
from 0 (worst) to 5 (best). For human evaluation, we asked 10 annotators to evaluate top-3 responses
from models for each prompt on a scale of 0 (worst) to 5 (best). We report the average score of all
ratings. We also have reported normalised scores of ratings in Table 19 in appendix to handle
inconsistencies among annotators. We reached inter-annotator kappa score of 0.85 for Bengali, 0.79
for Hindi, and 0.72 for Sanskrit. Figure 4 in the Appendix shows the bar chart for inter-annotator
agreement’s Fleiss Kappa score. For Factuality, higher scores indicated better alignment with real
events, with some evaluators assigning a score of 0 when premises could not be verified.

Table 24 displays the human evaluation of Paramanu-Bangla 87.25M model for the mentioned
Bangla prompts. Paramanu-Bangla 87.25M model scored an average score of 3.5/5 on grammar,
3.325/5 on coherence, 3.225/5 on creativity, and 3.2/5 on factuality metrics across top 3 generations
for each Bangla prompt. Table 10 compares the performance of Paramanu-Hindi 162M and other
LLMs including multilingual Bloom which was pretrained on Indian languages. In this table, we
can complete see that none of the open source LLMs have the ability to generate grammatically,
coherent sentences in Hindi except the Bloom series. Our monolingual model, Paramanu-Hindi
162M has performed better by 17.25% on grammar, by 46.05% on coherence, by 62.5% on cre-
ativity, and by 238.5% on factuality compared to Bloom 3B model despite being 19 times smaller
in size. Table 11 in Appendix compares the performance of mParamanu-162M and other LLMs
including multilingual Bloom which was pretrained on Indian languages. We can see that none
of the LLMs have the ability to generate grammatically, coherent sentences in Sanskrit keeping
aside the factuality. Our multilingual model, mParamanu-162M has scored the highest among all on
grammar (3.75/5), coherence (3.166/5), creativity (2.166/5), and factuality (1.75/5) whereas Bloom
3B scored 0.166/5 on grammar, 0.0833/5 on coherence, and 0/5 for both creativity and factuality
metrics respectively. GPT-3.5-Turbo (ChatGPT) has scored very poorly 0.25/5 on grammar & co-
herence metrics, 0.1818/5 in creativity and 0.33/5 on factuality metrics respectively for Sanskrit text
generation. mParamanu-162M is smaller by 44.25 times compared to 7B LLaMa-2 model and yet it
has shown its high quality text generation in Sanskrit as compared to ChatGPT, LLaMa, and Bloom
series of models.

4 CONCLUSIONS AND FUTURE WORK

In this paper, we present a series of novel efficient small monolingual, bilingual, and multilingual
pretrained auto regressive models the range of 13.5M to 367.5M for 10 Indian languages across 5
scripts excluding English, thereby enabling GenAI NLP technology accessible to billion speakers in
the world and working towards including underrepresented languages to reduce the language bias
and divide in today’s NLP technology. We proposed a RoPE embedding scaling method that enables
us to pretrain language models from scratch at larger sequence length context without increased
GPU memory. We proposed novel tokenization technique of combining both BPE and Unigram to-
kenizers into a single tokenizer. We also proposed and performed language specific tokenization for
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Models Belebele-Telugu XStoryCloze-Telugu MMLU-Telugu ARC-Telugu Average (Telugu)
Paramanu-Telugu 208M (ours) 26.00 51.42 25.12 26.32 32.22
Paramanu-Telugu-instruct 208M (ours) 27.50 58.00 26.75 25.75 34.50
Bloom 560M 23.55 55.65 24.10 23.85 31.78
Bloomz 560M (instruction-tuned) 22.44 54.86 26.82 24.91 32.25
Bloom 1.1B 26.88 56.38 24.53 24.38 33.04
Sarvam 2B 27.66 60.09 24.67 25.78 34.55

Table 8: Zero-shot evaluation of LLMs (<=2B) in Telugu script models. All benchmarks report
Accuracy except for ARC which reports Normalized Accuracy. Max scores are in bold.

Model Grammar Coherence Creativity Factuality
GPT2-XL 0.45833 0.37500 0.37500 0.37500
GPT-Neo 1.3B 0.91666 0.91666 0.91666 0.91666
OPT 6.7B 0.70833 0.70833 0.70833 0.70833
GPT-J 6B 1.12500 0.95833 0.95833 0.95833
LLaMa 2 7B 0.70833 0.70833 0.70833 0.70833
Bloom 560M 1.70833 1.41666 1.41666 1.37500
Bloom 1.1B 1.33333 1.29166 1.29166 1.29166
Bloom 3B 1.54166 1.29166 1.33333 1.33333
Bloom 7.1B 1.75000 1.16666 1.16666 1.08333
GPT-3.5-Turbo 0.58330 0.75000 0.58330 0.58330
Paramanu-Bangla 108.5M (ours) 4.66666 4.58333 3.76280 3.45833

Table 9: Human evaluation results (average scores of top-3 generations per prompt) of open-end text
generation of Paramanu-Bangla v/s LLMs for 4 Bangla prompts on Grammar, Coherency, Creativity,
and Factuality metrics. Scale is 0 (worst) to 5 (best). GPT-3.5-Turbo was accessed in October 2023.

multilingual language modeling and domain specific tokenization for monolingual language mod-
eling for strong performance. Our multilingual tokenizer, mBharat shows the best fertility scores
among Indian language tokenizers. We considered typological grouping and pretraining on compa-
rable size of each monolingual language corpus for our multilingual mParamanu 162M to handle
data imbalance and curse of multilinguality. We evaluated our models for open-end text generation
with human evaluators on grammar, coherency, creativity, and factual metrics. We reached inter-
annotator kappa score of 0.85 for Bengali, 0.79 for Hindi, and 0.72 for Sanskrit. In our evaluation,
we found that none of the popular existing LLMs can generate grammatically correct and coherent
sentences in 10 Indian languages despite being pretrained on Indian language corpora. Our efficient
generative language models have performed better than Bloom 7B, LLaMa-2 7B, OPT 6.7B, GPT-
J 6B, GPTNeo 1.3B, GPT2-XL models for open-end text generation in Assamese, Bangla, Hindi,
Odia, and Sanskrit despite being 66 times to 20 times smaller in size. We also evaluated our models
and compared with several multilingual LLMs across various NLU, NLI, and commonsense reason-
ing benchmarks. Our models outperformed most multilingual LLMs of size 2B and performed very
competitive or even better than LLMs of size 7B on various LLM benchmarks despite being smaller
in size by by multiple order of magnitude compared with LLMs whose size is bigger by multiple
order of magnitude. We observed language transfer phenomena from low-resource to high resource
languages of same script and typology. We also instruction-tuned our pretrained models for Bangla,
Hindi, Marathi, Tamil, and Telugu and show their task handling capabilities.

In future, we would like to extend our multilingual model to 22 official Indian languages and align
our generative language models with multimodal encoders to develop multimodal generative lan-
guage models for Indian languages.

Model Grammar Coherence Creativity Factuality
GPT2-XL 0.0000 0.0000 0.0000 0.0000
GPT-Neo 1.3B 0.0000 0.0000 0.0000 0.0000
OPT 6.7B 0.5833 0.1667 0.1667 0.0000
GPT-J 6B 0.5833 0.2500 0.0000 0.0000
LLaMa 2 7B 1.3333 0.3333 0.5000 0.2083
Bloom 560M 2.7917 2.4583 1.0000 1.1667
Bloom 1.1B 3.2917 2.7917 1.6250 1.3333
Bloom 3B 4.0833 3.1666 2.0000 1.0833
Bloom 7.1B 3.2917 2.7917 1.6250 1.3333
Paramanu-Hindi 162M (ours) 4.7917 4.6250 3.2500 3.6666

Table 10: Human Evaluation results (avg scores of top 3 generations per prompt) of open-end text
generation of Paramanu-Hindi 162M v/s LLMs for 4 Hindi prompts on Grammar, Coherency, Cre-
ativity, and Factuality metrics. Scale is 0 (worst) to 5 (best)
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Figure 3: Pretraining Data distribution.

Figure 4: Inter-Annotator Agreement (Kappa)

A APPENDIX

Model Grammar Coherence Creativity Factuality
GPT2-XL 0.17 0.08 0.00 0.00
GPT-Neo 1.3B 0.25 0.00 0.00 0.00
OPT 6.7B 0.00 0.00 0.00 0.00
GPT-J 6B 0.33 0.33 0.00 0.00
LLaMa 2 7B 0.42 0.33 0.42 0.00
Bloom 560M 0.08 0.00 0.08 0.00
Bloom 1.1B 0.08 0.00 0.00 0.00
Bloom 3B 0.17 0.08 0.00 0.00
GPT-3.5-Turbo 0.25 0.25 0.18 0.33
mParamanu 162M (ours) 3.75 3.17 2.17 1.75

Table 11: Human evaluation results (average scores for top-3 generations per prompt) of open-end
text generation of mParamanu v/s LLMs for 4 Sanskrit prompts on various metrics. Scale is from 0
(worst) to 5 (best). GPT-3.5-Turbo was accessed in October 2023.

A.1 MODEL PARAMETERS

A.2 LANGUAGE DEMOGRAPHICS

A.3 TRAINING

Following (Hoffmann et al., 2022b), we set lr decay steps to max_steps and the minimum lr is set
nearly to 0.1·lr. The lr schedule starts with a linear warm-up from 0 to the maximum lr at 1000

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2025

Models MMLU-Bangla ARC-Bangla Belebele-Bangla Average (Bangla) Belebele-Assamese
Paramanu-Bangla 108M (ours) 23.82 25.75 25.11 24.89 25.33
Paramanu-Bangla-instruct 108M (ours) 27.60 28.50 32.45 29.52 30.54
mParamanu 162M (ours) 25.29 20.19 27.44 24.31 29.00
Bloom 7B 27.10 26.09 23.22 25.47 23.11
Bloomz 7B (instruction-tuned) 32.46 27.20 53.67 37.77 48.00

Table 12: Zero-shot evaluation of LLMs (> 2B) across translated benchmarks of MMLU, HellaSwag,
ARC datasets, and Belebele in Bengali script. All benchmarks report Accuracy except for ARC
which reports Normalized Accuracy.

Models MMLU-Marathi ARC-Marathi Belebele-Marathi Average (Marathi)
mParamanu 162M (ours) 25.68 22.16 28.00 25.28
Paramanu-Hindi 367M (ours) 23.78 24.16 24.66 24.20
Paramanu-Hindi-instruct 367M (ours) 28.72 27.85 32.00 29.52
Paramanu-Marathi 208M (ours) 25.39 26.49 27.33 26.40
Paramanu-Sanskrit 139M (ours) 24.96 26.49 24.33 25.26
Bloom 7B 27.30 25.54 24.00 25.61
Bloomz 7B (instruction-tuned) 32.62 27.44 53.00 37.68
OpenHathi 7B 26.09 24.24 25.88 25.40
Airavata 7B (instruction-tuned) 26.15 23.90 29.89 26.64

Table 13: Zero-shot evaluation of LLMs (>2B) for cross-lingual language transfer in Marathi. All
benchmarks report Accuracy except for ARC which reports Normalized Accuracy.

steps, followed by a cosine decay to the minimum lr until the end of an epoch of training. We used
the following equation for lr decay ratio.

lrdecay_ratio =
t− warmupsteps

lrdecay_steps − warmupsteps

where t is the current training step.

A.3.1 26.58M PARAMANU-ASSAMESE MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 64, gradient
accumulation steps of 4, and the maximum sequence length set to 1024, i.e., 262,144 tokens per
iteration and transferred the learned hyperparameters from 15M model to 42M model using (µP)
transfer. We set maximum learning rate (lr) to 3e-3 (max), weight decay to 1e-1. We trained our
bigger models with fused AdamW optimizer for an epoch of training with β1=0.9, β2=0.95, dropout
of 0.0, and scaled the gradient norms using a maximum norm clipping value of 1.0, and weight decay
of 0.1. For our experiments and modeling, we implemented our code using Pytorch 2.0, in-house
optmized CUDA kernels and used torch.compile feature for every model. To further speedup
training, we used BF16 mixed precision training.

A.3.2 87.25M PARAMANU-BANGLA MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 32, gradient
accumulation steps of 8, and the maximum sequence length set to 1024, i.e., 262,144 tokens per
iteration and transferred the learned hyperparameters from 15M model to 110M model using (µP )
transfer.

A.3.3 108.5M PARAMANU-BANGLA MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 32, gradient
accumulation steps of 8, and the maximum sequence length set to 1024, i.e., 262,144 tokens per
iteration and transferred the learned hyperparameters from 15M model to 140M model using (µP )
transfer.

A.3.4 162M PARAMANU-HINDI MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 32, gradient
accumulation steps of 8, the maximum sequence length set to 1024, i.e., 262,144 tokens per iteration
and transferred the learned hyperparameters from 15M model to 162M model using (µP ) transfer.
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Models MMLU-Hindi HellaSwag-Hindi ARC-Hindi XStoryCloze-Hindi XNLI-Hindi Belebele-Hindi Average (Hindi)
mParamanu 162M (ours) 24.84 24.87 22.35 49.24 33.70 25.44 30.07
Paramanu-Hindi 367M (ours) 24.38 24.83 27.05 47.92 32.00 23.33 29.92
Paramanu-Hindi-instruct 367M (ours) 30.25 29.42 30.23 58.00 40.25 42.78 40.14
Paramanu-Marathi 208M (ours) 25.49 26.59 23.97 48.71 33.73 27.33 30.97
Paramanu-Sanskrit 139M (ours) 25.16 25.64 25.17 50.23 34.46 25.66 31.05
Bloom 7B 27.04 31.39 26.36 60.55 47.18 23.00 35.92
Bloomz 7B (instruction-tuned) 35.55 28.57 29.36 57.71 40.52 53.11 40.80
OpenHathi 7B 27.69 30.54 25.51 57.04 39.03 32.66 35.41
Airavata 7B (instruction-tuned) 30.43 29.53 25.60 55.59 39.04 41.44 36.93

Table 14: Zero-shot evaluation of LLMs (>2B) for cross-lingual language transfer in Hindi. All
benchmarks report Accuracy except for ARC which reports Normalized Accuracy.

Models Belebele-Tamil XCOPA-Tamil MMLU-Tamil ARC-Tamil Average (Tamil)
Paramanu-Tamil 208M (ours) 26.88 57.60 24.37 24.51 33.34
Paramanu-Tamil-instruct 208M (ours) 30.22 56.00 26.95 26.04 34.80
Bloom 7B 25.55 59.20 26.39 24.69 33.95
Bloomz 7B (instruction-tuned) 50.66 57.40 29.48 28.10 41.41

Table 15: Zero-shot evaluation of LLMs (>2B) in Tamil script models. All benchmarks report
Accuracy except for ARC which reports Normalized Accuracy.

A.3.5 367.5M PARAMANU-HINDI MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 32, gradient accu-
mulation steps of 16, the maximum sequence length set to 1024, i.e., 524,288 tokens per iteration
and transferred the learned hyperparameters from 15M model to 367.5M model using (µP) transfer.
After 1 epoch of training, the average validation perplexity is 11.05240 whereas the average training
perplexity is 10.99616.

A.3.6 87M PARAMANU-ODIA MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 64, gradient
accumulation steps of 8, and the maximum sequence length set to 1024, i.e., 524,288 tokens per
iteration and transferred the learned hyperparameters from 15M model to 110M model using (µP )
transfer.

A.3.7 139.3M PARAMANU-SANSKRIT MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 64, gradient
accumulation steps of 8, and the maximum sequence length set to 1024, i.e, 524,288 tokens per
iteration and transferred the learned hyperparameters from 15M model to 175M model using (µP )
transfer.

A.3.8 13.5M BILINGUAL KONKANI-MAITHILI GPT MODEL

Both Konkani and Maithili languages are typologically similar (Devanagari script). For bilingual
model, we trained two 27M models with language agnostic tokenization and language specific tok-
enization to study the impact of language specific tokenization against language agnostic tokeniza-
tion for multilingual language modeling. For training with the language specific tokenization, where
we basically trained independent BPE tokenizer on Konkani and Maithili corpora with a tokenizer
size of 1000 and 750 respectively and merged them together. For language agnostic tokenization,
we trained BPE tokenizer on the merged corpora of Konkani and Maithili with a tokenizer size of
1750.

We used the same training procedure as mentioned in 3.5 but with a batch size of 128, gradient
accumulation steps of 2, and the maximum sequence length set to 1024, i.e., 262,144 tokens per
iteration . We transferred the learned hyperparameters from 15M model to 27M model using (µP)
transfer.

A.3.9 92.63M MULTILINGUAL MPARAMANU MODEL

For our multilingual mParamanu model, we selected the languages on the basis of typological group-
ing and having comparable corpora as shown in the Table 19, to avoid pretraining our multilingual
model on disproportionate corpora of multiple languages. Thus, we avoid adding the Hindi corpus
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Models Belebele-Telugu XStoryCloze-Telugu MMLU-Telugu ARC-Telugu Average (Telugu)
Paramanu-Telugu 208M (ours) 26.00 51.42 25.12 26.32 32.22
Paramanu-Telugu-instruct 208M (ours) 27.50 58.00 26.75 25.75 34.50
Bloom 7B 24.66 57.37 26.62 24.47 33.28
Bloomz 7B (instruction-tuned) 43.11 58.23 29.55 27.98 39.71

Table 16: Zero-shot evaluation of LLMs (> 2B) in Telugu script models. All benchmarks report
Accuracy except for ARC which reports Normalized Accuracy.

Figure 5: mBharat Tokenizer v/s LLaMa-2 tokenizer for input in 7 Indian languages.

in the multilingual pretraining. We grouped Bodo, Dogri, Konkani, Maithili, and Sanskrit language
corpora in the same group as they follow Devanagari script, Assamese and Bangla (Bengali) were
grouped together as they follow Assamese-Bengali script and Odia was kept as independent as it
is typologically different than the Devanagari and Assamese-Bengali script during tokenization and
pretraining. The multilingual model mParamanu was trained on the clean preprocessed pretraining
data of Assamese, Bangla (Vacaspati), Bodo-Dogri (merged), Konkani, Maithili, Odia, and Sanskrit
corpora as shown in Table 19.

We used the same training procedure as mentioned in 3.5 but with a batch size of 32, gradient
accumulation steps of 8, maximum sequence length set to 1024, i.e., 524,288 tokens per iteration
and a language specific multilingual tokenizer (mBharat).

A.3.10 162M MULTILINGUAL MPARAMANU MODEL

We used the same training procedure as mentioned in 3.5 but with a batch size of 32, gradient
accumulation steps of 8, the maximum sequence length set to 1024, i.e., 262,144 tokens per iteration.
We used language specific tokenization for the multilingual mBharat-162M model. It took 4 days
and 11 hours to get trained on single A100-40G GPU with the mentioned specifications.

A.4 DATA CLEANING METHODOLOGY

1. For languages in Devanagari, Assamese-Bengali, and Odia script (Assamese, Bangla,
Hindi, Konkani, Maithili, Odia, Sanskrit), we perform splitting of sentences by punctua-
tion “dari”/“danda” (|)

2. Removal of non literal characters for a given language and Unicode normalization

3. White space normalization.
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(a) Training Perplexity for Paramanu-Bangla v/s Tokens
in Billion (G=billion)

(b) Training Perplexity for Paramanu-Hindi v/s Tokens
in Billion (G=billion)

(c) Training Perplexity of Paramanu-Odia v/s training
steps.

(d) Training Perplexity of Paramanu-Sanskrit v/s train-
ing steps.

Figure 6: Training Perplexity v/s Tokens and Training Perplexity v/s training steps for Paramanu
pretrained models.

n_params d_model n_layers n_heads dim_head max_seq_length
15M 288 6 6 48 512
27M 512 4 8 64 1024
42M 512 8 8 64 1024
110M 768 12 12 64 1024
140M 768 15 12 64 1024
350M 1024 12 16 64 1024
425M 1280 18 10 128 1024

Table 17: Model architectures considering tokenizer size of 32000

4. Removal of English literals, Roman digits, French, German, Italian, Russian, Chinese liter-
als and punctuation following Unicode representation using regular expressions

5. Removal of emoticons, symbols, pictographs, transport & map symbols, and iOS flags
following Unicode representation using regular expression

Language Family Script #Speakers
Assamese Indo-European Assamese-Bengali 24 M
Bangla Indo-European Bengali 300 M
Hindi Indo-European Devanagari 692 M
Konkani Indo-European Devanagari 2 M
Maithili Indo-European Devanagari 14 M
Marathi Indo-European Devanagari 99 M
Odia Indo-European Odia 43 M
Sanskrit Indo-European Devanagari 0.025 M
Tamil Indo-Dravidian Tamil 77 M
Telugu Indo-Dravidian Telugu 95 M

Table 18: Speaker estimates according to the Indian Census 2011
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6. Removal of links, emails, HTML/XML tags, emojis, language specific punctuation, per-
sonal information like phone number, address, ID number using regular expression. We
also deduplicated web scrapped pretraining corpora in respective languages

Language Corpus Source Corpus Size #Sentences
Assamese Indic Corp v2 + Wikipedia + Curated books (ours) 3.2 GB 5,734,166
Bangla Vacasapati + Wikipedia + Curated books (ours) 3.6 GB 22,533,608
Hindi IITB monolingual + Wikipedia + Curated books (ours) 15.8 GB 52,124,643
Konkani Indic Corp v2 516.5 MB 1,337,693
Maithili Indic Corp v2 191.3 MB 947,386
Marathi Indic Corp v2 + Wikipedia + Curated books (ours) 12.5 GB 34,567,839
Odia Indic Corp v2 + Wikipedia 6.2 GB 14,657,392
Sanskrit Indic Corp v2 6.7 GB 17,034,631
Tamil Indic Corp v2 + Wikipedia + Curated books (ours) 10.7GB 27,872,768
Telugu Indic Corp v2 + Wikipedia + Curated books (ours) 13.5 GB 40,241,847

Table 19: Pretraining Data details after data cleaning.

A.5 HUMAN EVALUATION

A.5.1 MPARAMANU-162M VS BLOOM 1.1B EVALUATION

From Table 20 we see that Bloom 1.1B model could not distinguish languages of the same script so
when we prompt Bloom with Konkani, Maithili, and Sanskrit (Devanagari script), Bloom only gener-
ated incoherent, grammatically incorrect text in Hindi whereas our multilingual model, mParamanu-
162M was able to recognise prompt in respective distinguished languages Konkani, Maithili, and
Sanskrit (Devanagari) to generate grammatically sound and coherent text in respective languages.
Similarly, Bloom 1.1B could not identify Assamese (Assamese-Bengali Script) and generated out
of context Bangla words including series of Bangla alphabets for the Assamese prompt as shown
in the table 20 whereas mParamanu-162M model generated coherent sentences in Assamese when
prompted with Assamese prompt. However, mParamanu-162M model is 7 times smaller in size than
Bloom 1.1B and has better text generation capabilities in terms of grammar, coherence metrics for
languages under consideration. This makes us to ascertain that despite Bloom being pretrained on 45
languages including Indian languages yet its text generation capabilities is very limited in terms of
grammatically correct and coherent text generation for Indian languages. Therefore, its not the right
way to pretrain on many languages together varying script at the same time without considering
linguistics typology, features, and disproportionate pretraining low quality corpus in multilingual
setting.

A.5.2 BANGLA EVALUATION

We hard prompted the pretrained models with the following Bangla prompts, prompt 1: েফ-
লুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! (phēludā tōpasēkē balala, yā
lālamōhanabābukē khabara dē) – Feluda told Tapshe, Go and call Lalmohanbabu (from
a popular detective novel series), prompt 2: এমন সময় হঠাৎ বােঘর ডাক! (ēmana samayȧ
haṭhāt bāghēra ḍāka!) – suddenly there was a tiger roar (astonishing fearful expression),
prompt 3: অপু এেস ডাকল, মা! (apu ēsē ḍākala, mā!) – Apu came and called, Mother (Apu is
a character in a popular novel, also adapted into a popular movie), prompt 4: েস খুব খুশী হেলা। (sē
khuba khuśī halō) – she became very happy (generic statement). All these prompts are related
either to common expression in Bangla or covers diverse Bangla literature and cultural context in
Bangla speaking community in West Bengal, India.

Table 24 displays the human evaluation of Paramanu-Bangla 87.25M model for the mentioned
Bangla prompts. We see Paramanu-Bangla 87.25M model scored an average score of 3.5/5 on
grammar, 3.325/5 on coherence, 3.225/5 on creativity, and 3.2/5 on factuality metrics across top
3 generations for each Bangla prompt. Table 9 compares the performance of Paramanu-Bangla
108.5M and other LLMs including multilingual Bloom which was pretrained 45 languages includ-
ing Indian languages. In this table, we can see that none of the open source LLMs have the ability
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Prompt mParamanu-162M Bloom 1.1B
েমাৰ েদশ ভাৰত
(Assamese)
(ōra dēśa bhārata)

েমাৰ েদশ ভাৰত এখন সাংƯȏ িতক েকŴ
(mōra dēśa bhārata ēkhana sāṁskr̥tika
kēndra)
েমাৰ েদশ ভাৰত িবđৰ িবিভŭ ঠাইৰ সংƯȏ িতকৈলেয় গঢ় ৈল
উিঠেছ
(mōra dēśa bhārata biśbara bibhinna ṭhāira
saṁskr̥tikalaiyē̇ gaṛha lai uṭhichē)

েমাৰ েদশ ভাৰত (েসাসাইিট বাংলােদশ)।তথয্সূÛ বিহঃসংেযাগ
িবষয়েèণী:বাংলােদেশর দশর্নীয় Ƶান িবষয়েèণী:বাংলােদেশর
àাচীন Ƶাপতয্ িবষয়েèণী:বাংলােদেশর Ƶাপতয্ ঐিতহয্
(mōra dēśa bhārata (sōsāiṭi
bāṁlādēśa)'.tathyasūtra bahiḥsaṁyōga
biṣayȧśrēṇī:bāṁlādēśēra darśanīyȧ sthāna
biṣayȧśrēṇī:bāṁlādēśēra prācīna sthāpatya
biṣayȧśrēṇī:bāṁlādēśēra sthāpatya aitihya)
েমাৰ েদশ ভাৰতত (ক) খ) গ) ঘ) চ) ম) ক) খ) গ) ঘ) চ) ম) ক)
খ) গ) ঘ) চ) ম) ক) খ) গ) ঘ) চ) ম) ক) খ) গ) ঘ) চ) ম) ক) খ)
গ) ঘ) �) চ) ম) ক) খ) গ) ঘ) �) চ
(mōra dēśa bhāratata (ka) kha) ga) gha) �) ca)
ma) ka) kha) ga) gha) �) ca) ma) ka) kha) ga)
gha) �) ca) ma) ka) kha) ga) gha) �) ca) ma)
ka) kha) ga) gha) �) ca) ma) ka) kha) ga) gha)
�) ca) ma) ka) kha) ga) gha) �) ca)

আমার েদশ ভারত
(Bengali)
āmāra dēśa bhārata

আমার েদশ ভারতবষর্, আমােদর েদশআমার েদশ ভারতবষর্
িহūƵুান
(āmāra dēśa bhāratabarṣa, āmādēra
dēśaāmāra dēśa bhāratabarṣa hindusthāna)
আমার েদশ ভারতবেষর্র িবরাট অংশ এক সময় বĳেদেশর
মত িছল
(āmāra dēśa bhāratabarṣēra birāṭa aṁśa
ēka samayȧ baṅgadēśēra mata chila)

আমার েদশ ভারত, বাংলােদশ, পািকƳান, èীলİা, মায়ানমার, থা-
ইলয্াũ, ইেūােনিশয়া, মায়ানমার, èীলİা, দǬক্ষণ েকািরয়া, জাপান,
চীন, জামর্ািন, থাইলয্াũ, চীন, ভারত, ইেūােনিশয়া, মায়ানমার, èীল-
İা, মায়ানমার, থাইলয্াũ, ইেūােনিশয়া, মায়ানমার, èীলİা, দǬক্ষণ
েকািরয়া, জাপান, চীন, জামর্ািন, থাইলয্াũ, চীন, ভারত, ইেūােনিশ-
য়া, মায়ানমার, èীলİা, মায়ানমার, থাইলয্াũ
(āmāra dēśa bhārata, bāṁlādēśa, pākistāna,
śrīlaṅkā, māyā̇namāra, thāilyānḍa, indōnēśiyā̇,
māyā̇namāra, śrīlaṅkā, dakṣiṇa kōriyā̇, jāpāna,
cīna, jārmāni, thāilyānḍa, cīna, bhārata,
indōnēśiyā̇, māyā̇namāra, śrīlaṅkā, māyā̇namāra,
thāilyānḍa, indōnēśiyā̇, māyā̇namāra, śrīlaṅkā,
dakṣiṇa kōriyā̇, jāpāna, cīna, jārmāni, thāilyānḍa,
cīna, bhārata, indōnēśiyā̇, māyā̇namāra, śrīlaṅkā,
māyā̇namāra, thāilyānḍa)
আমার েদশ ভারত ও মুসǬলম জািতর ঐকয্ ও কলয্াণ কামনার সেĳ
একাত্মতা েপাষণ করার মাধয্েম এ েদশ ও মুসǬলম জািতর কলয্াণ
কামনা করিছ।
(āmāra dēśa bhārata ō musalima jātira aikya ō
kalyāṇa kāmanāra saṅgē ēkātmatā pōṣaṇa karāra
mādhyamē ē dēśa ō musalima jātira kalyāṇa
kāmanā karachi.)

भारत हमर देश अɡछ
(Maithili)
(bhārata hamara dēśa
achi)

भारत हो म्हजो देश हो मोलांत
(bhārata hō mhajō dēśa hō mōlāṁta)
भारत हमर देश अɡछ और ओ देशक सवǎǴ पदसँ ओतप्रोत अɡछ
(bhārata hamara dēśa achi aura ō dēśaka
sarvōcca padasam̐ ōtaprōta achi)

भारत हमर देश अɡछ, काहे अɡछ ?''हे राम !''हे राम !''हे राम !''हे राम
!''हे राम !
(bhārata hamara dēśa achi, kāhē achi ?``hē rāma
!''hē rāma !``hē rāma !``hē rāma !``hē rāma!)
(generating Hindi) भारत हमर देश अɡछ। ɠमथुन राɡश के जातक के ɡलए
आजका ɞदन काफʏ अǵा है। आजकʏ ɞदन में नौकरी के ɡलए कोई परेशानी
नहीं रहेगी, साथ ही आज के ɞदन आपके ɡलए कुछ अǵा काम ɠमल सकता
है।
(bhārata hamara dēśa achi. mithuna rāśi kē
jātaka kē liē āja kā dina kāphī acchā hai. āja
kī dina mēṁ naukarī kē liē kōī parēśānī nahīṁ
rahēgī, sātha hī āja kē dina āpakē liē kucha acchā
kāma mila sakatā hai.)
(generating Hindi)

ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି
(Odia)

ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି ଜାତିର ଏକତ୍ର ୀକରଣ େହାଇଛି
(bhārata hēuchi mōra mātr̥bhūmi jātira
ēkatrīkaraṇa hōichi)
ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି ଓ େମା ନିଜŹତା (bhārata
hēuchi mōra mātr̥bhūmi ō mō nijasvatā)

ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି। (bhārata hēuchi mōra
mātr̥bhūmi.)
ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି ଓ େଦଶର ଛଟମଟ େଶୗଚାଳୟ।
(bhārata hēuchi mōra mātr̥bhūmi ō dēśara
chaṭamaṭa śaucāḷayȧ)

अस्माकं देशः भारतवषर्ः
(Sanskrit)
(asmākaṁ dēśaḥ
bhāratavarṣaḥ)

अस्माकं देशः भारतवषर्ः सवार्ɟतशायी (asmākaṁ dēśaḥ
bhāratavarṣaḥ sarvātiśāyī)
अस्माकं देशः भारतवषर्ः वतर्ते (asmākaṁ dēśaḥ
bhāratavarṣaḥ vartatē)

अस्माकं देशः भारतवषर्ः ॥ ॥॥ (asmākaṁ dēśaḥ
bhāratavarṣaḥ)

Table 20: mParamanu-162M v/s Bloom 1.1B open end text generation for Indic prompts.
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Input Prompt Text Generation
কামাখয্া মǭūৰ (Kamakhya
Temple)

কামাখয্া মǭūৰত উপǬƵত হ’ব গৃহমűী অিমত đাহ । (kāmākhyā mandirata upasthita ha’ba gr̥hamantrī amita śbāha.)
কামাখয্া মǭūৰ দশর্নৰ পাছেত মুখয্মűী িহমť িবđ শমর্াই েফ্লগ đ’ মুকǬল কিৰব । (kāmākhyā mandira darśanara pāchatē
mukhyamantrī himanta biśba śarmāi phlēga śba’ mukali kariba.)
কামাখয্া মǭūৰৈল েযাৱা পথত েযাৱা েকােনা এজন েলাকেক ক’িভড েটƧ কিৰবৈল অনুেৰাধ আৰ‍ু আĔান । (kāmākhyā mandiralai yōvā
pathata yōvā kōnō ējana lōkakē ka’bhiḍa ṭēṣṭa karibalai anurōdha āru āhbāna.)

অসম চাহ (Assam Tea) অসম চাহ মজদৰু সংঘৰ মিৰগঁাও শাখাৰ ধমর্ঘট । (asama cāha majadura saṁghara marigām̐ō śākhāra dharmaghaṭa.)
অসম চাহ মজদৰু সংঘৰ িনেদর্শ মেমর্ èিমকৰ মজিুৰ ৩৫০টকাৈল বৃিŞ কৰাৰ দাবীত ১ নেৱčৰ পৰা ৩ নেৱčৰৈল িতিনিদনীয়া কাযর্সূচীেৰ বািগছা সমূহৰ
কাযর্বাহী পিৰচালক মজǬললাত চাহ èিমকৰ িবিভŭ দাবীত চতɊথর্ বগর্ৰ কমর্চাৰীৰ এক িবশাল গণ ধমর্ঘট কাযর্সূচী ৰ‍ূপায়ণ কৰা হয়৷ । (asama cāha
majadura saṁghara nirdēśa marmē śramikara majuri 350ṭakālai br̥ddhi karāra dābīta 1 navēmbara parā
3 navēmbaralai tinidinīyā̇ kāryasūcīrē bāgichā samūhara kāryabāhī paricālaka majalilāta cāha śramikara
bibhinna dābīta caturtha bargara karmacārīra ēka biśāla gaṇa dharmaghaṭa kāryasūcī rūpāyȧṇa karā hayȧ.)
অসম চাহ মজদৰু সংঘৰ েযাৰহাট শাখাৰ সভাপিত ৰােজন েগঁাহাই আৰ‍ু সƊাদক েসৗৰভ গায়েন কয় েয পৰৱতǶ সময়ত উপযুğ নয্ায় বয্ৱƵাৰ েক্ষÛত
অসম চৰকাৰৰ িমিনƮǸ অব েবংক লট অৱ অসম আৰ‍ু অসম আৰাম গৃহৰ বয্ৱƵাৰ বােব বহ‍ু েলাকক অসম েàমী দিৰÝ ৰজাঘৰীয়া আিথর্ক সাহাযর্য্
àদান কিৰ আিহেছ । (asama cāha majadura saṁghara yōrahāṭa śākhāra sabhāpati rājēna gōm̐hāi āru sampādaka
saurabha gāyȧnē kayȧ yē paravartī samayȧta upayukta nyāyȧ byavasthāra kṣētrata asama carakārara miniṣṭrī
aba bēṁka laṭa ava asama āru asama ārāma gr̥hara byavasthāra bābē bahu lōkaka asama prēmī daridra
rajāgharīyā̇ ārthika sāhāryya pradāna kari āhichē.)

ভɋ েপন হাজিৰকা (Bhupen
Hazarika)

ভɋ েপন হাজিৰকা নয্াস গ‍ুৱাহাȄেয় এই নয্াসৰ বােব àদান কিৰেছজনজাতীয় পুৰƯাৰ । (bhūpēna hājarikā nyāsa guvāhāṭīyē̇ ēi nyāsara
bābē pradāna karichē janajātīyȧ puraskāra.)
ভɋ েপন হাজিৰকা েহমচŴ বৰ‍ুৱা অসমীয়া িবেনাদন শাƼৰ িপতৃ ēগǶয় িপতাপÛৰ ēĄািধকাৰী েহমচŴ েগাēামী আিছল অসমীয়া ভাষা সািহতয্ৰ এগৰা-
কী িবিশƨ àিতভাশালী বয্Ǭğ । (bhūpēna hājarikā hēmacandra baruvā asamīyā̇ binōdana śāstrara pitr̥ sbargīyȧ
pitāpatrara sbatbādhikārī hēmacandra gōsbāmī āchila asamīyā̇ bhāṣā sāhityara ēgarākī biśiṣṭha pratibhāśālī
byakti.)
ভɋ েপন হাজিৰকা েসতɊঘাট ৰ ওপৰত উজিন অসমত চেলাৱা এক বহৎ অিভযানত বৃহৎ পিৰমাণৰ Øাগছ জƁ কৰা ৈহেছ । (bhūpēna hājarikā
sētughāṭa ra ōparata ujani asamata calōvā ēka bahat abhiyānata br̥hat parimāṇara ḍrāgacha jabda karā
haichē.)

িবহ‍ু (Bihu) িবহ‍ু অসমৰ এিবধ েলাকনাটয্ানুƨানৰ অনয্তম এক েলাকনাটয্ানুƨান । (bihu asamara ēbidha lōkanāṭyānuṣṭhānara anyatama ēka
lōkanāṭyānuṣṭhāna.)
িবহ‍ু উদযাপনৰ জিৰয়েতও মাক েদউতাকৰ উপǬƵিতত িশশ‍ুৰ েবǬলকাও ēচছলতা লাভ কিৰব পৰা যায় । (bihu udayāpanara jariyȧtēō
māka dēutākara upasthitita śiśura bēlikāō sbacachalatā lābha kariba parā yāyȧ.)
িবহ‍ু েচেৰ মাজলুীৰ আকাশ বতাহ মুখিৰত । (bihu cērē mājulīra ākāśa batāha mukharita.)

Table 21: Paramanu-Assamese open end text generation for Assamese prompts capturing local con-
text and culture.

Input Prompt Text Generation
ଜଗňାଥ ମłିର (Jagannath
Mandir)

ଜଗňାଥ ମłିରକୁ ଦଶର୍ ନ ପାଇଁ ଆସୁଥିବା ପିଲାମାେନ ମହାପ୍ର ଭୁ č ଆଦ୍ୟ େସବକ ଶାସନ ଗାଦିେର ବସି ଛľି । (jagannātha mandiraku darśana pāim̐
āsuthibā pilāmānē mahāprabhuṅka ādyȧ sēbaka śāsana gādirē basichanti.)
ଜଗňାଥ ମłିରକୁ ସଂେଯାଗ କରୁ ଥିବା ଜଗňାଥ ମłିରର ତିହ୍ୟ ŵାନର ବିକାଶ ପାଇଁ ୫େକାଟି ଟčା ଅନୁଦାନ ଦିଆଯାଇଥିବାେବେଳ ବସ୍ ūାģର ନବୀକରଣ ନିମର୍ ାଣ
କରାଯାଇ । (jagannātha mandiraku saṁyōga karuthibā jagannātha mandirara tihyȧ sthānara bikāśa pāim̐ 5kōṭi
ṭaṅkā anudāna diāyāithibābēḷē bas ṣṭāṇḍara nabīkaraṇa nirmāṇa karāyāi.)
ଜଗňାଥମłିରପରିଚାଳନା କମିଟିର ପୂବର୍ ତନସଦସ୍ୟ େହଉଛľି ଅନľ କୁମାର େଜନା । (jagannātha mandira paricāḷanā kamiṭira pūrbatana
sadasyȧ hēuchanti ananta kumāra jēnā.)

ପୁରୀ ସାଗର େବଳାଭୂ ମି (Puri
Sea Beach)

ପୁରୀ ସାଗର େବଳାଭୂ ମିେର ଶୁଭାରŗ େହାଇଛି ଆľଜର୍ ାତୀୟ ଖ୍ୟାତି ସœĦର୍ ବାଲୁକା ଶିŜୀ ସୁଦଶର୍ ନ ପĞନାୟକč Ĺାରା ବିŧ ବାଲୁକା କୃତୀ । (purī sāgara
bēḷābhūmirē śubhārambha hōichi āntarjātīyȧ khyā̇ti samparṇṇa bālukā śiḷpī sudarśana paṭṭanāyȧkaṅka dvārā
biśva bālukā kr̥t.)
ପୁରୀ ସାଗର େବଳାଭୂ ମି ମେହାĲବର ପ୍ର ଥମ ଦିନେର ପୁରୀ ଶ୍ର ୀଜଗňାଥ ମłିରେର ଆକଷର୍ ଣୀୟ ନୃତ୍ୟକଳା ଦୃଶ୍ୟ । (purī sāgara bēḷābhūmi
mahōtsabara prathama dinarē purī śrījagannātha mandirarē ākarṣaṇīyȧ nr̥tyȧkaḷā dr̥śyȧ.)
ପୁରୀ ସାଗର େବଳାଭୂ ମିେର ୩୨ ଫୁଟର ପାେŁରା । (purī sāgara bēḷābhūmirē 32 phuṭara pānthērā.)

ଚିଲିକା ହ୍ର ଦ (Chilka Lake) ଚିଲିକା ହ୍ର ଦ ଭିତରକନିକା ପ୍ର ଭୃ ତିେର ବିଭିň ପ୍ର ଜାତିର ଡଲଫିନ ମିଳୁଥିଲା । (cilikā hrada bhitarakanikā prabhr̥tirē bibhinna prajātira
ḍalaphina miḷuthilā.)
ଚିଲିକା ହ୍ର ଦଭୂ ଇଁେର ଛୁଇଁବ ସମୁଦ୍ର ଆସି ଲା ସାମାନ୍ୟ ବହଳିଆ ଜୁଆର । (cilikā hrada bhūim̐rē chuim̐ba samudra āsilā sāmānyȧ bahaḷiā
juāra.)
ଚିଲିକା ହ୍ର ଦ ବ୍ର ାžଣୀ େବୖତରଣୀ ଓ ଅନ୍ୟ ଜଳĹୀପ େଦଇ ଏହି ନଦୀ ପୁରୀକୁ ପ୍ର ଜନନ କେର ଓ ବ୍ର ାžଣୀ ନଦୀର ଜଳ ଯାଜପୁର ଟିକାୟତନłପୁରେର ପ୍ର ųାବିତ
ରାସପଥର ପୁନରୁ ķାର କରି ଏ ଜିţା ପ୍ର ଗତିର ସୁତ୍ର ପାତ ହୁ ଏ । (cilikā hrada brāhmaṇī baitaraṇī ō anyȧ jaḷadvīpa dēi ēhi nadī purīku
prajanana karē ō brāhmaṇī nadīra jaḷa yājapura ṭikāyȧtanandapurarē prastābita rāsapathara punaruddhāra
kari ē jillā pragatira sutrapāta huē.)

େକାଣାକର୍ ସୂଯର୍ ୍ୟ ମłିର (Konark
Sun Temple)

େକାଣାକର୍ ସୂଯର୍ ୍ୟ ମłିରକୁ ବିŧ ତିହ୍ୟର ମାନ୍ୟତା ଦାବିେର ମୁଖ୍ୟମĿୀčୁ ଚିଠି େଲଖିେଲ େକାଣାକର୍ ବିଧାୟକ । (kōṇārka sūryyȧ mandiraku biśva
tihyȧra mānyȧtā dābirē mukhyȧmantrīṅku ciṭhi lēkhilē kōṇārka bidhāyȧka.)
େକାଣାକର୍ ସୂଯର୍ ୍ୟ ମłିର ପାଦେଦଶେର େକାଣାକର୍ ମେହାĲବ ଉଦ୍ ଘାଟିତ । (kōṇārka sūryyȧ mandira pādadēśarē kōṇārka mahōtsaba ud
ghāṭita.)
େକାଣାକର୍ ସୂଯର୍ ୍ୟ ମłିରର ବିଭିň ଅବ୍ୟବŵା େନଇ େକାଣାକର୍ ଯାତ୍ର ୀ ପ୍ର ତିବାଦ କରିବା ପେର ବିେଦଶୀ ଯାତ୍ର ୀč ଆଗମନ ଉପେର ପ୍ର ଶାସନ ୧୪୪ ଧାରା ଲାଗୁ କରିଥିଲା
। (kōṇārka sūryyȧ mandirara bibhinna abyȧbasthā nēi kōṇārka yātrī pratibāda karibā parē bidēśī yātrīṅka
āgamana uparē praśāsana 144 dhārā lāgu karithilā.)

Table 22: Paramanu-Odia’s text generation for 4 Odia prompts capturing local context and culture.
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Language Input Prompt Text Generation
Assamese ভাৰত েমাৰ মাতৃভɋ িম েমাৰ েদশ ভাৰত িবđৰ িবিভŭ ঠাইৰ সংƯȏ িতকৈলেয় গঢ় ৈল উিঠেছ।

েমাৰ েদশ ভাৰত এখন সাংƯȏ িতক েকŴ।
Bangla ভারতআমার মাতৃভɋ িম আমার েদশ ভারতবষর্ আমােদর েদশ ।

আমার েদশ ভারতবেষর্র িবরাট অংশ এক সময় বĳেদেশর মত িছল।
Dogri साडा देश भारत है साडा देश भारत है हाँ आज के समय से आने वाला उȉर भारतीय है जहां धीरूभाई अम्बानी फॉर युवा का मुजफ्फरपुर का लोग है वहां के बावजूद

ɟबग बॉस नाम कʏ तरफ से भी कुछ लकʏ।
Konkani भारत हो म्हजो देश भारत हो म्हजो देश Ɂा राȴाची वाट लायल्या

भारत हो म्हजो देश भारत म्हज्या इɟतहासांत देव म्हज्या इɟतहासांत आȺावता आदलें पैकूच आसा त्या इɟतहासाचो आदलो काळ आɡशल्लो हाका
इɟतहासाचो चवथो भाग म्हण्टा।

Maithili भारत हमर देश अɡछ भारत हमर देश अɡछ और ओ देशक सवǎǴ पदसँ ओतप्रोत अɡछ
भारत हो म्हजो देश हो मोलांत।

Odia ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି ଜାତିର ଏକତ୍ର ୀକରଣ େହାଇଛି
ଭାରତ େହଉଛି େମାର ମାତୃ ଭୂ ମି ଓ େମା ନିଜŹତା

Sanskrit अस्माकं देशः भारतवषर्ः अस्माकं देशः भारतवषर्ः सवार्ɟतशायी।
अस्माकं देशः भारतवषर्ः इɟत ख्यातः।

Table 23: mParamanu 162 M pretrained model text generation

Prompt Text Generation (top-3) Grammar Consistency Coherency Factuality
েফলুদা েতাপেসেক বলল, যা
লালেমাহনবাবুেক খবর েদ!

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! আমরা আলাম ঘর েথেক েবেরােতই ধূজর্িটবাবুর আতর্ নাদ শ‍ুনলাম। তারপর
েফলুদার গলা েপলাম। ধূজর্িটবাবুর ঘেরর সামেন েয েলাক বেসিছল, েস েফলুদার িদেক েচেয় Ǭজেজ্ঞস করল,আপনার নাম কী? েফলুদা
আতর্ নাদ শ‍ুেন েফলুদা বাইের চেল েগল। আিমআরও িমিনটখােনক বাইের হঁাটলাম।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! উিন আসেছন।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! ভÝেলাক Ǭজেগয্স করেবন, আর সিতয্ বলেত কী, আমার সেūহ আেছ।
বাইেফাকালসাই।–তাও অিবিশয্ উিন ছাড়।

3/0.66 2.8/0.53 2.6/0.4 2.5/0.33

এমন সময় হঠাৎ বােঘর ডাক! এমন সময় হঠাৎ বােঘর ডাক! বােঘর েস ডাক বােঘর ēর নয়! দেূর িগিরগেঞ্জর ধানেখেতর িপছন হইেত েযন কঁািপেত কঁািপেত ছɈিটয়া
আিসেতেছ।
এমন সময় হঠাৎ বােঘর ডাক! সǗ ভেয় চী- চী কিরয়া উিঠল। মেন হইল েযন েসই বেনর হিরণগ‍ুলাআবার জĳেলর িদক হইেতআিসয়া
উপǬƵত হইল।
এমন সময় হঠাৎ বােঘর ডাক! আমার ভয় পাবার হয়েতা িকছɈ িছল। নইেল দেুব সকেলর েচােখর ওপের একটা শজার‍ুর মেতা বেড়া
েচাখা িশং অেনকিদনআেগই েমেরিছ িক-না? না, না, আিম িমেথয্ ভয় কির না। েস গলারআওয়াজ এবার কােছই েকাথায় িমǬলেয় েগল!

3.3/0.60 2.9/0.40 2.8/0.30 2.8/0.3

অপু এেস ডাকল, মা! অপু এেস ডাকল, মা, েখেত দাও।
অপু এেস ডাকল, মা, ও মা, েকাথা যাও?
অপু এেস ডাকল, মা, িশগিগর এেসা, Íােমর ওিদক েথেক ডাকেছ।

4 4 4 4

েস খুব খুশী হেলা। েস খুব খুশী হেলা। সবাই তােক এত সƍােনর েচােখ েদেখ। àথম িদন েথেক েদেখ এবং অভয্থর্না পাওয়ার পর তার àিত èŞা জানায়।
েস খুব খুশী হেলা। ভােলা হেয়েছ, মা।
েস খুব খুশী হেলা। সবিকছɈ তার েখালসা হেয় েগেছ।

3.7/0.70 3.6/0.6 3.5/0.50 3.5/0.50

Table 24: Human evaluation results of open-end text generation of Paramanu-Bangla 87.25M for
4 Bangla prompts on Grammar, Coherency, Creativity, and Factuality metrics. We use the format
(a/b) where a is the average score of top 5 generations on scale of 0 (worst) to 5 (best) and b is the
normalized score according to a; b = amin/(amax − amin)

to generate grammatically, coherent sentences in Bangla except the Bloom series keeping aside
the factuality. Our monolingual model, Paramanu-Bangla 108.5M model has scored 202.7% bet-
ter and 166.6% better on grammar metric, 254.84 % and 292.86% on coherence metric, 182.22%
and 222.53% on creativity metric, 159.4% and 219.23% on factuality metric than Bloom 3B, and
Bloom 7B models respectively, despite Paramanu-Bangla is 28.3 times and 67 times smaller in terms
of total number of parameters than Bloom 3B and Bloom 7B. Interestingly, we found that Bloom
560M model performed better on all the metrics than the bigger Blooom models. Here, we can see
the curse of multilinguality coming in picture as the increase of number of parameters of the mod-
els with 45 languages in the pretraining data seems to downgrade the text generation capabilities.
Among other series, GPT-Neo 1.3B tends to be better than LLaMa-2 7B, OPT 6.7B and GPT2-XL
for Bangla text generation. Table 26 compares the text generation of OPT 6.7B model with our
pretrained Paramanu-Bangla model for Bangla open end text generation. Table 27 compares the text
generation of LLaMa-2 7B with our Paramanu-Bangla. Table 28 compares GPTJ 6B with Paramanu-
Bangla, and table 30 compares the series of multilingual Bloom models with Paramanu-Bangla and
table 29 compares the GPT2-XL, GPT Neo 1.3B with our Paramanu-Bangla for open end text gener-
ation for the above mentioned prompts. We observed that GPTNeo 1.3B even generated Arabic text
when hard prompted with Bangla promptএমন সময় হঠাৎ বােঘর ডাক! (ēmana samayȧ haṭhāt
bāghēra ḍāka!)

From Figures 12 and 13 we can see that GPT-3.5 Turbo mixed Bengali with Assamese languages
together as a response to Bengali prompt. The mixed text generation make no sense in neither Bangla
nor Assamese. When we hard prompted GPT-3.5 Turbo through Open AI website, we received the
same output to our prompts. Therefore, our evaluators scored top 3 responses with the same scores
to 4 Bangla prompts.

A.5.3 SANSKRIT EVALUATION

We hard prompted the models with the following prompts: अस्माकं देशः भारतवषर्ः (asmākaṁ
dēśaḥ bhāratavarṣaḥ) – our country Bharatavarsha, वेदः चत्वारः सɥन्त (vēdaḥ catvāraḥ
santi) – there are four Vedas, मɁं ɠमȲाȡं रोचते (mahyaṁ miṣṭānnaṁ rōcatē) – I like sweets,
and ɟकमथǖ त्वं गǵɡस (kimarthaṁ tvaṁ gacchasi) – why are you going.
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Table 11 compares the performance of mParamanu-162M and other LLMs including multilingual
Bloom which was pretrained on Indian languages. We can see that none of the LLMs have the ability
to generate grammatically, coherent sentences in Sanskrit keeping aside the factuality. Our multi-
lingual model, mParamanu-162M has scored the highest among all on grammar (3.75/5), coherence
(3.166/5), creativity (2.166/5), and factuality (1.75/5) whereas Bloom 3B scored 0.166/5 on gram-
mar, 0.0833/5 on coherence, and 0/5 for both creativity and factuality metrics respectively. GPT-
3.5-Turbo (ChatGPT) has scored very poorly 0.25/5 on grammar & coherence metrics, 0.1818/5 in
creativity and 0.33/5 on factuality metrics respectively for Sanskrit text generation. mParamanu-
162M is smaller by 44.25 times compared to 7B LLaMa-2 model and yet it has shown its high
quality text generation in Sanskrit than ChatGPT, LLaMa, and Bloom series of models.

Table 31 compares the text generation of OPT 6.7B model with our pretrained mParamanu model
for Sanskrit open end text generation. Table 32 compares the text generation of LLaMa-2 7B with
our mParamanu. Table 33 compares GPTJ 6B with mParamanu, and table 35 compares the series
of multilingual Bloom models with mParamanu and Table 34 compares the GPT2-XL, GPT Neo
1.3B with mParamanu for open end text generation. Figure 10 and Figure 11 are GPT-3.5 Turbo
responses to respective Sanskrit prompts.

A.5.4 HINDI EVALUATION

We hard prompted the LLMs (LLaMa-2, Bloom Series, GPTNeo 1.3B, GPT2-XL) and our
Paramanu-Hindi 162M pretrained model with the following Hindi prompts, prompt 1: सɡचन तेंदुलकर
(Sachin Tendulkar), prompt 2: शाहरुख़ ख़ान (Shah Rukh Khan), prompt 3: महात्मा गांधी (Mahatma
Gandhi), and prompt 4: लता मंगेशकर (Lata Mangeshkar). These prompts are related to popular
celebrities across cricket, films, politics and music respectively in India.

Table 10 compares the performance of Paramanu-Hindi 162M and other LLMs including multilin-
gual Bloom which was pretrained on Indian languages. In this table, we can complete see that none
of the open source LLMs have the ability to generate grammatically, coherent sentences in Hindi
except the Bloom series. Our monolingual model, Paramanu-Hindi 162M has performed better by
17.25% on grammar, by 46.05% on coherence, by 62.5% on creativity, and by 238.5% on factuality
compared to Bloom 3B model despite being 19 times smaller in size. Table 37 compares the text
generation of OPT 6.7B model with our pretrained Paramanu-Hindi model for Hindi open end text
generation. Table 38 compares the text generation of LLaMa-2 7B with our Paramanu-Hindi 162M.
Table 39 compares GPT-J 6B with Paramanu-Hindi 162M, and Table 40 compares the series of multi-
lingual Bloom models with Paramanu-Hindi 162M and Table 36 compares the GPT2-XL, GPT Neo
1.3B with our Paramanu-Hindi 162M for open end text generation. We observed GPT-J 6B gener-
ated random text in Japanese too when prompted with Hindi prompt शाहरुख़ ख़ान (Shah Rukh Khan)
and also generated random text in Portuguese when prompted with लता मंगेशकर (Lata Mangeshkar),
and text in Kannada and Serbian when prompted with सɡचन तेंदुलकर (Sachin Tendulkar). None of
these LLMs (LLaMa-2 7B, OPT 6.7B, GPT-J 6B, GPTNeo 1.3B, and GPT2-XL have the ability to
generate text in Hindi and can not generalize beyond English or some European languages.

A.5.5 ASSAMESE AND ODIA

For both Assamese, and Odia, we were not able to perform human evaluation due to lack of resources
at our end. However, we yet prompted our models with local cultural prompts. For Assamese, we
prompted with কামাখয্া মǭūৰ (Kamakhya Temple) – a very popular temple in Assam, অসম চাহ
(Assam Tea), ভɋ েপন হাজিৰকা (Bhupen Hazarika) – a popular singer, and িবহ‍ু (Bihu) – the biggest
Assamese festival. Table 21 shows the generated output from our Paramanu-Assamese.

For Odia, we prompted with ଜଗňାଥ ମłିର (Jagannath Mandir) – a renowed temple in Odisha, ପୁରୀ
ସାଗର େବଳାଭୂ ମି (Puri Sea Beach), ଚିଲିକା ହ୍ର ଦ (Chilka Lake) – the biggest lake in India, and େକାଣାକର୍
ସୂଯର୍ ୍ୟ ମłିର (Konark Sun Temple) – an ancient Sun temple and UNESCO World Heritage site. Table
22 lists down the responses of our Paramanu-Odia for the given prompts.

Based on Google Translate, we found the text generation from both of our models captured local
context, historical and factual responses related to the cultural and local prompts used to query the
models. Table 20 shows the results. We also observed that multilingual Bloom series is unable
to distinguish languages of similar script so when we prompted Bloom with Assamese prompt,
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Bloom only generated text in Bangla whereas our multilingual model, mParamanu has the ability to
distinguish languages of the same script unlike Bloom.

B PARAMANU INSTRUCTION-TUNED MODELS

B.1 PARAMANU-BANGLA-INSTRUCT AKA (BANGLA-GPT)

We instruction tuned our Paramanu-Bangla pretrained model on 23k Bangla instructions. We named
instruction-tuned Bangla model as Paramanu-Bangla-instruct aka (Paramanu-Bangla as shown in
the figures)

Fig 8 shows the high quality text generation capabilities of our pretrained Bangla model for query:
আমার জীবন (āmāra jībana, my life) and Fig 9 for query: েদেশর রাজৈনিতক অǬƵরতা (dēśēra
rājanaitika asthiratā, political instability in the country). The Bangla model has been consis-
tent in generating high quality grammatically correct, coherent sentences.

Fig 14 and Fig 15 exhibit the in-context learning of our Bangla model that it can also do grammar
correction without extra fine-tuning. Fig 16 shows that our model can also write grocery list in order
to prepare delicious Bengali food. Fig 17 answers question related to archaeological history. Fig
18 answers in details about benefits of yoga practice. Fig 19 shows the poem writing skills of our
Bangla model. Fig 20 answers question related to finance domain. Fig 21 shows that our model
can even write in the style of great Bengali Nobel laureate poem, Rabindranath Tagore. Fig 22
that our model can also write food recipes. Fig 23 and Fig 24 show that our model can also answer
questions from education domain related to benefits of education, sex education, etc. Fig 25 answers
a question from the sports domain. Fig 26 and Fig 27 show the amazing capability of our 108.5M
model that it can write long stories of two pages being grammatically correct, coherent, creative and
consistent. Fig 28 show itemized response to a question.

All these demonstrations show the various tasks execution capabilities of our model despite our
model is just 108.5M in size but its very powerful and the first Bangla generative model of such kind
exclusively pretrained on Bangla corpus and instruction tuned on 23k Bangla instructions.

B.2 PARAMANU-HINDI-INSTRUCT AKA (HINDI-GPT)

Fig 29 shows that our instruction tuned Hindi model has been able to answer user’s question from
healthcare domain in detailed manner discussing how to get good sleep in the night without any
repetition and inconsistency. Fig 30 answers the question from public administration. Fig 31 plans
an travel itinerary for vacation. Fig 32 shows that our model can even write about Indian recipes for
healthy food. Fig 33 shows that our model can also answer questions from finance and technology.
Our model can also answers questions, as shown in Fig 34. Fig 35 shows that our Hindi model can
also design a lecture course for students summarizing in brief about the content of the chapters. Fig
36 takes a reading comprehension passage and a question as input and answers the relevant answer
to the question.

All these demonstrations show the various tasks execution capabilities of our model despite our
model is just 367.5M in size but its very powerful and the first Hindi generative model of such kind
exclusively pretrained on Hindi corpus and instruction tuned on 23k Hindi instructions.

B.3 PARAMANU-TAMIL-INSTRUCT AKA (TAMIL-GPT)

Fig 39 answers student career related question. Fig 40, Fig 41, Fig 42, Fig 43 and Fig 44 display the
various instructions following capabilities such as domain knowledge in politics and civics, climate,
national parks to human life related queries, etc. of Paramanu-Tamil-instruct model.

B.4 PARAMANU-TELUGU-INSTRUCT AKA (TELUGU-GPT)

Fig 45, Fig 46, Fig 47, Fig 48 and Fig 49 demonstrate various instruction following capabilities of
Telugu model and knowledge in various domains from social sciences to geology to movie celebri-
ties and more.

29



1566
1567
1568
1569
1570
1571
1572
1573
1574
1575
1576
1577
1578
1579
1580
1581
1582
1583
1584
1585
1586
1587
1588
1589
1590
1591
1592
1593
1594
1595
1596
1597
1598
1599
1600
1601
1602
1603
1604
1605
1606
1607
1608
1609
1610
1611
1612
1613
1614
1615
1616
1617
1618
1619

Under review as a conference paper at ICLR 2025

B.5 INFERENCE SPEED ON CPU

Table 25 shows the inference speed (tokens/sec) of our models in FP32 precision with float32 for-
ward pass and the entire calculation of the forward pass is kept in FP32. As we see that as we
keep increasing the number of parameters in the model, the inference speed gets lower which is not
preferable for deployment purpose due to larger model checkpoint files (4 bytes per every individual
weight) and forward pass is relatively slow. One of the common inference optimization employed
in practice is to quantize the model parameters to lower precision, while slightly giving up on pre-
cision (correctness) in return for smaller checkpoint sizes and faster forward passes (as most of the
inference uses integer arithmetic). Table 25 shows the CPU inference speed of our models without
any quantization.

Model Inference Speed in FP32
Paramanu-Assamese 80.4732

Paramanu-Bangla 24.3267
Paramanu-Hindi 367.5M 12.9057
Konkani-Maithili GPT 160.8750

mParamanu 162M 12.7106
Paramanu-Marathi 24.8750

Paramanu-Odia 24.5353
Paramanu-Sanskrit 22.6757
Paramanu-Tamil 24.5353
Paramanu-Telugu 24.1245

Table 25: CPU inference speed (tokens/sec) of models in FP32 precision.

C BACKGROUND

C.0.1 LANGUAGE MODELING

This objective of the language modeling can be formally described as maximizing the probability of
a sequence of tokens w1, w2, . . . , wN

P (w1, w2, . . . , wn) =

n∏
i=1

P (wi |w1, w2, . . . , wi−1)

where p(wt|w0, . . . wt−1) is the probability of token wt given the sequence of previous tokens
w0, . . . , wt−1.

The performance of a language model is generally evaluated using the total cross-entropy loss, i.e,
the negative log-likelihood of the observed data under the model under consideration, which for a
given dataset is defined as:

Loss = − 1

N

n∑
i=1

log(P (wi |w1, w2, . . . , wi−1))

Lower the loss better is the model; however, just computing the loss may not be intuitive. Therefore,
Perplexity is a metric to evaluate the performance of a given language model which is the exponent
of the average loss.

Perplexity = exp (Loss)

C.0.2 FERTILITY SCORE OF TOKENIZERS

The fertility score is a key metric used to evaluate the performance of tokenizers in natural language
processing (NLP). It quantifies how well a tokenizer divides a given text into meaningful tokens
while preserving the linguistic structure and semantic content of the original input. Specifically,
the fertility score is defined as the ratio of the number of tokens produced by the tokenizer to the
expected number of tokens that would be produced by an idealized, reference tokenization. Mathe-
matically, it is expressed as:
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F =
Ntokens

Nexpected

Where Ntokens is the number of tokens generated by the tokenizer, and Nexpected is the number of
tokens expected in an ideal scenario, often determined through linguistic analysis or human anno-
tations. A fertility score close to 1 indicates that the tokenizer is performing optimally, generat-
ing a number of tokens that aligns with the reference standard. A score greater than 1 suggests
over-segmentation, where the tokenizer generates more tokens than necessary, possibly losing some
meaning or context in the process. A score below 1 indicates under-segmentation, where the tok-
enizer groups multiple linguistic units into fewer tokens, potentially missing out on finer details.

Several factors can affect the fertility score of a tokenizer, including the granularity of tokenization
(e.g., character-level vs. word-level), vocabulary coverage (whether the tokenizer can match entire
words or subword units), and how special characters and punctuation are handled. Moreover, the
characteristics of the language being processedsuch as morphological complexitycan also influence
tokenization, especially in languages with rich inflections or compounds.

The fertility score is important for ensuring that tokenization strikes a balance between semantic
precision and computational efficiency. In tasks like machine translation, where retaining meaning
is crucial, a higher fertility score may be desired to preserve linguistic nuances. However, in real-
time applications where speed is critical, a lower fertility score may be preferred to reduce the
number of tokens and computational load.

For example, consider the sentence “I love natural language processing.” A tokenizer that produces
the following tokens: [I, love, natural, language, processing] would have a fer-
tility score of:

F =
5

5
= 1

This score suggests that the tokenizer is performing as expected. However, if another tokenizer splits
“natura” into “natur” and “al,” producing the tokens [I, love, natur, al, language,
processing], the fertility score would be:

F =
6

5
= 1.2

This indicates over-segmentation, with more tokens than ideal.

In summary, the fertility score of a tokenizer is an essential metric that helps to assess the efficiency
and effectiveness of tokenization strategies. By optimizing the fertility score, one can ensure that
tokenization maintains the right balance between computational efficiency and the preservation of
meaning, making it a crucial aspect of NLP systems.

C.0.3 ROTARY POSITION EMBEDDING (ROPE)

Transformer-based models rely on positional embeddings to encode position and relative location
information of words in a text. Rotary Position Embedding (RoPE) is a position encoding technique
proposed by (Black et al., 2022). Instead of adding positional embeddings or relative positional
embeddings to token embeddings, RoPE rotates the token embedding by a fixed factor (θ) in the
higher-dimensional space to encode relative positional embeddings. In other words, RoPE encodes
the absolute positions with a rotation matrix and meanwhile incorporates the explicit relative position
dependency in self-attention formulation. The intuition behind RoPE is that we can represent the
token embeddings as complex numbers and their positions as pure rotations that we apply to them.
If we shift both the query and key by the same amount, changing absolute position but not relative
position, this will lead both representations to be additionally rotated in the same manner. Thus, the
angle between them will remain unchanged and, thus, the dot product will also remain unchanged.
By exploiting the nature of rotations, the dot product used in self-attention will have the property for
preserving relative positional information while discarding absolute position.
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C.0.4 ROOT MEAN SQUARE NORMALIZATION (RMSNORM)

To improve the training stability, some LLMs (Chinchilla (Hoffmann et al., 2022a), LLaMa (Tou-
vron et al., 2023)) have normalized the input of each transformer sub-layer, instead of normalizing
the output using RMSNorm normalizing function as introduced by (?). RMSNorm normalizes the
activations based on their root mean square (RMS) value instead of normalizing the inputs based on
their mean and variance.

RMSNorm accelerates the training and inference with similar performance in these large models.
It is reported that replacing LayerNorm (Ba et al., 2016) with RMSNorm can achieve comparable
performance and improve training and inference time by 7-64%. Narang et al. (2021) showed that
RMSNorm improves the pre-training speed by 5% compared with the LayerNorm baseline.

C.1 MODEL FLOPS UTILIZATION (MFU)

Model FLOPs Utilization (MFU) Chowdhery et al. (2023) estimate is the ratio of the observed
throughput (tokens-per-second) relative to the theoretical maximum throughput of a system at peak
FLOPs. Model flops utilization (MFU) estimate the number of flops (floating point operations) done
per iteration. It quantifies how efficiently the GPUs are utilized in model training.

C.2 MAXIMAL UPDATE PARAMETERIZATION

As the size of large language models (LLMs) and the scale of the dataset used in pretraining are ex-
pensively large, it is not feasible to perform hyperparameter tuning in LLMs. Yang et al. (2021) used
a technique called maximal update parameterization (µP ) to transfer the hyperparameters learnt
from tuning of a small model to a larger model and found that the optimal hyperparameter values
become stable across neural network sizes when the models have been parameterized using (µP ).

C.3 CARBON FOOTPRINT

To measure carbon footprint for our pretraining, we follow Touvron et al. (2023):

tCO2eq = MWh× 0.385

The power consumption can be calculated as

Wh = GPU-hours × (GPU power consumption) × PUE

where PUE is Power Usage Effectiveness.

We observed during pretraining that our single A100 40G consumes 250 Watt consistently.
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Figure 7: GPU Utilization (%) for pretraining Hindi language model from scrtach.

Figure 8: Prompting our pretrained Paramanu-Bangla 108.5M model with query আমার জীবন
(āmāra jībana) (My life)
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Figure 9: Prompting our pretrained Paramanu-Bangla model with query: েদেশররাজৈনিতকঅǬƵরতা
(dēśēra rājanaitika asthiratā.)
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Figure 10: GPT-3.5 Turbo response to Sanskrit prompt: अस्माकं देशः भारतवषर्ः (asmākaṁ dēśaḥ
bhāratavarṣaḥ), मɁं ɠमȲाȡं रोचते (mahyaṁ miṣṭānnaṁ rōcatē.) Accessed in October
2023.
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Figure 11: GPT-3.5 Turbo response to Sanskrit prompt: वेदः चत्वारः सɥन्त (vēdaḥ catvāraḥ santi),
ɟकमथǖ त्वं गǵɡस (kimarthaṁ tvaṁ gacchasi.) Accessed in October 2023.
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Figure 12: GPT-3.5 Turbo response to Bangla prompt েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক
খবর েদ! Accessed in October 2023.
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Figure 13: GPT-3.5 Turbo response to Bangla prompt এমন সময় হঠাৎ বােঘর ডাক! Acessed in
October 2023.
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Bangla (Bengali) In-
put Prompt

Text Generation (top-3) from Paramanu-Bangla 108.5M OPT 6.7B

েফলুদা েতাপেসেক
বলল, যা লালেমা-
হনবাবুেক খবর
েদ! (phēludā
tōpasēkē
balala, yā
lālamōhanabābukē
khabara dē)

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! আমরা আলাম
ঘর েথেক েবেরােতই ধূজর্িটবাবুর আতর্ নাদ শ‍ুনলাম। তারপর েফলুদার গলা
েপলাম। ধূজর্িটবাবুর ঘেরর সামেন েয েলাক বেসিছল, েস েফলুদার িদেক
েচেয় Ǭজেজ্ঞস করল, আপনার নাম কী? েফলুদা আতর্ নাদ শ‍ুেন েফলুদা
বাইের চেল েগল। আিম আরও িমিনটখােনক বাইের হঁাটলাম। (phēludā
tōpasēkē balala, yā lālamōhanabābukē khabara dē!
āmarā ālāma ghara thēkē bērōtēi dhūrjaṭibābura
ārtanāda śunalāma. tārapara phēludāra galā pēlāma.
dhūrjaṭibābura gharēra sāmanē yē lōka basēchila, sē
phēludāra dikē cēyē̇ jijñēsa karala, āpanāra nāma kī?
phēludā ārtanāda śunē phēludā bāirē calē gēla. āmi
āraō miniṭakhānēka bāirē hām̐ṭalāma.)
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! উিন আস-
েছন। (phēludā tōpasēkē balala, yā lālamōhanabābukē
khabara dē! uni āsachēna.)
েফলুদা েতাপেসেকবলল, যা লালেমাহনবাবুেকখবর েদ! ভÝেলাক Ǭজেগয্স
করেবন, আর সিতয্ বলেত কী, আমার সেūহ আেছ। বাইেফাকালসাই।–
তাও অিবিশয্ উিন ছাড়। (phēludā tōpasēkē balala, yā
lālamōhanabābukē khabara dē! bhadralōka jigyēsa
karabēna, āra satyi balatē kī, āmāra sandēha āchē.
bāiphōkālasāi.–tāō abiśyi uni chāṛa.)

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! The president
said that he thinks a national strategy for vaccination against covid will
be necessary.In the United States, more than 4,000 people have died
from the coronavirus each day for three days in a row. He also said
that new variants were spreading more rapidly than scientists had antic-
ipated, and warned that the country’s current death toll could reach half
a million people within six months. Washington. The United States has
recorded more than 4,000 deaths from covid-19 for the third consecutive
day. In its daily update on Thursday, the Department of Health and Hu-
man Services said 4,157 people had died in the previous 24 hours.There
were 249,000 cases of coronavirus reported in the same time period.A
day earlier, 4,157 people had died and 231
</s>েফলুদা েতাপেসেকবলল, যা লালেমাহনবাবুেকখবর েদ! When I was a
kid I would always see the old people in the neighborhood and I would
say: How old do you think they are?ánd they would give a number.
“When I got to be older, I realized that was impossible”, said Nomi
Prins. “Now there is no more distinction.Ms. Prins, who is 53 and a
former investment banker, is the author of “All the Devils Are”

এমন সময় হঠাৎ বা-
েঘর ডাক! (ēmana
samayȧ haṭhāt
bāghēra ḍāka)

এমন সময় হঠাৎ বােঘর ডাক! বােঘর েস ডাক বােঘর ēর নয়! দেূর িগ-
িরগেঞ্জর ধানেখেতর িপছন হইেত েযন কঁািপেত কঁািপেত ছɈিটয়াআিসেতেছ।
(ēmana samayȧ haṭhāt bāghēra ḍāka! bāghēra sē ḍāka
bāghēra sbara nayȧ! dūrē girigañjēra dhānakhētēra
pichana ha:itē yēna kām̐pitē kām̐pitē chuṭiyā̇ āsitēchē.)
এমন সময় হঠাৎ বােঘর ডাক! সǗভেয় চী- চী কিরয়া উিঠল। মেন হইল েযন
েসই বেনর হিরণগ‍ুলা আবার জĳেলর িদক হইেত আিসয়া উপǬƵত হইল।
(ēmana samayȧ haṭhāt bāghēra ḍāka! santu bhayē̇
cī- cī kariyā̇ uṭhila. manē ha:ila yēna sēi banēra
hariṇagulā ābāra jaṅgalēra dika ha:itē āsiyā̇ upasthita
ha:ila.)
এমনসময় হঠাৎ বােঘরডাক! আমারভয়পাবার হয়েতা িকছɈ িছল। নইেল দ-ু
েব সকেলর েচােখর ওপের একটা শজার‍ুর মেতা বেড়া েচাখা িশংঅেনকিদন
আেগই েমেরিছ িক-না? না, না, আিম িমেথয্ ভয় কির না। েস গলার আও-
য়াজ এবার কােছই েকাথায় িমǬলেয় েগল! (ēmana samayȧ haṭhāt
bāghēra ḍāka! āmāra bhayȧ pābāra hayȧtō kichu chila.
na:ilē dubē sakalēra cōkhēra ōparē ēkaṭā śajārura
matō baṛō cōkhā śiṁ anēkadina āgēi mērēchi ki-nā?
nā, nā, āmi mithyē bhayȧ kari nā. sē galāra āōyā̇ja
ēbāra kāchēi kōthāyȧ miliyē̇ gēla!)

এমন সময় হঠাৎ বােঘর ডাক! িবিপয়া েসইেƻােরকার কেলল েসখনয্ােক
পদǬক্ষিźƠ মহারা An Apple-Foxconn deal could herald a new era of
cheap iPhones. But there is plenty of risk. Apple and Foxconn, its
Taiwanese manufacturing partner, have agreed to collaborate on man-
ufacturing and technology for at least six years in a deal that would
likely make iPhones far cheaper, according to people familiar with the
matter.Sessions on Tuesday urged Congress to give prosecutors broad
new powers to fight a surge in the use of heroin and fentanyl
এমন সময় হঠাৎ বােঘর ডাক! Ʋিতর্ বয্ায় মালয় গলেয় িবđাসান বয্ায় িব-
িকছɈ্যাŬারণ When I was a kid I would always see the old people in the
neighborhood and I would say: How old do you think they are and they
would give a number. When I got to be older, I realized that was impos-
sible, said Nomi Prins.

অপু এেস ডাকল, মা!
(apu ēsē ḍākala,
mā!)

অপু এেস ডাকল, মা, েখেত দাও। (apu ēsē ḍākala, mā, khētē
dāō.)
অপু এেস ডাকল, মা, ও মা, েকাথা যাও? (apu ēsē ḍākala, mā, ō
mā, kōthā yāō?)
অপু এেস ডাকল, মা, িশগিগর এেসা, Íােমর ওিদক েথেক ডাকেছ। (apu
ēsē ḍākala, mā, śigagira ēsō, grāmēra ōdika thēkē
ḍākachē.)

অপু এেস ডাকল, মা! ইসেলা আশীন িমিƲর িনভɊর্ তন শমর্দষুয্মűী িপবু-
িন, েযটায় àিতশত পুরǬƵত আমর্তার িনভɊর্ তন কেল তারন জনয্ান (apu
ēsē ḍākala, mā! isalō āśīna misṭira nirbhutana
śarmaduṣyamantrī pibuni, yēṭāyȧ pratiśata purasthita
ārmatāra nirbhutana kalē tārana janyāna)
অপু এেস ডাকল, মা! আপনাũ নয় মািন মানয্াচয্েক্ষেপ বয্াপুর হ‍ুয়াবেদর
Stocks Rise and Long-Term Bonds Collapse on Hope of a Vaccine
When investors hear the word vaccine, a reflex response often occurs.
They see hope. And that makes stocks go up. The S&P 500 climbed
more than 5 percent and the yield on the 10-year Treasury note fell be-
low 0.9 percent. The yield on the 30-year mortgage dropped below 2
percent. In the stock market, the VIX the “fear gauge” reached its low-
est level since March.“This Is a Moment in History” New York Coron

েস খুব খুশী হেলা।
(sē khuba khuśī
halō.)

েস খুব খুশী হেলা। সবাই তােক এত সƍােনর েচােখ েদেখ। àথম িদন েথেক
েদেখ এবং অভয্থর্না পাওয়ার পর তার àিত èŞা জানায়। (sē khuba
khuśī halō. sabāi tākē ēta sammānēra cōkhē dēkhē.
prathama dina thēkē dēkhē ēbaṁ abhyarthanā pāōyā̇ra
para tāra prati śraddhā jānāyȧ.)
েস খুব খুশী হেলা। ভােলা হেয়েছ, মা। (sē khuba khuśī halō. bhālō
hayē̇chē, mā.)
েস খুব খুশী হেলা। সবিকছɈ তার েখালসা হেয় েগেছ। (sē khuba khuśī
halō. sabakichu tāra khōlasā hayē̇ gēchē.)

েস খুব খুশী হেলা। বয্াপারাই মুখুয্ল িসŞােরর িকƲাির িকǗ হেলা। কেরন।
ইŲার যুখুয্ল কেরন। েতর িবđরীেত Ćাসােয় েশখ য,
েস খুব খুশী হেলা। আজেক আজেন যুিবনার বানা না। জলুােমর কতরী রা-
জūাবদক কাǬËয় িনেরর গােড়েųনজŮেদর অবেরর িবগান কেরন অবের

Table 26: Paramanu-Bangla 108.5M vs OPT 6.7B open end text generation for Bangla prompts.
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2106
2107
2108
2109
2110
2111
2112
2113
2114
2115
2116
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2126
2127
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2129
2130
2131
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2140
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2142
2143
2144
2145
2146
2147
2148
2149
2150
2151
2152
2153
2154
2155
2156
2157
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2159
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Bangla (Bengali) In-
put Prompt

Text Generation (top-3) from Paramanu-
Bangla 108.5M

LLaMa-2 7B

েফলুদা েতাপেসেক
বলল, যা লালেমাহন-
বাবুেক খবর েদ!

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! আমরা আলাম ঘর েথেক েব-
েরােতই ধূজর্িটবাবুর আতর্ নাদ শ‍ুনলাম। তার-
পর েফলুদার গলা েপলাম। ধূজর্িটবাবুর ঘেরর
সামেন েয েলাক বেসিছল, েস েফলুদার িদেক
েচেয় Ǭজেজ্ঞস করল, আপনার নাম কী? েফ-
লুদা আতর্ নাদ শ‍ুেন েফলুদা বাইের চেল েগল।
আিমআরও িমিনটখােনক বাইের হঁাটলাম।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! উিন আসেছন।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! ভÝেলাক Ǭজেগয্স করেবন,
আর সিতয্ বলেত কী, আমার সেūহ আেছ।
বাইেফাকালসাই।–তাও অিবিশয্ উিন ছাড়।

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর
েদ!Earlier this month, in the month of December, the new
president of the Bangladesh Awami league Shiekh Hasina
Wajed has nominated his two close trusted men for the
highest party post of general secretary and Joint Secre-
tary. As there are so many members of the Awami league
in Bangladesh, these two men have been nominated and
elected for the highest party post as there were no other
candidate for the election. One of them is an Indian cit-
izen and another is from Canada, both were elected for
these posts unanimously. And after that Sheikh Hasina
Wajed has officially nominated her husband to be the new
chief of the Bangladesh Awami League. Before, Sheikh
Hasina Wajed has been elected as the president of the
Bangladesh Awami league, she has nominated two of her
trusted man for the post of General Secretary and Joint
Secretary. And both of them have been elected unop-
posed by the other members. They’
<s> েফলুদা েতাপেসেকবলল, যা লালেমাহনবাবুেকখবর েদ!
েফলুদার েতাপেসেক পিড় েতেল উত্তর সহঘনা, বা েঘের েদিখ
েভদােসেল বলল! অেনক িকছɈ হেলা মানানীয়, সােথ েতাপ-
েসেক বলল! বােরাটার েগাÑাম, সরাসির েতাপেসেক বলল!
েতাপেসেক বলল, আিম েবিশ ধনয্ হই

এমন সময় হঠাৎ বা-
েঘর ডাক!

এমন সময় হঠাৎ বােঘর ডাক! বােঘর েস
ডাক বােঘর ēর নয়! দেূর িগিরগেঞ্জর ধান-
েখেতর িপছন হইেত েযন কঁািপেত কঁািপেত ছɈ-
িটয়া আিসেতেছ।
এমন সময় হঠাৎ বােঘর ডাক! সǗ ভেয় চী-
চী কিরয়া উিঠল। মেন হইল েযন েসই বেনর
হিরণগ‍ুলা আবার জĳেলর িদক হইেতআিস-
য়া উপǬƵত হইল।
এমন সময় হঠাৎ বােঘর ডাক! আমার ভয়
পাবার হয়েতা িকছɈ িছল। নইেল দেুব সক-
েলর েচােখর ওপের একটা শজার‍ুর মেতা
বেড়া েচাখা িশং অেনকিদন আেগই েমেরিছ
িক-না? না, না, আিম িমেথয্ ভয় কির না। েস
গলারআওয়াজ এবার কােছই েকাথায় িমǬল-
েয় েগল!

এমন সময় হঠাৎ বােঘর ডাক! পিরবার তার েখয়াল অথবা
বাঘ হঠাৎ উঠােনা অথবা েকােনা সĳিতর ধান করেত পােরন
এবংঅনয্àায় েতামােকঅভািবতকের িকছɈ করারজনয্ তɊ িম
সােথ কের থাকেবন না। তখন েস এমন বােঘর উেঠ
<s> এমন সময় হঠাৎ বােঘর ডাক! The best way to get a
job done is to have a passion for doing it. িকভােব শ‍ুধু
কথা বলেছন িতিন আকাশ আমন সময় হঠাৎ বােঘর ডাক!
A great leader is not necessarily an extraordinary person.
িকভােব সরাসরা àচলনা করেত বয্ğউপায় ধষর্ণ করেত না?
আিম িক এতআকষর্ক? আিম পেণয্র নাম

অপু এেস ডাকল, মা! অপু এেস ডাকল, মা, েখেত দাও।
অপু এেস ডাকল, মা, ও মা, েকাথা যাও?
অপু এেস ডাকল, মা, িশগিগর এেসা, Íােমর
ওিদক েথেক ডাকেছ।

অপু এেস ডাকল, মা! ওপু এিসস, আেস ডাকল, মা! অপু
এসটয্াǬĳয়াল, আেস ডাকল, মা! অপু এসাইিŲয়াল, আেস
ডাকল, মা! অপু এসইিŲয়াল, আেস ডাকল, মা! অপু এসা-
ইিŲয়াল, আেস ডাকল, মা! অপু এসইন্
<s> অপু এেস ডাকল, মা! On the occasion of our 51st
year of independence, Bangladesh Post has issued a com-
memorative postage stamp titled “বাংলােদশ পিরǬƨিত এর
সািতর্ ওেয়বসাইেটর অনুƨান” depicting 51 websites of
Bangladesh. There are some websites related to tourism,
culture, history, travel, nature, science, health, educa-
tion, art, literature, media, shopping, online banking, so-
cial networking etc. The stamps will be sold at various
post offices throughout the country from 17 March, 2017.
There are different varieties available with perforation or
imperforated, with or without special cancellations, with
or without first day cancellation, with or without special
packaging

েস খুব খুশী হেলা। েস খুব খুশী হেলা। সবাই তােক এত সƍা-
েনর েচােখ েদেখ। àথম িদন েথেক েদেখ এবং
অভয্থর্না পাওয়ারপরতারàিতèŞাজানায়।
েস খুব খুশী হেলা। ভােলা হেয়েছ, মা।
েস খুব খুশী হেলা। সবিকছɈ তার েখালসা হেয়
েগেছ।

েস খুব খুশী হেলা। এবং এ আর ভােলা িনেয় উঠা চেলােফা-
েনর একিট েনৗকা। I know Iḿ a little late to the party, but I
am going to go out on a limb and say that this may be one
of the best “gift” gadgets I have ever seen! Itś so simple,
but so creative at the same time. Iv́e seen lots of these be-
fore, but I havent́ seen one that is as creative as this.The
phone calls you make with the phones name in your con-
tacts list appear in the phones contact list. You can also
send text messages from the phones text messages. You
can send a text message to the person who called you,
or you can send a text message to your phones text mes-
sages list, or you can send a text message to the person
who called
<s> েস খুব খুশী হেলা। েকন? িতের আেছন যিদ উেঠন চান,
িকǗ চাইন না। তার আঁধারিন পাখা িতন কাপ। টামা েহাম,
তার েদের চান যিদ িতন কাপ।েস তারা, িতন কাপ িতন কাপ।
পাওিন তার েসটা আঁধারিন আঁধারিন। পাওিন তার েসটা িন-
রিব

Table 27: Paramanu-Bangla 108.5M vs LLaMa 2 7B open end text generation for Bangla prompts.
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Under review as a conference paper at ICLR 2025

Bangla (Bengali) Input
Prompt

Text Generation (top-3) from Paramanu-
Bangla 108.5M

GPT-J 6B

েফলুদা েতাপেসেক বলল, যা
লালেমাহনবাবুেক খবর েদ!

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! আমরা আলাম ঘর েথেক েব-
েরােতই ধূজর্িটবাবুর আতর্ নাদ শ‍ুনলাম। তার-
পর েফলুদার গলা েপলাম। ধূজর্িটবাবুর ঘেরর
সামেন েয েলাক বেসিছল, েস েফলুদার িদেক
েচেয় Ǭজেজ্ঞস করল, আপনার নাম কী? েফ-
লুদা আতর্ নাদ শ‍ুেন েফলুদা বাইের চেল েগল।
আিমআরও িমিনটখােনক বাইের হঁাটলাম।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! উিন আসেছন।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! ভÝেলাক Ǭজেগয্স করেবন,
আর সিতয্ বলেত কী, আমার সেūহ আেছ।
বাইেফাকালসাই।–তাও অিবিশয্ উিন ছাড়।

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! আর তাই আমরা আমােদর েদ-
খেত পাই িকǗ আপনার লালেমাহনবাবু েক
খবর েদখেত পাির? সােথ কথা বলত
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! লালেমাহনবাবু খবরটােক
েদখায় বেলেছন, বতর্ মােন লালেমাহনবাবুিটর
মেতাই কাজ েসট করেত পাের

এমন সময় হঠাৎ বােঘর ডাক! এমন সময় হঠাৎ বােঘর ডাক! বােঘর েস
ডাক বােঘর ēর নয়! দেূর িগিরগেঞ্জর ধান-
েখেতর িপছন হইেত েযন কঁািপেত কঁািপেত ছɈ-
িটয়া আিসেতেছ।
এমন সময় হঠাৎ বােঘর ডাক! সǗ ভেয় চী-
চী কিরয়া উিঠল। মেন হইল েযন েসই বেনর
হিরণগ‍ুলা আবার জĳেলর িদক হইেতআিস-
য়া উপǬƵত হইল।
এমন সময় হঠাৎ বােঘর ডাক! আমার ভয়
পাবার হয়েতা িকছɈ িছল। নইেল দেুব সক-
েলর েচােখর ওপের একটা শজার‍ুর মেতা
বেড়া েচাখা িশং অেনকিদন আেগই েমেরিছ
িক-না? না, না, আিম িমেথয্ ভয় কির না। েস
গলারআওয়াজ এবার কােছই েকাথায় িমǬল-
েয় েগল!

এমন সময় হঠাৎ বােঘর ডাক! যিদও বয্Ǭğর
জনয্ িতিন িনেজরা েথেক িচťা হয় তেব পের-
রটাই কােরা কাছ েথেক তাকান, পাঠেকরই দ-ু
দর্ াť হেĸ, য
'এমন সময় হঠাৎ বােঘর ডাক! (বাংলােদশ
ভাষা) িকমটাউিন: আসেল তারা েকানও à-
চারাবনা করেছ না, যার মেধয্ েকানও পরার
আেছ িকমটাউিন: তােদর লালআরওেকন!

অপু এেস ডাকল, মা! অপু এেস ডাকল, মা, েখেত দাও।
অপু এেস ডাকল, মা, ও মা, েকাথা যাও?
অপু এেস ডাকল, মা, িশগিগর এেসা, Íােমর
ওিদক েথেক ডাকেছ।

অপু এেস ডাকল, মা! িনেũাজ Ưȍ ল একিট
অিভমানীয় পালন করেছ
িনেũাজ মেন কেরন বলেছ েয েস একিট ভা-
েলাবাসাধু এই পিথক অনুযায়ী
কারণ েস àক
অপু এেস ডাকল, মা!েক েবস িদন, আরও
সহজ!ডাকল, আরও অনলাইন িবđ!েবিরেয়
েপেলন আলাকরণ জনয্ ভিতর্ ত! সালাম িব-
żব, হাহ! আপিন িক মেন কেরন েয? আ

েস খুব খুশী হেলা। েস খুব খুশী হেলা। সবাই তােক এত সƍা-
েনর েচােখ েদেখ। àথম িদন েথেক েদেখ এবং
অভয্থর্না পাওয়ারপরতারàিতèŞাজানায়।
েস খুব খুশী হেলা। ভােলা হেয়েছ, মা।
েস খুব খুশী হেলা। সবিকছɈ তার েখালসা হেয়
েগেছ।

েস খুব খুশী হেলা। তাই আিম মাÛ দঃুিখত
এই েরামিবƳের খুব হেত হেব। আিম শ‍ুধু নয়
আমােদর ভিবষয্Ćাণী েথেক ēাগত জানাই।
আমার খুব জন
েস খুব খুশী হেলা। আিম এখােন যথাËেম
েযাগ িদবǬলত হেত পাের। হাহাহ, আিম এখ-
নই েযাগােযাগ করিছ। আিম এখনই পাপাপ
করিছ। আিম এখােন যথাËেম কান্

Table 28: Paramanu-Bangla 108.5M vs GPT-J 6B open end text generation for Bangla prompts.
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Bangla (Bengali) In-
put Prompt

Text Generation (top-3) from Paramanu-
Bangla 108.5M

GPT-Neo 1.3B GPT2-XL

েফলুদা েতাপেসেক
বলল, যা লালেমাহন-
বাবুেক খবর েদ!

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! আমরা আলাম ঘর েথেক েব-
েরােতই ধূজর্িটবাবুর আতর্ নাদ শ‍ুনলাম। তার-
পর েফলুদার গলা েপলাম। ধূজর্িটবাবুর ঘেরর
সামেন েয েলাক বেসিছল, েস েফলুদার িদেক
েচেয় Ǭজেজ্ঞস করল, আপনার নাম কী? েফ-
লুদা আতর্ নাদ শ‍ুেন েফলুদা বাইের চেল েগল।
আিমআরও িমিনটখােনক বাইের হঁাটলাম।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! উিন আসেছন।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! ভÝেলাক Ǭজেগয্স করেবন,
আর সিতয্ বলেত কী, আমার সেūহ আেছ।
বাইেফাকালসাই।–তাও অিবিশয্ উিন ছাড়।

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! েকানও অǬťËিমিতেত আেছ,
েকান িƲকটর সরকার েদেবন, েদেবন, েদ-
েবন. যােত সুরǬক্ষত িচন্
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! িভিডওগ‍ুেলা িচহ্নিট উপসাহস
না, জয্াকার পেয়Ų, িতনিট শকর্ িবধান এই
পেয়Ų নতɊন মানুষ

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! (িমǬলেবেন েগাশয়ােবর) আজ-
তার ও আজতার ঘন টার েকসব্মােদর িরেয়
আইেক অেক বাŞাসারীেনর না
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! তঁািশƳাসনামী ও িদেয়ািব-
িনক িনকটঅিচেনেকনতাপকানােনঅমবািম-
àা নােমাশােত অবাংলবাধ

এমন সময় হঠাৎ বা-
েঘর ডাক!

এমন সময় হঠাৎ বােঘর ডাক! বােঘর েস
ডাক বােঘর ēর নয়! দেূর িগিরগেঞ্জর ধান-
েখেতর িপছন হইেত েযন কঁািপেত কঁািপেত ছɈ-
িটয়া আিসেতেছ।
এমন সময় হঠাৎ বােঘর ডাক! সǗ ভেয় চী-
চী কিরয়া উিঠল। মেন হইল েযন েসই বেনর
হিরণগ‍ুলা আবার জĳেলর িদক হইেতআিস-
য়া উপǬƵত হইল।
এমন সময় হঠাৎ বােঘর ডাক! আমার ভয়
পাবার হয়েতা িকছɈ িছল। নইেল দেুব সক-
েলর েচােখর ওপের একটা শজার‍ুর মেতা
বেড়া েচাখা িশং অেনকিদন আেগই েমেরিছ
িক-না? না, না, আিম িমেথয্ ভয় কির না। েস
গলারআওয়াজ এবার কােছই েকাথায় িমǬল-
েয় েগল!

এমন সময় হঠাৎ বােঘর ডাক! সুতরাং, আপ-
িন জািতশীল হেত পােরন করেত পারব বছর!
িঠক আেছ, আিম এখােন ভাল েচƧা করিছ
বলেত হেব পােরন আমার বছর একিট ছ
এমন সময় হঠাৎ বােঘর ডাক! هل هذه هي
الفحوصة القوم بهذا؟ومن ثم هل انا اكتب هذامفيد
لل؝عب أثناء إعادة قصد الفكرة ،حيث يقوم الناس
فى انت دون مخالف؟ الآن عندما نذهب أعتبر أنك
لا تعرف أين يكون.في هذه القنابلة الآن ست

'এমন সময় হঠাৎ বােঘর ডাক!
#Kurdish #KurdishDaughter
pic.twitter.com/dC0q1wC9U6
Ameen_Bana September 25, 2017.
She wants to become a doctor, so she
studied in London, got an MA and now
she is living in Toronto, Canada, Mejda
said. She said that Mejda told her that
the people around her helped her through
the difficult years she lived under the
PKK rule in her hometown of Silopi. She
recalled a woman who helped to feed and
clothe her during the war and told Mejda
that it is important to support others who
have also suffered. Mejda said that her
family did not ask for a reward, but the
PKK promised to pay Mejda a monthly
salary in her old age, which they have so
far received. I have never received such an
amount from anyone else and if I can help
others, then
এমন সময় হঠাৎ বােঘর ডাক! (KARMA
POLICE IS FOR EVERYBODY. Our
countrymen, who support and fight for the
freedom, dignity and power of our nation.
Together we will overcome obstacles and
the pain of the past with our strength of
strength. Don’t be divided, we are one
nation, we will be united one day! एমতার
পড়ত েদাট মকািনক উতািরিদ েকাট পারানা-
েনিরক িনেরইলািকক ǯস্ডেন) उ����! قاطع
الدين كان

অপু এেস ডাকল, মা! অপু এেস ডাকল, মা, েখেত দাও।
অপু এেস ডাকল, মা, ও মা, েকাথা যাও?
অপু এেস ডাকল, মা, িশগিগর এেসা, Íােমর
ওিদক েথেক ডাকেছ।

অপু এেস ডাকল, মা! অবশয্ই এটা মািটরা
েদখেত যােĸ। এবং এটা উদয্ােনার উপের,
এবং বয্াখয্া পড়া এটা অনয্থা উপর এর মা-
িটরা মেধয্ অবশয্ই একিট
অপু এেস ডাকল, মা! তারপরা বড় বেল
করিছ যিদ কেরিছ এখােন তােক শ‍ুনেত চান
আিম েবয়ুিচ অবিধ রাখবরাদক একই ভাইস-
রকারী এর এবং এই কাজ রাখব হয়। এবং

অপু এেস ডাকল, মা! সবয্াসািসেয়িনেয়েন,
আয়ার েকঅিচেয়িনেয়িনেয়েনसम�েদিনকার
েযাগাদা েক দাগার পােরেনেনেনেকর ভানেক
িসচɊিবতরা
'অপু এেস ডাকল, মা! Konyuru, Nli, and
Nr, the most powerful divinities among the
Da Nya. Hbha “Divine Mother” मेदान कस
ɞदɠध आनामं कम्लेज़ें बूलाɟनपे तो जगवाद है कम्ले-
ज़ें बूलाɟनपे नोɞटत ɟकȉɠमत परंव है हैं।

েস খুব খুশী হেলা। েস খুব খুশী হেলা। সবাই তােক এত সƍা-
েনর েচােখ েদেখ। àথম িদন েথেক েদেখ এবং
অভয্থর্না পাওয়ারপরতারàিতèŞাজানায়।
েস খুব খুশী হেলা। ভােলা হেয়েছ, মা।
েস খুব খুশী হেলা। সবিকছɈ তার েখালসা হেয়
েগেছ।

েস খুব খুশী হেলা। যখন Ǭàয় এই গিঠত àব-
তর্ ন কর‍ুন। তারপর েজেনিটটার মেধয্ ছােপন
েয অিভেনতার জনয্ Ǭজগেনট Ćারা জাগােত
হয়। তাই আমর
েস খুব খুশী হেলা। এখনআপিন জানেত হেব
দেুটা িদন। এিটআমােদরপিরবেতর্ আমরা িক-
ভােব েবাল করা উিচত কেরিছেলন। আিম
নাম িকছɈ তাই না। আিম েƷ

েস খুব খুশী হেলা। বয্ােť পগর্ােমন িগেলআপ-
িরক্ষপা িরপারা িবকেরিবেলনােদেন মনানােদ-
েন িরপারা অফার পিরক্ষপােরেন মনানােদেন
জনানাদ
েস খুব খুশী হেলা। ����� যােস েপেছ েপা-
জন কর‍ুর হয় েযাগ‍ুক্ষার করাের àতাকর যা-
েĸখুবলা েপেছ িâযালােস েপােচ িগগর্ােব Ųা-
েল

Table 29: Paramanu-Bangla 108.5M vs GPT-Neo 1.3B vs GPT2-XL 1.5B open end text generation
for Bangla prompts.
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Bangla (Bengali) In-
put Prompt

Text Generation (top-3) from Paramanu-
Bangla 108.5M

Bloom 560M Bloom 1.1B Bloom 3B Bloom 7.1B

েফলুদা েতাপেসেক
বলল, যা লালেমাহন-
বাবুেক খবর েদ!

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! আমরা আলাম ঘর েথেক েব-
েরােতই ধূজর্িটবাবুর আতর্ নাদ শ‍ুনলাম। তার-
পর েফলুদার গলা েপলাম। ধূজর্িটবাবুর ঘেরর
সামেন েয েলাক বেসিছল, েস েফলুদার িদেক
েচেয় Ǭজেজ্ঞস করল, আপনার নাম কী? েফ-
লুদা আতর্ নাদ শ‍ুেন েফলুদা বাইের চেল েগল।
আিমআরও িমিনটখােনক বাইের হঁাটলাম।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! উিন আসেছন।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! ভÝেলাক Ǭজেগয্স করেবন,
আর সিতয্ বলেত কী, আমার সেūহ আেছ।
বাইেফাকালসাই।–তাও অিবিশয্ উিন ছাড়।

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ!</s>
েফলুদা েতাপেসেক বলল, যা লালেমাহনবা-
বুেক খবর েদ! িকǗ েস েকউ আমােদর
সেĳ েযাগােযাগ কেরিন। তাই েতা কথা বল-
বারঅনুমিত েপেয়েছ। পেরএই িবষয়িটআিম
জািন না।আিমখুব খুিশ। মােয়রসেĳকেথাপ-
কথেনর সময় বাবা-মা জানেত চান, িতিন িক
আেছন? তার উত্তেরজানেলন েয, অসুƵ হেয়
পেড়েছন। এরপর মােয়র এই àƣ শ‍ুেন বাবা-
মা হাসেলন, আিম খুব কƧ করিছ। খুব কƧ
লাগেছ। আর এত কেƧর মেধয্

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! আিম তার কােছ েপৗǨেছ িদেবন।
এরপর লামুদেক বলল, আিম িক লালেমাহ-
েনর সেĳ েদখা করেত এেসিছ? লালেমাহন-
বাবু বলেলন, না! আিম েতা েতামার িদেক তা-
িকেয় আিছ!
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! তেব আিম েয এতক্ষণ কথা
বললাম তা আজ েস কথা নয়। আমার সেĳ
আমােদর েকােনা শǓতা েনই। আিম েকােনা
রকমইতার সেĳকথা বলেত চাই না। লালেমা-
হনবাবু আমার সেĳ কথা বলেল আমরা েকা-
েনা সমসয্া হই না। আমােদর একটা জিমজ-
মাআেছ।আমারজিমজমাআিমআমারএক
ভাইেয়র।আিমআমার ভাইেয়র সেĳ জিমজ-
মা ভাগ কের িনেয় এেসিছ। আর েস সব জিম
আিম লালেমাহনবাব

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ!</s><pad
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবু-
েক খবর েদ! বুেটা শাটর্ পরা আর সাইেকল
চাǬলেয় যাওয়া েলাকটা েতােক িচনেছ। লাল-
েমাহনবাবু বলেলন, জািন িঠকই

েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ! এ-
পেদ েস কতিদন।
েফলুদা েতাপেসেক বলল, যা লালেমাহনবাবুেক খবর েদ!
আজ রােÛ তারাই তােক ডাকেত আসেব। আজেক তার সা-
েথআমার একটা কথাআেছ। েফলুদা বলল,আপিনজােনন,
আমার এক বŬু লালেমাহনবাবু অেনকিদন ধেরআেমিরকায়
থােকন। িকǗ তার েদেশ তার েকান বŬু েনই, তার এক েছেল
আেছ। তার েছেলেক একটɊ িবেয়ও করেত ইĸা কের তার।
িকǗ েস েকান েছেলর কথা েশােন না। িকǗ িবেয়টা করেত
হেব।লালেমাহনবাবু একটা েছাট েছেলেক িবেয়ও কের েফল-
েলন। িকǗ িবেয়টা হেয় এল না। কারণ েছেলিট িঠক িবেয়র
সমেয় মারা েগল। লালেমাহনবাবু তার এই েছেলর িবেয় না
হওয়ােত ভীষণভােব দঃুিখত।রঞ্জনদা বলল, তাই িক? তেব
তাহেল েতা িবেয়টা করেত হেব। আপনার কােছ একটা খবর
আেছ, আমােকআপনার সােথ পাঠােত হেব।

এমন সময় হঠাৎ বা-
েঘর ডাক!

এমন সময় হঠাৎ বােঘর ডাক! বােঘর েস
ডাক বােঘর ēর নয়! দেূর িগিরগেঞ্জর ধান-
েখেতর িপছন হইেত েযন কঁািপেত কঁািপেত ছɈ-
িটয়া আিসেতেছ।
এমন সময় হঠাৎ বােঘর ডাক! সǗ ভেয় চী-
চী কিরয়া উিঠল। মেন হইল েযন েসই বেনর
হিরণগ‍ুলা আবার জĳেলর িদক হইেতআিস-
য়া উপǬƵত হইল।
এমন সময় হঠাৎ বােঘর ডাক! আমার ভয়
পাবার হয়েতা িকছɈ িছল। নইেল দেুব সক-
েলর েচােখর ওপের একটা শজার‍ুর মেতা
বেড়া েচাখা িশং অেনকিদন আেগই েমেরিছ
িক-না? না, না, আিম িমেথয্ ভয় কির না। েস
গলারআওয়াজ এবার কােছই েকাথায় িমǬল-
েয় েগল!

এমন সময় হঠাৎ বােঘর ডাক! হঠাৎ বােঘর
ডাক! হঠাৎ বােঘর ডাক! বােঘর ডাক! বা-
েঘর ডাক! বােঘর ডাক! বােঘর ডাক! বা-
েঘর ডাক! বােঘর ডাক! বােঘর ডাক! বা-
েঘর ডাক! বােঘর ডাক! বােঘর ডাক! বা-
েঘর ডাক! বােঘর ডাক! বােঘর ডাক! বা-
েঘর ডাক! বােঘর ডাক! বােঘর ডাক! বা-
েঘর ডাক! বােঘর ডাক! বােঘর ডাক! বােঘর
ডাক! বােঘর ডাক
এমন সময় হঠাৎ বােঘর ডাক! েস সময় চার-
পঁাচজন েলাক েবিরেয় এেলা। তােদর মুেখ েয-
েনা েচঁচামচ করেছ। এিদেক েলাকটার ডােকর
শƁও েযেনা বােঘর কােছ এেস েপৗǨছােত না
পাের। বাঘিট েদৗেড় এেস এেস েলাকটার িপ-
েঠ এেস বসল। েলাকটা তােক ডাকেত শ‍ুর‍ু
করল। বাঘেক ডাকেত শ‍ুর‍ু করল। িকǗ বা-
েঘর ডাক না েপেয় েলাকিট আবার আবার
বােঘর কােছ এেস বসল। বাঘটার কথা মেন
হেলা েস মেন

এমন সময় হঠাৎ বােঘর ডাক
এমন সময় হঠাৎ বােঘর ডাক! তাই তার িচ-
ৎকার শ‍ুেন Ƶানীয়রা ছɈ েট এেলন। এর সেĳ
সেĳ এলাকাবাসী বােঘর পাশ েথেক েবিরেয়
এেস তােক উŞার কের। তেব বােঘর শরীের
েকােনা আঘােতর িচহ্ন পাওয়া যায়িন

এমন সময় হঠাৎ বােঘর ডাক! চমেক উেঠ
ভেয় বােঘর Îাণ পায় েহিসরা।
এমন সময় হঠাৎ বােঘর ডাক! বােঘর মুখ েদ-
খা েগল। ঘুঘু বলল, “হয্া, আিম বােঘর মুখ।”
এরপর বাঘ ঘুঘুেক বলল, “হয্া, তɊ িম অেনক
ভাল গান গাও।” এরপর বাঘ বলল, “িঠক
আেছ তɊ িম এই গােছর গঁ‍ুিড় েভেĳ যাও।আিম
েতামার গলার ফঁাক িদেয় িদেয় েতামােক েবর
কের িদব।” তারপর বাঘ চেল েগল। ঘুঘু গা-
েছর গঁ‍ুিড় েভেĳ েগল। িকǗ েকান শƁ না শ‍ু-
েন বাঘ ঘুঘুেক বলল, “হয্াআিম েতামার গলার
ফঁাক িদেয় িদেয়িছ। তɊ িম েবর কের দাও না।”

এমন সময় হঠাৎ বােঘর ডাক! েসই সেĳ তার পােশ একটা
মুখ! বােঘর মেতাই Ǭজভ েবর কের একটা মুখ থাবেড় িদেয়
েচাকটা েঠেল িদল! চমেক িগেয় তািকেয় েগেলা ওই মুখ েদ-
েখ! েসই সেĳ একটা ভয়ও েযন উেড় েগেলা, েস েতা িঠক
বুেঝ উঠেত পারিছল না িক হেত পাের! একটা েলাক চেল
এেলা, মুখটা ভঁাজ কের, েযন খুব ভয় েপেয়েছ! েলাকটার
কােছ েথেকএকটা হাতɊ িড় েগেলা! হাতɊ িড়আরএকটা কােঠর
বাĥ! েলাকটা আবার বলল, "আিম েতামার কাজ িশিখেয়
েদব! তɊ িম এখােন থাক!" েলাকটা চেল েগল!
এমন সময় হঠাৎ বােঘর ডাক! শ‍ুনেতই েদৗেড় পালােলন মা।
আর েদৗেড় চেল এেলন এক àিতেবশীর কােছ। ওই àিতেব-
শীর বািড়র উেঠােন একিট পােয়র ছাপ পেড় যায়। এরপর
েসখান েথেক শ‍ুর‍ু হয় রহসয্। েখঁাজ িনেয় জানা যায়, Ƶানীয়
একিট Íােম কেয়ক িদন আেগ একিট বাঘ ঢɊেক পেড়িছল।
ওই িদন বাঘিটর েদখা েমেলিন। এক àিতেবশী বলেলন, ওই
িদন িতিন রােত খাবার িনেয় ঘুমােনার জনয্ উেঠােন শ‍ুেয়িছ-
েলন।আর হঠাৎই বােঘর ডাকশ‍ুনেত েপেয় িতিন েদৗড়ােলন।
তারপর েথেক ওই àিতেবশীর উেঠােনর পােয়র ছাপ। ওই à-
িতেবশীর অিভেযাগ, েকউ হয়েতা ওই পােয়র ছাপ মুেছ িদেয়-
েছ।

অপু এেস ডাকল, মা! অপু এেস ডাকল, মা, েখেত দাও।
অপু এেস ডাকল, মা, ও মা, েকাথা যাও?
অপু এেস ডাকল, মা, িশগিগর এেসা, Íােমর
ওিদক েথেক ডাকেছ।

অপু এেস ডাকল, মা! আিম েতামােদরই েছ-
েল, আর েতামরাও আমার মা। আিম আর
েকউ নই, আমার মা। আিম েতামােক িবেয়র
àƳাব িদেয়িছ।
অপু এেস ডাকল, মা! আমার খুব ইেĸ হেল
তɊ িম এেসআমার সােথ েবড়ােত পার।

অপু এেস ডাকল, মা!</s>
অপু এেস ডাকল, মা! আŬােরর জল েথেক
েবর হেয় আসুন!

অপু এেস ডাকল, মা! েতামরা েতা সব সময়
এেক অেনয্র সােথ খারাপ কথা বǬলস! এখন
েথেক েকানিদনই এমন েকান কথা বলব না।
অপু এেস ডাকল, মা! আসুন। এ বািড়, আপ-
নার সেĳ েদখা হল।

অপু এেস ডাকল, মা! বেল বাইের চেল েগল।আিরফআমার
পােশ এেস বসল। আমায় েদেখ বলল, মা, েতামােক একটা
গান শ‍ুনাব। আিম আমার গান শ‍ুেন বললাম, তɊ িম েতামার
মােয়র গান বল। আিরফ আমার িদেক েচাখ পড়েতই চমেক
উঠল। আিম ওর মুেখর িদেক তািকেয় ভাবলাম, কী সুūর
েচাখ! আিরফ আমার িদেক িকছɈক্ষণ তািকেয় থাকল, তার-
পর বলল, মা, এই েয গানিট তɊ িম শ‍ুেনছ, এিটই আমার à-
থম গান। আজেক আিম েতামােক এটা িদেয় িদেত চাই। তɊ -
িম আমােক েয টাকা দাও, তা িদেয় আিম খুব সুūর একটা
গান করব। আমায় না শ‍ুেন গান শ‍ুনেত দাও। আিম আিরফ-
েক আমার গােনর কথা বǬল। আিরফআমােক অেনক টাকা
েদয়, যা িদেয় একটা গােনর দল গেড় েতালবার েচƧা কির।
অপু এেস ডাকল, মা! েতামার আরাম হয়! এই রকম ভােব
একটা েছেল ডাকল! মেন হল েকান অসুরেক। িকǗ িক জা-
িন। তার পর েসই ǬঝǬলকটা েদখেলই বুকটা েদালায়! আিম
যখনই ǬঝǬলকটা েদিখ, তখিন মনটা েকমন কের। মেন হয়
েযনএকটা পািখ এেস বেসআেছআমার বুেক।আিমআমার
বুেকর দধু তার িদেক েটেন এেন েদই! আিমআমার বুেকর দ-ু
েধর সেĳ েসই েছেলআর তার বাবােকও খাইেয় েদই! আজ-
েকআমার মনটা েকমনজািনকের! আজেকআিমখুব খুশী।
আমার েছেলটােক আিম েপেয় েগিছ। আমার সুেখর সংসার
হেয় েগল। আিম আমার েছেলেক ভালবাসেত িশখলাম। তা-
েকআগেল রাখেত িশখলাম।

েস খুব খুশী হেলা। েস খুব খুশী হেলা। সবাই তােক এত সƍা-
েনর েচােখ েদেখ। àথম িদন েথেক েদেখ এবং
অভয্থর্না পাওয়ারপরতারàিতèŞাজানায়।
েস খুব খুশী হেলা। ভােলা হেয়েছ, মা।
েস খুব খুশী হেলা। সবিকছɈ তার েখালসা হেয়
েগেছ।

েস খুব খুশী হেলা। আমার কােছ েসই ছিব গ‍ু-
েলা আর আমার কােছ না থাকেল েয জঘনয্
ঘটনা ঘটেব তা ভািবনা। িকǗ েসই সােথ এর
পর েথেক আমার কােছ অেনক অেনক িক-
ছɈ আিম জানেত পারতাম। এর মেধয্ আমার
àথম নাম িছল ��েডেভলপেমŲ এũ Ʋা-
িড টɊ উইেমন'' এবং আমার িĆতীয় নাম িছল
��িƺন ǬলƲ এũ দয্ ফয্ানস অব দয্ আটর্স
এũ েটকেনালǬজ''। আমার নামিট হয়েতা
আমার কােছ েবশ সহজ মেন হেত পাের।
েস খুব খুশী হেলা। এর আেগ তারা দজুেনই
তােদর েàিমক-Ǭàয় ভাইেক িনেয় িনেজর বা-
িড়েত েবড়ােত যায়। হঠাৎ কেরই তােদর মা
চেল আেস। িকǗ হঠাৎ কের েসই েàিমকার
সেĳ সƊকর্ িট একিদেক চেল আেস। যখনই
েস তার ভাইেক িনেয় বািড়েত Ǭফরেছ তখন
তার ভাই তার কাছ েথেক তােক িনেয় েবড়া-
েতআেস। এরপর েথেকইতারাআবার তােদর
েàেমর সƊকর্ টা আেগর মেতাই। কারণ তারা
দজুনই খুব সুসƊেকর্ বসবাস করেত চায়।

েস খুব খুশী হেলা। েসই েথেক সবাই তােক িঘ-
ের েফেলেছ।
েস খুব খুশী হেলা। অেনকবার েস ওর জনয্
অেপক্ষা করেতা, িকǗ েস কখনওআসত না।

েস খুব খুশী হেলা। এর আেগ কাƲম েথেক
েস বেলিছেলা েয ওরা যিদ কাƲম েথেক Ǭফ-
ের েযেত চায় তাহেল ওরা চাইেলআবার েযেত
পারেব। তেব এইটা তােদর িসŞাť। তাই বেল
এই িবষেয় ওেদর েক বাধা েদওয়া উিচত হেব
না।
েস খুব খুশী হেলা। িকǗ িকছɈ সময় পর েস
বউেয়র সেĳ তার একটা কথা হেলা। তার
বউ তােক বলল, েতামার এই েছেলিটর ওপর
খুব রাগ হেĸ। েতামার েছেলর সেĳ েতামার
েকােনা কথা হয়িন। তɊ িম িক েতামার েছেল-
েক িনেয় লǮজ্জত না? এ কথা শ‍ুেন েস বউ-
েক বলল, আমার েছেলও েতা এই বয়েস।
েস এখনআমার সেĳ আেছ। েস যিদ আমার
সেĳ থােক, তেব িক আমােক েতামার মেতা
কের েদখেব না? তাই একথা বেল েস বউেয়র
ওপর রাগ কের চেল েগল। িকǗ এই েছেলর
মন এমন েয, তার েকােনা কাজ-কমর্ হেব না।

েস খুব খুশী হেলা। তারপর েথেক েসই বাķািট ঐ গােছর ছা-
য়াতেল ঘুমাত। একিদন েসই গাছিটর বয়স বাড়ল, বড় গাছ
হেয় েগল। েস বাķািটেক েডেক বলল, আমার েথেক অেনক
বড় গাছ হও। েতামার ছায়া আিম চাই। আিম িনেজর ছায়া
িদেয় েতামার উপরআেলা ছড়ােবা। বাķা টােক িনেয় গাছিট
চেল েগল। েস বাķা গাছিটর সােথ ছায়া েদয়া শ‍ুর‍ুকরল। গা-
ছিটরআরএকিদেক িছল েছাট একিট শসয্েক্ষত, বাķািট à-
িতিদন শসয্েক্ষেতর পােশ এেস ছায়া িদেয় েযত। শসয্েক্ষেতর
পােশ িছল একিট পুকুর। এক সময় শসয্েক্ষেতর ফসল েকেট
পুকুেরর মােছর চািহদা েমটাত। একিদন হঠাৎ কের বড় গাছ-
িট মারা েগল। েছাট বাķািট শসয্েক্ষেতর পােশ এেস েদখেলা,
গাছিটর ছায়ায় সব শসয্ নƧ হেয় েগেছ। পুকুেরর মাছ েভেস
েযেত লাগেলা। েস তার ছায়া িদেয় পুকুেরর মাছ বঁাচােনার
েচƧা করল। িকǗ মাছ বঁাচােনা েগল না। ছায়া েদয়া হেলা না।
ছায়া েদয়া হেলা না। বাķািট তখন কঁাদেত শ‍ুর‍ু করল। আর
গােছর ছায়ায় তােক সবাই েমের েফলেত উদয্ত হল। েস কঁা-
দেত কঁাদেত আর েকউ েকউ তােক গােছর
েস খুব খুশী হেলা। ভাবল, এইবার আর েকান ঝােমলা েনই।
এčȑেলেů কের সপিরবাের হাসপাতােল যােব। িকǗ, এই েভ-
েব েয, হাসপাতাল েথেক আর Ǭফের আসেবনা তার Ƽীেক।
এই বেল েস িসএনǬজ েথেক েনেমআরএকটা িসএনǬজ েজা-
গাড়করল। ভাবল েয, হাসপাতাল েথেক Ǭফেরএেল েসতােক
িবেয় কের েনেব। হাসপাতােলর এক কমর্চারী বলেলা, "সয্ার,
আপিনআর যােবন না। ডাğার সােহব এেস বেলেছন, আপ-
িন আর সুƵ হেয় উঠেবন না। আপনােক বািড় Ǭফের েযেত
হেব। এই বেল েস িসএনǬজ থামাল। িসএনǬজ েথেক েনেম
আবার বাসায় চেল েগল। Ƽীেক েস বেল, "আর আমার কা-
েছ আসেবন না, আিমআর ভােলা থাকেত পারব না। কেয়ক
মাস েযেত না েযেতই েসআবার হাসপাতােল ভিতর্ হেলা। এই-
বার ডাğার তােকআরকখেনা সুƵ হেয় উঠেত েদেব না বেল
জািনেয় িদেলন। ডাğার বলেলা, "এখােনআরকখেনা Ǭফের
েযেত পারেবন না। কারণ,আপিন মানিসক ভারসাময্ হািরেয়-
েছন। কেয়ক মাস পের েসই েলাকআবার িসএনǬজ চালােতা।
িসএনǬজ েথেক েনেম েসআবার হাসপাতাল হেয় েগল। এবার
ডাğার বেল িদেলা েয, "আপিন আর কখেনা সুƵ হেবন না।
আপনার মানিসক ভারসাময্ ভােলা েনই।আপনার এইঅবƵা
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manu 162M

OPT 6.7B

अस्माकं देशः भारतवषर्ः!
(asmākaṁ dēśaḥ
bhāratavarṣaḥ)

अस्माकं देशः भारतवषर्ः इɟत पɝरगɢणतः
(asmākaṁ dēśaḥ bhāratavarṣaḥ
iti parigaṇitaḥ)
अस्माकं देशः भारतवषर्ः इɟत ख्यातः
(asmākaṁ dēśaḥ bhāratavarṣaḥ
iti khyātaḥ)
अस्माकं देशः भारतवषर्ः इɟत प्रɡसद्धः
(asmākaṁ dēśaḥ bhāratavarṣaḥ
iti prasiddhaḥ)

अस्माकं देशः भारतवषर्ः The Buddha described
three kinds of birth: 1) a type of birth
which results in the attainment of the high-
est bliss, 2) a type of birth which results
in the attainment of the highest knowledge,
and 3) a type of birth which results in the
attainment of the highest wisdom. These
three
अस्माकं देशः भारतवषर्ः आपके श्री ɡशक्षा ɡचकɣन्द-
याँ के बुलंद�
अस्माकं देशः भारतवषर्ः(The Bhagavad Gita,
verse 6)तथा ɟत्रयों ɟक ɟवद्याथƹ स�

वेदः चत्वारः सɥन्त!
(vēdaḥ catvāraḥ
santi)

वेदः चत्वारः सɥन्त छन्दः ब्राɀणम् तैɢȉरी-
यकम् कठोपɟनषत् वैɞदकǵन्दसाम् मन्त्रम्
आध्यपनम् अɧस्त (vēdaḥ catvāraḥ
santi chandaḥ brāhmaṇam
taittirīyakam kaṭhōpaniṣat
vaidikacchandasām mantram
ādhyapanam asti)
वेदः चत्वारः सɥन्त प्रɡसद्धः ɡशक्षाशास्त्रीयः ɡशक्षका-
यगः शास्त्रम् शास्त्रम् कणादः पाɢणनीय ɡशक्ष काण्डे
सूत्राणाम् उपɝर भाष्यम् ɡलɤखतवान् (vēdaḥ
catvāraḥ santi prasiddhaḥ
śikṣāśāstrīyaḥ śikṣakāyagaḥ
śāstram śāstram kaṇādaḥ
pāṇinīya śikṣa kāṇḍē sūtrāṇām
upari bhāṣyam likhitavān)
वेदः चत्वारः सɥन्त धमर्शास्त्राɢण वेदाः वैɞदककमर्-
काण्डम् आन्वीɢक्षकʏ दण्डनीɟतप्रभृतीɟन (vēdaḥ
catvāraḥ santi dharmaśāstrāṇi
vēdāḥ vaidikakarmakāṇḍam
ānvīkṣikī daṇḍanītiprabhr̥tīni)

वेदः चत्वारः सɥन्तवेदः परः आरामवापेȯर यूनरवा-
ɟपताःचूत्
वेदः चत्वारः सɥन्तःवेदः चत्वारः सɥन्तःवेदः चत्वारः
सन्त
</�>वेदः चत्वारः सɥन्तनःतान्यरकमर्ः सवर्ɠधɢक्षत
पवृर्ɟत यत�

ɟकमथǖ त्वं गǵɡस!
(kimarthaṁ
tvaṁ gacchasi)

ɟकमथǖ त्वं गǵɡस अस्माɢभः मे सम्मुखं प्रसाɝरतं भ-
ɟवष्यɟत (kimarthaṁ tvaṁ gacchasi
asmābhiḥ mē sammukhaṁ
prasāritaṁ bhaviṣyati)
ɟकमथǖ त्वं गǵɡस इत्यत उच्यते कुरुɦष्वɟत
(kimarthaṁ tvaṁ gacchasi ityata
ucyatē kuruṣviti)
ɟकमथǖ त्वं गǵɡस तɟद्वदं ɟवदे (kimarthaṁ
tvaṁ gacchasi tadvidaṁ vidē)

ɟकमथǖ त्वं गǵɡसȡी गाजीवज़रहाडीज ɯजʌदा का-
मनर् नामाजावन
ɟकमथǖ त्वं गǵɡसयो का ɟनराशा मामला चाɟहए.
इस त्वं गǵɡसयो क
ɟकमथǖ त्वं गǵɡसनमः मरं त्वं से मृतमृत प्रदेशं प्र-
ȱ�

मɁं ɠमȲाȡं रो-
चते (mahyaṁ
miṣṭānnaṁ
rōcatē)

मɁं ɠमȲाȡं रोचते ते ददाɠम ॥ १२॥ देवा अȡं देɟह
मेऽजɥन्पबɥन्त। (mahyaṁ miṣṭānnaṁ
rōcatē tē dadāmi .. 12.. dēvā
annaṁ dēhi mē’janpibanti.)
मɁं ɠमȲाȡं रोचते ते ɞदने ɞदने ॥ (mahyaṁ
miṣṭānnaṁ rōcatē tē dinē dinē.)
मɁं ɠमȲाȡं रोचते ते ɟह भक्त्या मया दȉं वाɝरजाते
सरोजे । (mahyaṁ miṣṭānnaṁ rōcatē
tē hi bhaktyā mayā dattaṁ
vārijātē sarōjē)

मɁं ɠमȲाȡं रोचते रहेंगे हैं, वो कें द्र में तुम ɟनराश
ɣज,
मɁं ɠमȲाȡं रोचते तैयार भयरा ब्रेक्नां रोचते तैयार
भयरा
मɁं ɠमȲाȡं रोचते हुं ये क्यूँ मत है? मेरे आंदोलन
ɟबल नह
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Under review as a conference paper at ICLR 2025

Sanskrit Input
Prompt

Text Generation (top-3) from mPara-
manu 162M

LLaMa 2 7B

अस्माकं देशः भारतवषर्ः अस्माकं देशः भारतवषर्ः इɟत पɝरगɢणतः
अस्माकं देशः भारतवषर्ः इɟत ख्यातः
अस्माकं देशः भारतवषर्ः इɟत प्रɡसद्धः

अस्माकं देशः भारतवषर्ःअस्माकं देशः भारतवषर्ः च,
च ɟनɷवʌषेषः श्रवणɟतɢभɶदʌɠध: ।रङ्ग
अस्माकं देशः भारतवषर्ः सहायकः वैयɟकतीय बीमा-
ɟनक अथर्दान के आधार पर प्रशासɟनक पात्रता पर
ȭाप
<�> अस्माकं देशः भारतवषर्ः / भारतचक्रवृक्षः। /
महागृहः काɡलश्छɤन्हतः । स्वȣः स्वȣ'

वेदः चत्वारः सɥन्त वेदः चत्वारः सɥन्त छन्दः ब्राɀणम् तैɢȉरीयकम् क-
ठोपɟनषत् वैɞदकǵन्दसाम् मन्त्रम् आध्यपनम् अ-
ɧस्त
वेदः चत्वारः सɥन्त प्रɡसद्धः ɡशक्षाशास्त्रीयः ɡशक्षका-
यगः शास्त्रम् शास्त्रम् कणादः पाɢणनीय ɡशक्ष काण्डे
सूत्राणाम् उपɝर भाष्यम् ɡलɤखतवान्
वेदः चत्वारः सɥन्त धमर्शास्त्राɢण वेदाः वैɞदककमर्का-
ण्डम् आन्वीɢक्षकʏ दण्डनीɟतप्रभृतीɟन

वेदः चत्वारः सɥन्तवेदः परः आरामवापेȯर यूनरवा-
ɟपताःचूत्
वेदः चत्वारः सɥन्तनःतान्यरकमर्ः सवर्ɠधɢक्षत पवृर्ɟत
यत� newline वेदः चत्वारः सɥन्त चाɠमरः क्षमा दै-
ɟवकौ । संकोषं च ɫकʌ भारत ɟनन्दा ɫकʌ अɟतɟन ।
अɟप मनुष्या

ɟकमथǖ त्वं गǵɡस! ɟकमथǖ त्वं गǵɡस अस्माɢभः मे सम्मुखं प्रसाɝरतं भ-
ɟवष्यɟत
ɟकमथǖ त्वं गǵɡस इत्यत उच्यते कुरुɦष्वɟत
ɟकमथǖ त्वं गǵɡस तɟद्वदं ɟवदे

ɟकमथǖ त्वं गǵɡस रɟवत्वां ɫहʌसे माया ɟवǵप्ये-
कां गȞसागरः ॥ ३ ॥ kīmartham tvam
gacchasi ravitvā
ɟकमथǖ त्वं गǵɡस ɟनत्यासङ्ɟग्रमुɧȋतम् । महेȯर-
स्य महेȯरɟत पश्यɟत परं तȊवम्
ɟकमथǖ त्वं गǵɡस यत् स्वप्रथɠमɟत रतम्। 1-48-
59,55-62 तɧस्मȡप्यहं मधुरं तपः

मɁं ɠमȲाȡं रोचते मɁं ɠमȲाȡं रोचते ते ददाɠम ॥ १२॥ देवा अȡं देɟह
मेऽजɥन्पबɥन्त।
मɁं ɠमȲाȡं रोचते ते ɞदने ɞदने ॥
मɁं ɠमȲाȡं रोचते ते ɟह भक्त्या मया दȉं वाɝरजाते
सरोजे ।

मɁं ɠमȲाȡं रोचते मुɟवश्यते न्युइȮ यत्स उवाङ्ग्ȭुं
पश्यते तत्वः । तत्र नाɫनʌ ȯत
मɁं ɠमȲाȡं रोचतेन्द्रोȲतेन्दं्र राजन्यɳस्वʌधाɞदɟतस्वी-
कृɟतस्तत्रजगɟतभारɢण भावेशाɟन मृत्
मɁं ɠमȲाȡं रोचते ɷहʌता वा अनन्तकथ्या । पुत्रा का-
लाɤग्नः पृɡथवी पदोंɟत मध्ये । स्वा यो
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Under review as a conference paper at ICLR 2025

Sanskrit Input
Prompt

Text Generation (top-3) from mPara-
manu 162M

GPTJ 6B

अस्माकं देशः भारतवषर्ः अस्माकं देशः भारतवषर्ः इɟत पɝरगɢणतः
अस्माकं देशः भारतवषर्ः इɟत ख्यातः
अस्माकं देशः भारतवषर्ः इɟत प्रɡसद्धः

अस्माकं देशः भारतवषर्ः।। एɟतहासपत्रः समाप्तःमै-
श्रीɟनक्
अस्माकं देशः भारतवषर्ः। अथ मɠय ɟनबधमन्मा भा-
रतयाɠम ते ।। ������� ����� �� ���
अस्माकं देशः भारतवषर्ः रमाद्वʍ न गुणा ज्ञानं देशम-
स्तुलम् |व

वेदः चत्वारः सɥन्त वेदः चत्वारः सɥन्त छन्दः ब्राɀणम् तैɢȉरीयकम् क-
ठोपɟनषत् वैɞदकǵन्दसाम् मन्त्रम् आध्यपनम् अ-
ɧस्त
वेदः चत्वारः सɥन्त प्रɡसद्धः ɡशक्षाशास्त्रीयः ɡशक्षका-
यगः शास्त्रम् शास्त्रम् कणादः पाɢणनीय ɡशक्ष काण्डे
सूत्राणाम् उपɝर भाष्यम् ɡलɤखतवान्
वेदः चत्वारः सɥन्त धमर्शास्त्राɢण वेदाः वैɞदककमर्का-
ण्डम् आन्वीɢक्षकʏ दण्डनीɟतप्रभृतीɟन

वेदः चत्वारः सɥन्त ɢक्षमेयǂɢण भूतेवर्जाः स चतु भूत
दुगर्
वेदः चत्वारः सɥन्तभा सा कुण्डया चेɟत मम नो वो
हृȲी म् | योɟगन�
वेदः चत्वारः सɥन्तमाननाप्पɟतः मुखमापɝरणामहेमं
पुनः सुमानः

ɟकमथǖ त्वं गǵɡस ɟकमथǖ त्वं गǵɡस अस्माɢभः मे सम्मुखं प्रसाɝरतं भ-
ɟवष्यɟत
ɟकमथǖ त्वं गǵɡस इत्यत उच्यते कुरुɦष्वɟत
ɟकमथǖ त्वं गǵɡस तɟद्वदं ɟवदे

ɟकमथǖ त्वं गǵɭसʌ ɟवस्मयम् । कुणात्वा नɭसʌ मेदोः
शायद कु�
ɟकमथǖ त्वं गǵɡस) - अब ɫहʌदु वै ɟनम्रलाई बाँध्न हुने
छ यस को
ɟकमथǖ त्वं गǵɡसद्धः (Thus I have declared
and said, I will show thee what is my un-
derstanding of the meaning of these words.
) कुप्तɟत ɧस्मȉा �

मɁं ɠमȲाȡं रोचते मɁं ɠमȲाȡं रोचते ते ददाɠम ॥ १२॥ देवा अȡं देɟह
मेऽजɥन्पबɥन्त।
मɁं ɠमȲाȡं रोचते ते ɞदने ɞदने ॥
मɁं ɠमȲाȡं रोचते ते ɟह भक्त्या मया दȉं वाɝरजाते
सरोजे ।

मɁं ɠमȲाȡं रोचते शक्नोपने ɠमतीɥन्तस्तते वषर्ते।
मɁं ɠमȲाȡं रोचतेO’ My Soul! My Self is the
Immortal. अȲान्येन ततोऽस्त्यमात्म
मɁं ɠमȲाȡं रोचते Innocent eyes are filled
with tears, and the cheeks of the tender
ones are wet with the tears of the heart,
when a youth is told that his father is go-
ing to take away his life. But he forgets all
those things, and only thinks of the joy of
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Under review as a conference paper at ICLR 2025

Sanskrit Input
Prompt

Text Generation (top-3)
from mParamanu 162M

GPT-Neo 1.3B GPT2-XL

अस्माकं देशः भारतवषर्ः अस्माकं देशः भारतवषर्ः इɟत पɝर-
गɢणतः
अस्माकं देशः भारतवषर्ः इɟत
ख्यातः
अस्माकं देशः भारतवषर्ः इɟत प्रɡस-
द्धः

अस्माकं देशः भारतवषर्ः। साक्षा-
त्वायः। कारण वापराɝरत्याद्रद्
अस्माकं देशः भारतवषर्ः अस्माकं
देशः केवलȸाɟपतः नका बहुत ɟव
अस्माकं देशः भारतवषर्ः सवै जा-
तात्यायांन्ज़ी नावा तपासȞुवः सु�

अस्माकं देशः भारतवषर्ः ȹया कु-
ण्यं में अस्माकं देशः भारतवर�
अस्माकं देशः भारतवषर्ः वोɟडया
पायस्वहɸमʌया ॥. One of the
greatest benefits of being an
e-book reader is that you
don’t have to carry
अस्माकं देशः भारतवषर्ः भीषɹशʌ-
ध्यता, योगमɢणरɢणः दो अमहा-
नाɟत

वेदः चत्वारः सɥन्त वेदः चत्वारः सɥन्त छन्दः ब्राɀणम्
तैɢȉरीयकम् कठोपɟनषत् वैɞदक-
ǵन्दसाम् मन्त्रम् आध्यपनम् अ-
ɧस्त
वेदः चत्वारः सɥन्त प्रɡसद्धः ɡशक्षा-
शास्त्रीयः ɡशक्षकायगः शास्त्रम् शा-
स्त्रम् कणादः पाɢणनीय ɡशक्ष का-
ण्डे सूत्राणाम् उपɝर भाष्यम् ɡलɤख-
तवान्
वेदः चत्वारः सɥन्त धमर्शास्त्राɢण
वेदाः वैɞदककमर्काण्डम् आन्वी-
ɢक्षकʏ दण्डनीɟतप्रभृतीɟन

वेदः चत्वारः सɥन्तजर्नो गन्तु
सेवेदः चत्वारः सɥन्तजर्नो ɠम
वेदः चत्वारः सɥन्तसेंɞद्रȲीवरः
स्तेमः स्त्रेमः स्त्रजा
वेदः चत्वारः सɥन्तवशावेदो
चन्द्रादो श्री रं चवारास्रादो संस्

वेदः चत्वारः सɥन्तत्यागर्वेदंपयर्-
कारा नमɹथʌत्यागर्वेदं�
वेदः चत्वारः सɥन्तथर्लȺाɟतवतर्-
नाचाȡासɣद्धरतंप्रɟवध�
वेदः चत्वारः सɥन्त होगा, का
सम्बेशǶर्ɯजʌɢक्षया अȯेद च�

मɁं ɠमȲाȡं रोचते मɁं ɠमȲाȡं रोचते ते ददाɠम ॥
१२॥ देवा अȡं देɟह मेऽजɥन्पब-
ɥन्त।
मɁं ɠमȲाȡं रोचते ते ɞदने ɞदने ॥
मɁं ɠमȲाȡं रोचते ते ɟह भक्त्या
मया दȉं वाɝरजाते सरोजे ।

मɁं ɠमȲाȡं रोचतेसारास्ताȡुसाȡ-
Ȯ काȭाकसमान्ता�
मɁं ɠमȲाȡं रोचते। सँख्या भतर्रा-
ȡराम्यनस्तेन। यसल
मɁं ɠमȲाȡं रोचते त्रेभुचल्योगाम-
स्रीयɡचनःरुक्षणं

मɁं ɠमȲाȡं रोचते गाम्य वाकʏǵ
ɫहʌɣद्धɢक्षता महंɟत हो
मɁं ɠमȲाȡं रोचतें ग्रमास्य भूख-
णर्व भुखवारोɠधवणर्यम�
मɁं ɠमȲाȡं रोचतें समुनं कहɟतयों
दूस्यया में रहीं में म

ɟकमथǖ त्वं गǵɡस ɟकमथǖ त्वं गǵɡसअस्माɢभः मे स-
म्मुखं प्रसाɝरतं भɟवष्यɟत
ɟकमथǖ त्वं गǵɡस इत्यत उच्यते
कुरुɦष्वɟत
ɟकमथǖ त्वं गǵɡस तɟद्वदं ɟवदे

ɟकमथǖ त्वं गǵɡस पर तर जहां
ɟतथं त्वं गɜǵरण्यक्ष गɟतɟव�
ɟकमथǖ त्वं गǵɡस तदतो अɟवजा-
ɬयʌ वस्तु ɟवɞदमा आंतयǖतनोज
ɟकमथǖ त्वं गǵɡसतो जातो ɟकम-
थǖ त्वं प्रभ्यɜक्तɸमʌत ग

ɟकमथǖ त्वं गǵɡसथ्या, नोथर् त्रह
युजर प्रणं मुझ्यमापर ɟक�
ɟकमथǖ त्वं गǵɡसणर्कार चेलार
ɟकलारी ɟवɜष्ण ɟप्रशते चाɟहय
ɟकमथǖ त्वं गǵɡसकावर् है। सम-
झ्यɟत्रत्रान ɟकम्मापस्ȉ�

Table 34: mParamanu 162M vs GPT-Neo 1.3B vs GPT2-XL 1.5B open end text generation for
Sanskrit prompts.
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2538
2539
2540
2541
2542
2543
2544
2545
2546
2547
2548
2549
2550
2551
2552
2553
2554
2555
2556
2557
2558
2559
2560
2561
2562
2563
2564
2565
2566
2567
2568
2569
2570
2571
2572
2573
2574
2575
2576
2577
2578
2579
2580
2581
2582
2583
2584
2585
2586
2587
2588
2589
2590
2591

Under review as a conference paper at ICLR 2025

Sanskrit In-
put Prompt

mParamanu 162M Bloom 560M Bloom 1.1B Bloom 3B

अस्माकं देशः
भारतवषर्ः

अस्माकं देशः भारतवषर्ः इɟत पɝरगɢणतः
अस्माकं देशः भारतवषर्ः इɟत ख्यातः
अस्माकं देशः भारतवषर्ः इɟत प्रɡसद्धः

अस्माकं देशः भारतवषर्ः भारत (भारत सर-
कार)। भारत के संɟवधान में राज्य कʏ राज-
धानी रांची को “राज्यसभा” में रखा गया है,
जो रांची से लगभग 8 ɟकलोमीटर कʏ दूरी
पर ɜȸत है। राज्यसभा के ɟवस्तार में, रांची
में एक “अस्माकं राȴ” ( (राज्यसभा) है।
यह पूरे भारत कʏ राजधानी में एक “राज्य-
सभा” का कें द्र है। राज्यसभा में भाग लेने
के ɡलए सभी लोगों को अɟनवायर् रूप से
अपना नाम (
अस्माकं देशः भारतवषर्ः
अस्माकं देशः भारतवषर्ः चीनः ओमानः
दɢक्षण एɡशयाः ओज़ी एस्टेलीः ओमानः
पाɟकस्तानः प्रागैɟतहाɡसकः प्रागैɟतहाɡसकः
अलार्कं देशः प्रागैɟतहाɡसकः सूरीः सूरीः ɡस-
लीगुड़ीः ɡसलीगुड़ीः ɡसलीगुड़ीः ɡसली-
गुड़ीः ɡसलीगुड़ीः ɡसलीगुड़ीः ɡसलीगुड-
◌ी़ः ɡसलीगुड़ीः ɡसलीगुड़ीः

अस्माकं देशः भारतवषर्ः
अस्माकं देशः भारतवषर्ः॥ ५ हे ! परमा-
त्म्याय ! तत्रं तुस्य तत्रं॥ ७ हे ! परमात्माय !
तत्रं तुस्य तत्रं॥ ७ हे ! परमात्माय ! तत्रं तुस्य
तत्रं॥ ७ हे ! परमात्माय ! तत्रं तुस्य तत्रं॥ ७
हे ! परमात्माय ! तत्रं तुस्य तत्रं॥ ७ नृत्
अस्माकं देशः भारतवषर्ः भीषɹशʌध्यता, यो-
गमɢणरɢणः दो अमहानाɟत

अस्माकं देशः भारतवषर्ः । प्- प्र : देश। अ-
स्मार : अस्मात्, अथार्त् इस प्रकार। प्- प्र :
प्र :
अस्माकं देशः भारतवषर्ः ॥◌ौɞटल्य ने इस
देश का ɟववरण देने के ɡलए चार मुख्य ल-
क्षणों के आधार पर अपनी रचना कʏ है ।
अस्माकं देशः भारतवषर्ः’ आɞद ने इसे स्वी-
कार ɟकया। परंतु जब उसने सुना ɟक ‘देवः
लोकः’ (देवलोक) का नाम प्रचɡलत हो
चुका है, तब उसने इसे अस्वीकार कर
ɞदया। इस प्रकार यह ȺȲ है ɟक वैɞदक
काल से लेकर आधुɟनक युग तक इस श-
ब्द का प्रयोग बहुत ही प्रचɡलत है। संस्कृत
और अवधी में इसकʏ अनेक शब्दावɡलयाँ
प्रचɡलत हैं, जो ɟक वैɞदक अथǏ में ɢभȡ हैं।
पर उनमें मूल के समान अथर् समाɟहत हैं।
संस्कृत में', 'अस्माकं देशः भारतवषर्ः । प्-
प्र : देश। अस्मार : अस्मात्, अथार्त् इस प्र-
कार। प्- प्र : प्र : देश

वेदः चत्वारः स-
ɥन्त

वेदः चत्वारः सɥन्त छन्दः ब्राɀणम् तैɢȉरीय-
कम् कठोपɟनषत् वैɞदकǵन्दसाम् मन्त्रम्
आध्यपनम् अɧस्त
वेदः चत्वारः सɥन्त प्रɡसद्धः ɡशक्षाशास्त्रीयः
ɡशक्षकायगः शास्त्रम् शास्त्रम् कणादः पा-
ɢणनीय ɡशक्ष काण्डे सूत्राणाम् उपɝर भा-
ष्यम् ɡलɤखतवान्
वेदः चत्वारः सɥन्त धमर्शास्त्राɢण वेदाः वैɞद-
ककमर्काण्डम् आन्वीɢक्षकʏ दण्डनीɟतप्रभृ-
तीɟन

वेदः चत्वारः सɥन्तः - : - !
वेदः चत्वारः सɥन्त समन् - नं ɣद्ध ब , ग , -
, - , - , नं ग , - , - , - , - , नं , ग - , - , -
, - , नं , ग - , - , - , - , नं , ग - , - , - , -
, नं ग - , - , - , - , नं , ग - , - , - , - , नं -
वेदः चत्वारः सɥन्त श्रɠȲ प्रः śययाण् सɠम स-
वर्ः देवानाः द्योɟत सवर्ः ɡसः नः वं सः देवानाः
द्योɟत सवर्ः ɡसः नः वं सः देवानाः द्योɟत सवर्ः
ɡसः नः वं सः देवानाः द्योɟत सवर्ः ɡसः नः वं
सः देवानाः द्योɟत सवर्ः ɡसः नः वं

वेदः चत्वारः सɥन्त शɜल्ल । नः शांक्षते ।
वेदः चत्वारः सɥन्त । ɟनत्यानन्द- जो ɟकसी
भक्त कʏ भɜक्त करता है और भक्त के
ɡलए कोई काम करता है उस भक्तका नाम
भक्त ही है। इस बात को समझना चाɟहए
ɟक भक्त शब्द का अथर् ɡसफर् “जो” या
“और” है। ये शब्द एक न्यास या साधन कʏ
बात है। भक्त कʏ आत्मा के प्रɟत लगाव
और भɜक्त भावना ही भक्त का अथर् है।
यही भाव भक्त को परम ɟपता कʏ कृपा से
अपने भक्त के रूप', 'वेदः चत्वारः सɥन्त
॥ ९ १ ॥ जो सत्य , परमात्मा को ही जा-
नती है , वह भक्त है
वेदः चत्वारः सɥन्त नɺभʌ॥ ७८॥ नकुलः प-
मार्ण्यȮ कɟत्र॥ ७९॥ नकुलः नभǂ सत्वत्वः
भृजः॥ ७७०॥ नकुलः नभǂ सवर्ः चृथ्यः॥ ७
७ १॥ नकुलः नभǂ पुरुषः नभǂ॥ ७ ७ २॥ न-
कुलः नभǂ शारीरः चÛयः॥ ७ ७ ३

वेदः चत्वारः सɥन्त प्रेयसी
वेदः चत्वारः सɥन्त .
वेदः चत्वारः सɥन्त प्रेयसी ।

मɁं ɠमȲाȡं रो-
चते

मɁं ɠमȲाȡं रोचते ते ददाɠम ॥ १२॥ देवा
अȡं देɟह मेऽजɥन्पबɥन्त।
मɁं ɠमȲाȡं रोचते ते ɞदने ɞदने ॥
मɁं ɠमȲाȡं रोचते ते ɟह भक्त्या मया दȉं
वाɝरजाते सरोजे ।

मɁं ɠमȲाȡं रोचतेसारास्ताȡुसाȡȮकाȭा-
कसमान्ता�
मɁं ɠमȲाȡं रोचते। सँख्या भतर्राȡराम्यन-
स्तेन। यसल
मɁं ɠमȲाȡं रोचते त्रेभुचल्योगामस्रीयɡचनः-
रुक्षणं

मɁं ɠमȲाȡं रोचते गाम्य वाकʏǵ ɫहʌɣद्ध-
ɢक्षता महंɟत हो
मɁं ɠमȲाȡं रोचतें ग्रमास्य भूखणर्व भुख-
वारोɠधवणर्यम�
मɁं ɠमȲाȡं रोचतें समुनं कहɟतयों दूस्यया
में रहीं में म

अस्माकं देशः भारतवषर्ः। साक्षात्वायः।
कारण वापराɝरत्याद्रद्
अस्माकं देशः भारतवषर्ः अस्माकं देशः
केवल ȸाɟपतः नका बहुत ɟव
अस्माकं देशः भारतवषर्ः सवै जातात्यायां-
न्ज़ी नावा तपासȞुवः सु�

ɟकमथǖ त्वं
गǵɡस

ɟकमथǖ त्वं गǵɡस अस्माɢभः मे सम्मुखं प्र-
साɝरतं भɟवष्यɟत
ɟकमथǖ त्वं गǵɡस इत्यत उच्यते कुरुɦष्वɟत
ɟकमथǖ त्वं गǵɡस तɟद्वदं ɟवदे

ɟकमथǖ त्वं गǵɡस पर तर जहां ɟतथं त्वं ग-
ɜǵरण्यक्ष गɟतɟव�
ɟकमथǖ त्वं गǵɡस तदतो अɟवजाɬयʌ वस्तु
ɟवɞदमा आंतयǖतनोज
ɟकमथǖ त्वं गǵɡसतो जातो ि◌मथǖ त्वं प्रभ्य-
ɜक्तɸमʌत ग

ɟकमथǖ त्वं गǵɡसथ्या, नोथर् त्रह युजर प्रणं
मुझ्यमापर ɟक�
ɟकमथǖ त्वं गǵɡसणर्कार चेलार ɟकलारी
ɟवɜष्ण ɟप्रशते चाɟहय
ɟकमथǖ त्वं गǵɡसकावर् है। समझ्यɟत्रत्रान
ɟकम्मापस्ȉ�

अस्माकं देशः भारतवषर्ः। साक्षात्वायः।
कारण वापराɝरत्याद्रद्
अस्माकं देशः भारतवषर्ः अस्माकं देशः
केवल ȸाɟपतः नका बहुत ɟव
अस्माकं देशः भारतवषर्ः सवै जातात्यायां-
न्ज़ी नावा तपासȞुवः सु�

Table 35: mParamanu 162M vs Bloom (560M, 1.1B, 3B) open end text generation for Sanskrit
prompts.

48



2592
2593
2594
2595
2596
2597
2598
2599
2600
2601
2602
2603
2604
2605
2606
2607
2608
2609
2610
2611
2612
2613
2614
2615
2616
2617
2618
2619
2620
2621
2622
2623
2624
2625
2626
2627
2628
2629
2630
2631
2632
2633
2634
2635
2636
2637
2638
2639
2640
2641
2642
2643
2644
2645

Under review as a conference paper at ICLR 2025

Hindi Input Prompt Text Generation (top-3) from Paramanu-Hindi 162M GPT-Neo 1.3B GPT2-XL
सɡचन तेंदुलकर (Sachin
Tendulkar)

सɡचन तेंदुलकर, गांगुली, द्रɟवड़, लÛमण और सहवाग के अलावा
ɟवराट कोहली औरआर अɢȯन के 18-18 छक्कों के ɝरकॉडर् कʏ भी
बीसीसीआई ने खोज शुरूकर दʍ है। (sacina tēṁdulakara,
gāṁgulī, draviṛa, lakṣmaṇa aura sahavāga
kē alāvā virāṭa kōhalī aura āra aśvina kē
18-18 chakkōṁ kē rikôrḍa kī bhī bīsīsīāī nē
khōja śurū kara dī hai.)
सɡचन तेंदुलकर काआɤखरी व 200 वां टेस्ट काफʏ अहम है और इसे
एक महान ɤखलाड़ी को यादगार ɟवदाई देने के ɡलहाज से बेहद अहम
कहा जा सकता है। (sacina tēṁdulakara kā ākhirī
va 200 vāṁ ṭēsṭa kāphī ahama hai aura isē
ēka mahāna khilāṛī kō yādagāra vidāī dēnē
kē lihāja sē bēhada ahama kahā jā sakatā
hai.)
सɡचन तेंदुलकर काआɤखरी व 200 वां टेस्ट काफʏ अहम है और इसे
एक महान ɤखलाड़ी को यादगार ɟवदाई देने के ɡलहाज से बेहद अहम
कहा जा सकता है। (sacina tēṁdulakara kā ākhirī
va 200 vāṁ ṭēsṭa kāphī ahama hai aura isē
ēka mahāna khilāṛī kō yādagāra vidāī dēnē
kē lihāja sē bēhada ahama kahā jā sakatā
hai.)

सɡचन तेंदुलकर एक भावने पर चारने से बाहर है
यहाँ के रंग से यहाँ ȸ
सɡचन तेंदुलकर सुवना कʏ जगह कʏ महाराज ɟतर-
स्माɞदत्या ɟवशेष राȭ
सɡचन तेंदुलकतार्ओं के रूप में एक वैɢȯक करना
है, इसɡलए हमें य�

सɡचन तेंदुलकथार्वेगɟत में सम्हंते मवाचन भववामन
है ɞदयाल का गय�
सɡचन तेंदुलकरोŠवेɣद्धतं यही के जम भɟवȯं के बाद
ɯजʌग के �
सɡचन तेंदुलकमǏ दोनीɞदयंत्र तुशांके यहकल आना
दʍ भीषɹशʌत

शाहरुख़ ख़ान (Shah
Rukh Khan)

शाहरुख़ख़ान कʏ ɟफ़ल्म डॉन कोआज मुंबईऔरआसपास के इला-
कों में बड़े पैमाने पर देखा जा रहा है। (śāharuk�ha k�hāna
kī filma ḍôna kō āja muṁbaī aura āsapāsa
kē ilākōṁ mēṁ baṛē paimānē para dēkhā
jā rahā hai.)
शाहरुख़ ख़ान, रीतेश देशमुख, अनुष्का शमार्, रणवीर शौरी, लारा
दȉा, नाना पाटेकर, आशीष चौधरी, नवजोत ɡसद्ध,˒ शɜक्त कपूर, गो-
ɫवʌदा, चंकʏ पांडे के अɢभनय वाली इस ɟफल्म ने शुक्रवार को 10.11
करोड़ कʏ कमाई कʏ। (śāharuk�ha k�hāna, rītēśa
dēśamukha, anuṣkā śarmā, raṇavīra śaurī,
lārā dattā, nānā pāṭēkara, āśīṣa caudharī,
navajōta siddhū, śakti kapūra, gōviṁdā,
caṁkī pāṁḍē kē abhinaya vālī isa philma
nē śukravāra kō 10.11 karōṛa kī kamāī kī.)
शाहरुख़ ख़ान के प्रशंसक बनें या शाहरुख़ ख़ान के ɟवरोधी
, शाहरुख़ ख़ान को लेकर बहुत कुछ ɡलखा जा सकता है
(śāharuk�ha k�hāna kē praśaṁsaka banēṁ
yā śāharuk�ha k�hāna kē virōdhī ,
śāharuk�ha k�hāna kō lēkara bahuta kucha
likhā jā sakatā hai)

शाहरुख़ ख़ानी चापलबुती ɝरलाई वापरते मेरा बरे-
शɟत के ɡशक्षता सीज
शाहरुख़ ख़ाने ही रहते हैं। अब तुम्हें पता लगाने के
ɡलए मुख्य का व'
शाहरुख़ ख़ाने पर भीतर ɟपछले सप्ताह के रूप में
जीवन चालू करने के

शाहरुख़ ख़ान खादने प्रहारुख़ भारत करणे है तो
तोले के उस के रोजी भा
शाहरुख़ ख़ाने ɡलए अयोगाने वाली वरीज़ा दोववे
मन्दʍ लोगें पहले क
शाहरुख़ ख़ान कोई यही मनीजर के लोगा आने
है?करी नहीं कʏ साथ रहता कर

महात्मा गांधी (Ma-
hatma Gandhi)

महात्मा गांधी और उनके समकालीन नेताओं का मुख्य ध्यान समाज
के अंɟतम ȭɜक्त को महत्व देने पर था
महात्मा गांधी राȴीय ग्रामीण रोजगार गारंटʍ योजना के तहत संɟवदा
के कमर्चाɝरयों कʏ हड़ताल का असर इन्दौर में भी ɞदखा।
महात्मा गांधी भी अपनी ɯजʌदगी में मयार्दा का पालन करते थे और
अगर वे ɫहʌसा का सहारा ले रहे हैं तो वे भी ɟवचारधारा के ɡशकार हुए
हैं।

महात्मा गांधी
महात्मा गांधी के भावनामधील आनंद भर आवश्य-
कता के राजीȭ ɟगनी गांध'
महात्मा गांधी के भावनामधील आनंद भर आवश्य-
कता के राजीȭ ɟगनी गांध
महात्मा गांधीशोऽते गाजƹ आवश्यकआहे. तर तथा
ȭवरण नामावरणो हन

महात्मा गांधी भी साथा पूरवस बराहमें शोɟहलेकंपर
त्या हैं Name:Phone No:
महात्मा गांधी कʏ से करेंड़ नीते है मुस्ती और ɞदया
जानके से हमें आ�
महात्मा गांधी का में समग्रवोरवो देखारा से पर पर
रहाते है, ɣजस्कार �

लता मंगेशकर (Lata
Mangeshkar)

लता मंगेशकर नूरजहां और शमशाद बेगम के साथ भी गा
चुकʏ थीं। (latā maṁgēśakara nūrajahāṁ aura
śamaśāda bēgama kē sātha bhī gā cukī
thīṁ.)
लता मंगेशकर का जन्म २८ ɡसतम्बर १९२९ को वतर्मान पाɟक-
स्तान में हुआ था। (latā maṁgēśakara kā janma
28 sitambara 1929 kō vartamāna pākistāna
mēṁ huā thā.)
लता मंगेशकर ने रील लाइफ से ɝरयल लाइफ तक का सफर तय
ɟकया है और ɝरयल लाइफ के उनके करीɟबयों ने उन्हें रील लाइफ
में भी न ɡसफर् ɝरयल लाइफ बɧल्क लव लाइफ में भी जीना ɡसखा
ɞदया है। (latā maṁgēśakara nē rīla lāipha sē
riyala lāipha taka kā saphara taya kiyā hai
aura riyala lāipha kē unakē karībiyōṁ nē
unhēṁ rīla lāipha mēṁ bhī na sirpha riyala
lāipha balki lava lāipha mēṁ bhī jīnā sikhā
diyā hai.)

लता मंगेशकर है तब मेरा नाम गुल्मने में अक्षम कर
ɞदया है यह वास्तव
लता मंगेशकर करने कʏ जरूरत हो जाए तेल्स के
अंदर बाहर अमेज में रखा ज
लता मंगेशकर अपेक्षा में हों या उसका दूसरा एक
सारा हजारों से ȺȲ

लता मंगेशकर प्रायना को बहुतो गयाते समेȮे ɞदली
नने गया ɟवचने क
लता मंगेशकर स्वास रɟहत आरवोईरहे मन्दुनीते के
नहीं सब मंगेशकर
लता मंगेशकर प्रयवेस प्रयावसने जानकारुɦष्ययते-
त्के देश ɡसवास

Table 36: Paramanu-Hindi 162M vs GPT-Neo 1.3B vs GPT2-XL 1.5B open end text generation for
Hindi prompts.
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Hindi Input Prompt Text Generation (top-3) from Paramanu-
Hindi 162M

OPT 6.7B

सɡचन तेंदुलकर (Sachin
Tendulkar)

सɡचन तेंदुलकर, गांगुली, द्रɟवड़, लÛमण और सह-
वाग के अलावा ɟवराट कोहली और आर अɢȯन के
18-18 छक्कों के ɝरकॉडर् कʏ भी बीसीसीआई ने
खोज शुरू कर दʍ है।
सɡचन तेंदुलकर काआɤखरी व 200 वां टेस्ट काफʏ
अहम है और इसे एक महान ɤखलाड़ी को यादगार
ɟवदाई देने के ɡलहाज से बेहद अहमकहा जा सकता
है।
सɡचन तेंदुलकर काआɤखरी व 200 वां टेस्ट काफʏ
अहम है और इसे एक महान ɤखलाड़ी को यादगार
ɟवदाई देने के ɡलहाज से बेहद अहमकहा जा सकता
है।

सɡचन तेंदुलकर क्षेत्र ɝरपोटर् I am a writer and a
thinker. I write on contemporary political,
social, cultural, economic, psychological,
and philosophical issues. I write on the
subjects of politics, philosophy, psychol-
ogy, and sociology. I am an amateur
सɡचन तेंदुलकर आयोɣजत कम संयुक्त
करेगा।लेɟकन जब संयुक्त कम
सɡचन तेंदुलकर एक दो वह पास करते रहे हैं आज
मगर अब पास करते हैं सब

शाहरुख़ ख़ान (Shah
Rukh Khan)

शाहरुख़ ख़ान कʏ ɟफ़ल्म डॉन को आज मुंबई और
आसपास के इलाकों में बड़े पैमाने पर देखा जा रहा
है।
शाहरुख़ ख़ान, रीतेश देशमुख, अनुष्का शमार्, रण-
वीर शौरी, लारा दȉा, नाना पाटेकर,आशीष चौधरी,
नवजोत ɡसद्ध,˒ शɜक्त कपूर, गोɫवʌदा, चंकʏ पांडे के
अɢभनय वाली इस ɟफल्म ने शुक्रवार को 10.11
करोड़ कʏ कमाई कʏ।
शाहरुख़ ख़ान के प्रशंसक बनें या शाहरुख़ ख़ान के
ɟवरोधी , शाहरुख़ ख़ान को लेकर बहुत कुछ ɡलखा
जा सकता है

शाहरुख़ ख़ानी चापलबुती ɝरलाई वापरते मेरा बरे-
शɟत के ɡशक्षता सीज�
शाहरुख़ ख़ाने ही रहते हैं। अब तुम्हें पता लगाने के
ɡलए मुख्य का व'
शाहरुख़ ख़ाने पर भीतर ɟपछले सप्ताह के रूप में
जीवन चालू करने के �

महात्मा गांधी (Ma-
hatma Gandhi)

महात्मा गांधी और उनके समकालीन नेताओं का मु-
ख्य ध्यान समाज के अंɟतम ȭɜक्त को महत्व देने
पर था
महात्मा गांधी राȴीय ग्रामीण रोजगार गारंटʍ यो-
जना के तहत संɟवदा के कमर्चाɝरयों कʏ हड़ताल
का असर इन्दौर में भी ɞदखा।
महात्मा गांधी भी अपनी ɯजʌदगी में मयार्दा का पालन
करते थे और अगर वे ɫहʌसा का सहारा ले रहे हैं तो
वे भी ɟवचारधारा के ɡशकार हुए हैं।

महात्मा गांधी राम कʏ अनुराɠȴत बल नहीं, आनंद
को खोज के आरोɟप�
महात्मा गांधी ने मानवरी अपना प्रवेश के नेतृत्व को
बढ़ाने के ɡलए �
महात्मा गांधी में मैंने नागɭलʌग देखने को सेना कʏ
संपकर् के साथ आ�

लता मंगेशकर (Lata
Mangeshkar)

लता मंगेशकर नूरजहां और शमशाद बेगम के साथ
भी गा चुकʏ थीं।
लता मंगेशकरका जन्म २८ ɡसतम्बर १९२९को वतर्-
मान पाɟकस्तान में हुआ था।
लता मंगेशकर ने रील लाइफ से ɝरयल लाइफ तक
का सफर तय ɟकया है और ɝरयल लाइफ के उनके
करीɟबयों ने उन्हें रील लाइफ में भी न ɡसफर् ɝरयल
लाइफ बɧल्क लव लाइफ में भी जीना ɡसखा ɞदया
है।

लता मंगेशकरती अमेरा यांची बाला सोमवार यांची
जनता का सही ɞदवस शब्द'
लता मंगेशकर पीसद में एक ɞदनों प्राप्त पहुंचे। इस
ɟनधन से पहुं
लता मंगेशकरआजअंदर बाɡलक बने ɟवधायक पर
कब्जे को देखा हूँ। इसɡल

Table 37: Paramanu-Hindi 162M vs OPT 6.7B open end text generation for Hindi prompts.
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Hindi Input Prompt Text Generation (top-3) from Paramanu-Hindi 162M LLaMa-2 7B
सɡचन तेंदुलकर (Sachin
Tendulkar)

सɡचन तेंदुलकर, गांगुली, द्रɟवड़, लÛमण और सहवाग के अलावा
ɟवराट कोहली औरआर अɢȯन के 18-18 छक्कों के ɝरकॉडर् कʏ भी
बीसीसीआई ने खोज शुरू कर दʍ है।
सɡचन तेंदुलकर का आɤखरी व 200 वां टेस्ट काफʏ अहम है और
इसे एक महान ɤखलाड़ी को यादगार ɟवदाई देने के ɡलहाज से बेहद
अहम कहा जा सकता है।
सɡचन तेंदुलकर का आɤखरी व 200 वां टेस्ट काफʏ अहम है और
इसे एक महान ɤखलाड़ी को यादगार ɟवदाई देने के ɡलहाज से बेहद
अहम कहा जा सकता है।

सɡचन तेंदुलकर
सɡचन तेंदुलकर के हकʏकतें जाɟनए सɡचन तेंदुलकर के हकʏकतें जाɟनए और करें
सही घोषणा. प्रमुख मुद्दों पर राजे पाली पहले इशारे ɞदए। बॉलीवुड में रहने वाले
ɡसतारों में कोई फेहरा नहीं बɧल्क बेहद सुखदायी है। ɟफर भी सब मानेंगे ɡसतारों को
उम्मीद
सɡचन तेंदुलकर राउंड में मार रहे कुछ ɟवदेɡशयों के प्लेवर ने ɞदल झका ɡलया, बीस
फेɠमना कʏ मारी रही ɧȺक्स स्कुल पाठ्यालय के एडɠमɟनस्टे्रट फांदʍन अहमद जी कʏ
जांच पर ɞदल्ली में कई मुɜस्लम मɟहलाओंको हमला करने कʏआकलामआयीं । बहुत
जल्दʍ बाद

शाहरुख़ ख़ान (Shah
Rukh Khan)

शाहरुख़ख़ान कʏ ɟफ़ल्म डॉन कोआज मुंबईऔरआसपास के इला-
कों में बड़े पैमाने पर देखा जा रहा है।
शाहरुख़ ख़ान, रीतेश देशमुख, अनुष्का शमार्, रणवीर शौरी, लारा
दȉा, नाना पाटेकर, आशीष चौधरी, नवजोत ɡसद्ध,˒ शɜक्त कपूर, गो-
ɫवʌदा, चंकʏ पांडे के अɢभनय वाली इस ɟफल्म ने शुक्रवार को 10.11
करोड़ कʏ कमाई कʏ।
शाहरुख़ख़ान के प्रशंसक बनें या शाहरुख़ख़ान के ɟवरोधी, शाहरुख़
ख़ान को लेकर बहुत कुछ ɡलखा जा सकता है

शाहरुख़ ख़ान और अɠमताब बǴन ने रोɟहत शमार् के ɟनकाट रहे ɡसलवाई शादʍ में
अनुभव कʏ दुɟनया देखा Dear reader, its been a little over a month since
Salman Khans hit-and-run case was closed. While a lot of speculations
had been doing the rounds about Salmans alleged affair with Aishwarya
Rai, the superstar has repeatedly denied it and said that he is a happily
married man. Well, Salmans wife, Arpita Khan, has been very support-
ive of her husband. In fact, its been widely reported that Arpita and
Salmans sister, Alvira, have been quite worried about the allegations.
They have been concerned about the reports about the superstars affairs
with women like Katrina Kaif, A”, ’<s> शाहरुख़ ख़ान कʏ बॉलीवुड कɝरयर
के संकटों से ɝरकॉडर् ɟक्रकेटर लेक कहा ɟक यह सौभाग्य था ɟक मेरे ɟपता महादेव कपूर
नहीं थे और हम नहीं ɠमलीं। ɝरकॉडर् ɟक्रकेटर लेक ɤखलाड़ी पर बढ़ते हुए ɟक्रकेटर के
एक बार ɟफर नाम बाज़ार में आ गये। ये बात सबके स
शाहरुख़ ख़ान कʏ बॉलीवुड कɝरयर के संकटों से ɝरकॉडर् ɟक्रकेटर लेक कहा ɟक यह
सौभाग्य था ɟक मेरे ɟपता महादेव कपूर नहीं थे और हम नहीं ɠमलीं। ɝरकॉडर् ɟक्रकेटर
लेक ɤखलाड़ी पर बढ़ते हुए ɟक्रकेटर के एक बार ɟफर नाम बाज़ार में आ गये। ये बात
सबके स
शाहरुख़ ख़ान ने संगम अलफ़ाजी कʏ ɟनशानी के ɤखलाफ घेर ɞदया हाथ 2023-03-
25T15:36:04+05:30 Shah Rukh Khans Mother Shares Video Of Her
Husband “Taking Sip Of Water After Taking His Medicine” Shah Rukh
Khan’s mother, Lateef Fatima Khan, took to her Instagram handle to
share a video of her husband “taking a sip of water after taking his
medicine”.Recently, Sharukh Khan shared a heartfelt post for his father.
He also shared a video of him in which he is seen speaking on his fa-
thers health. In the clip, SRK can be seen sitting in a chair and holding
his fathers hand. The video went viral on social media as many peo-
ple were moved by the sight of the King Khan holding his fathers hand.
SRK had

महात्मा गांधी (Ma-
hatma Gandhi)

महात्मा गांधी और उनके समकालीन नेताओं का मुख्य ध्यान समाज
के अंɟतम ȭɜक्त को महत्व देने पर था
महात्मा गांधी राȴीय ग्रामीण रोजगार गारंटʍ योजना के तहत संɟवदा
के कमर्चाɝरयों कʏ हड़ताल का असर इन्दौर में भी ɞदखा।
महात्मा गांधी भी अपनी ɯजʌदगी में मयार्दा का पालन करते थे और
अगर वे ɫहʌसा का सहारा ले रहे हैं तो वे भी ɟवचारधारा के ɡशकार हुए
हैं।

महात्मा गांधी अंको अपलाईल होली पाउडाको सुवाɡसयालाई ɡलनक मुख्य राȴप-
ɟतमा पत्र ɠमला Kathmandu, July 25 (RSS): Rashtriya Samajbadi Party
Nepal (RSPN) leader Madhav Kumar Nepal has written a letter to Pres-
ident Bidya Devi Bhandari seeking the appointment of former prime
ministers Sher Bahadur Deuba and Pushpa Kamal Dahal as the prime
minister, RSPNs central office said. In the letter dated 24 July, Nepal
requested the president to make Nepal Communist Party (NCP) chair-
person and former prime minister Deuba, RSPN general secretary and
former prime minister Dahal and NCP leader and former prime minister
Jhala Nath Khanal prime minister through a joint consensus. The
महात्मा गांधी कʏ पɝरɡचतता बढ़ाने के ɡलए सुधार प्रɟक्रया का आɃान अɢभयान कʏ
शुरुआत करें श्रीमान महात्मा गांधी कʏ मान्यता ɟहन्दुस्तान कʏ सवǎǴता प्रेम कʏ सी-
माओं से बाहर से अǵʍ तरह से अɟतɝरक्त होना चाɟहएऔर ɟहन्दुस्तान पर एक दूसरी
ध्यान
महात्मा गांधी का साɟहɥत्यक पɟत्रका भारतीय लोकसभा महासभा में कौन वाले बड़े
राजɟनɟतक प्रधान थे? कबीर ɭसʌह कʏ बेटʍ सत्य ɭसʌह को कब समेत देश कʏ महान
तरीक़ा प्रेɝरत होती थीं? उसकʏ पɝरवार व घर के जांच से कहीं नहीं पाई जाती थी ɟक
जाɟतवाद का गुलाम अब्दुल

लता मंगेशकर (Lata
Mangeshkar)

लता मंगेशकर नूरजहां और शमशाद बेगम के साथ भी गा चुकʏ थीं।
लता मंगेशकर का जन्म २८ ɡसतम्बर १९२९ को वतर्मान पाɟकस्तान
में हुआ था।
लता मंगेशकर ने रील लाइफ से ɝरयल लाइफ तक का सफर तय
ɟकया है और ɝरयल लाइफ के उनके करीɟबयों ने उन्हें रील लाइफ में
भी न ɡसफर् ɝरयल लाइफ बɧल्क लव लाइफ में भी जीना ɡसखा ɞदया
है।

लता मंगेशकर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर
पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर
पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर
पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर पर
लता मंगेशकर बोले हर पहले उǴ ɡशक्षा के बारे में अपनी दुघर्टना से सम्बंɠधत बात-
चीत
लता मंगेशकर कʏ बेटʍ ɟपयाली ने बताया कहां कʏ उम्र से शादʍ करना चाहते हैं प्याली
एक अदृश्य ɟववाɟहक नाम बता रही है। वह अपने ɟकस्सें अकेला खासी एवं अपो-
केɟतक अथार्त्मक होने पर वापस अपनी प्याली पर कहती हैं। पात्रता से प्याली उम्र
छात्र-दाɝरयों से म
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Hindi Input Prompt Text Generation (top-3) from Paramanu-Hindi 162M GPT-J 6B
सɡचन तेंदुलकर (Sachin
Tendulkar)

सɡचन तेंदुलकर, गांगुली, द्रɟवड़, लÛमण और सहवाग के अलावा
ɟवराट कोहली औरआर अɢȯन के 18-18 छक्कों के ɝरकॉडर् कʏ भी
बीसीसीआई ने खोज शुरू कर दʍ है।
सɡचन तेंदुलकर का आɤखरी व 200 वां टेस्ट काफʏ अहम है और
इसे एक महान ɤखलाड़ी को यादगार ɟवदाई देने के ɡलहाज से बेहद
अहम कहा जा सकता है।
सɡचन तेंदुलकर का आɤखरी व 200 वां टेस्ट काफʏ अहम है और
इसे एक महान ɤखलाड़ी को यादगार ɟवदाई देने के ɡलहाज से बेहद
अहम कहा जा सकता है।

सɡचन तेंदुलकर वरचेता जाते. Kannada: ďಚುಚ್ವæ Ûದದ್āಗಳĘ ¡ಾದಮತುತ್ ಸತಯ್
ಎಂದು ಕĈ�ಾಗು�ಾತ್Ĉ. Serbian: I am a writer and a thinker. I write on
contemporary political, social, cultural, economic, psychological, and
philosophical issues. I write on the subjects of politics, philosophy, psy-
chology, and sociology. I am an amateur
सɡचन तेंदुलकर शेखपद तɟकयोवा ������� डॉवरका शɟनवार, 10 जनवरी,
2010 को दंपत दूल्हें दो बार दʍ ɭसʌहɭसʌग देखभाल और कʏटनाशकों में तरीका समा-
प्त। अगले देर में दो बार देखभाल और बचाव
सɡचन तेंदुलकर हैन्च होɟकȡे दुष्पतेंदुलकर होɟकȡे दुष्पतेंदुलकर होɟकȡे दुष्पतेंदुलकर
होɟकȡे दुष्पतेंदुलकर होɟकȡे दुष्पतेंदुलकर होɟकन्

शाहरुख़ ख़ान (Shah
Rukh Khan)

शाहरुख़ख़ान कʏ ɟफ़ल्म डॉन कोआज मुंबईऔरआसपास के इला-
कों में बड़े पैमाने पर देखा जा रहा है।
शाहरुख़ ख़ान, रीतेश देशमुख, अनुष्का शमार्, रणवीर शौरी, लारा
दȉा, नाना पाटेकर, आशीष चौधरी, नवजोत ɡसद्ध,˒ शɜक्त कपूर, गो-
ɫवʌदा, चंकʏ पांडे के अɢभनय वाली इस ɟफल्म ने शुक्रवार को 10.11
करोड़ कʏ कमाई कʏ।
शाहरुख़ ख़ान के प्रशंसक बनें या शाहरुख़ ख़ान के ɟवरोधी , शाह-
रुख़ ख़ान को लेकर बहुत कुछ ɡलखा जा सकता है

शाहरुख़ ख़ानेकु काके गहु होइनको परȥरामाले जस्तो छैन शेल्गा काकेकु शाहरुख़-
रूपमा समाजको अरूलाई हाम्रो रोɣजसम्म यɟत नयाँ शहरको बचाउनु परंतु यसको
जनबीतको जाɟत�
शाहरुख़ ख़ानेर ɟतɠमरन कहुन्छ यस्तोमा खुटेको लाɟग काम गनुर् कनǂ हुँदै Estonian:
Nagu siin on hästi, saate teadada, kuidas mina kirjutasin sinise koos
tundumata, kuidas kirjutasin ülejäänud kõikide aegade tundumata.
Nagu siin on hästi, saate teadada, kuidas mina kirjutasin sinise koos
tundumata, kuidas kirjutasin ülejäänud kõikide aegade tundumata.
शाहरुख़ ख़ानाहरु देखाको ɡथए तीन बाँयालहरुको ɟववाहमा पɟन पैसा
लगाएका ɡथए texthindi Turkish:
Japanese: インドの女性は若いときにお金を使って食べました
三鳥のような子供はお金を取得することができます
結婚指輪は小さな社会で支払われましたインドでは�

महात्मा गांधी (Ma-
hatma Gandhi)

महात्मा गांधी और उनके समकालीन नेताओं का मुख्य ध्यान समाज
के अंɟतम ȭɜक्त को महत्व देने पर था
महात्मा गांधी राȴीय ग्रामीण रोजगार गारंटʍ योजना के तहत संɟवदा
के कमर्चाɝरयों कʏ हड़ताल का असर इन्दौर में भी ɞदखा।
महात्मा गांधी भी अपनी ɯजʌदगी में मयार्दा का पालन करते थे और
अगर वे ɫहʌसा का सहारा ले रहे हैं तो वे भी ɟवचारधारा के ɡशकार हुए
हैं।

महात्मा गांधी प्राप्तमुपाते, ɡसद्ध समृद्ध भारतीयेत्र ब्रɀाɜǵȡ महात्मा पुरुष स्वतः
हैतो। वहाँ तो केɟह भी अज्ञा आयत आहे जेसे शते व भैंके, पुन्हा शेष भैंके
महात्मा गांधी में मृत के वषर् में पहली बार ɟकतना परेशाɟनयां हुई। उन्होंने देखा है ɟक
एक युवती का पैर अपनी देखरी पीठ में लहसुन भूɠमका नहीं करती है। बाबा ने पीɟड़त
सोने
महात्मा गांधी कʏ रोक करने कʏ कोɡशश करती हैं। अपनी पसंद ȭक्त करती हैं।
अपनी देɟहया के शरीर में इसे बदलना नहीं चाहती हैं। सेना को असुɟवधा दʍ ɣजसे
ɡसफर् अɠधक न

लता मंगेशकर (Lata
Mangeshkar)

लता मंगेशकर नूरजहां और शमशाद बेगम के साथ भी गा चुकʏ थीं।
लता मंगेशकर का जन्म २८ ɡसतम्बर १९२९ को वतर्मान पाɟकस्तान
में हुआ था।
लता मंगेशकर ने रील लाइफ से ɝरयल लाइफ तक का सफर तय
ɟकया है और ɝरयल लाइफ के उनके करीɟबयों ने उन्हें रील लाइफ में
भी न ɡसफर् ɝरयल लाइफ बɧल्क लव लाइफ में भी जीना ɡसखा ɞदया
है।

लता मंगेशकर को मालते हुए आȯस्तेज तरंगी का तेजतर पैगंबन बन गया है। उन्होंने
ɟपछले 5 कोबीर बना मुख्य दुल्हन के अनुभाग में समाप्त ɟकया है। मैनेɣजक मोȪन
के एक कह
लता मंगेशकतार् द्वारा भुगतान के पूरी तरह से कनेǯन को समाप्त कर ɞदया। तो अब
मैं आपको बताना चाहूंगा ɟक कौन सा ȭɜक्त ने ɟकसी चीज़ का भुगतान ɟकया है?
आपको एक दूसरे कʏ भ
लता मंगेशकषर्ण का भेंकं को हमेशा तो जनाती होता हैं। लेɟकन वे काफʏ खूबसूरते
हैं। Portuguese: Eu tenho minha própria música de fundo. Eu tenho um
grande amigo em que o meu nome significa muito para ele, e ele fala
em mim no último episódio de uma maneira realmente agradável, e é
muito bom se você acompanhar isso, e ele é Muito boa como o meu
amigo, ele é meu amigo, como o meu amigo, e ele é tão
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Hindi Input
Prompt

Text Generation (top-3) from
Paramanu-Hindi 367.5M

Bloom 560M Bloom 1.1B Bloom 3B Bloom 7.1B

सɡचन तेंदुलकर सɡचन तेंदुलकर का आɤखरी व 200 वां टे-
स्ट काफʏ अहम है और इसे एक महान ɤख-
लाड़ी को यादगार ɟवदाई देने के ɡलहाज से
बेहद अहम कहा जा सकता है।
सɡचन तेंदुलकर का आɤखरी व 200 वां टे-
स्ट काफʏ अहम है और इसे एक महान ɤख-
लाड़ी को यादगार ɟवदाई देने के ɡलहाज से
बेहद अहम कहा जा सकता है।
सɡचन तेंदुलकर, गांगुली, द्रɟवड़, लÛमण
और सहवाग के अलावा ɟवराट कोहली
और आर अɢȯन के 18-18 छक्कों के ɝर-
कॉडर् कʏ भी बीसीसीआई ने खोज शुरू कर
दʍ है।

सɡचन तेंदुलकर ने कहा है ɟक उन्हें ये बात
पसंद नहीं है ɟक भारतीय टʍम में ɟकसी ɤख-
लाड़ी कʏ जगह दूसरी पारी में खेलने का
मौका न ɠमल रहा हो ।
सɡचन तेंदुलकर ने कहा है ɟक उन्हें ये बात
पसंद नहीं है ɟक भारतीय टʍम में ɟकसी ɤख-
लाड़ी कʏ जगह दूसरी पारी में खेलने का
मौका न ɠमल रहा हो।

सɡचन तेंदुलकर से मुलाकात करेंगे और
अपने नए कप्तानों को सम्माɟनत करेंगे।
सɡचन तेंदुलकर और भारतीय कप्तान महें-
द्र ɭसʌह धोनी के बीच चल रही ɟववाद के
बीच अब ऑस्टे्रɡलया के टेस्ट कप्तान मा-
इकल राइट ने भारतीय कप्तान को ‘मी-
ɟडया के ɣजम्मेदार’ बताया है।

सɡचन तेंदुलकर के ɤखलाफ भारतीय टʍम
के पूवर् कप्तान महेंद्र ɭसʌह धोनी ने कहा है
ɟक उन्होंने टʍम को जीत ɞदलाने के ɡलए
एक टʍम कʏ जरूरत नहीं महसूस कʏ
सɡचन तेंदुलकर और महेंद्र ɭसʌह धौनी के
ɡलए इस बात का मायने कई बार नहीं होता
ɟक भारत के ɡलए खेलने वाले दो महान
बल्लेबाज अब अपने कɝरयर कʏ समाɥप्त
पर अपने कɝरयर को थाम लें

सɡचन तेंदुलकर का मानना है ɟक सɡचन तें-
दुलकर को ɟक्रकेट का असली भगवान नहीं
माना जा सकता क्योंɟक उस समय सɡचन
कʏ उम्र महज 19 वषर् थी लेɟकन वह खेल
कʏ दुɟनया में छा गए और अब वह भारत
में सबसे लोकɟप्रय ɟक्रकेट ɤखलाडी है ।
सɡचन तेंदुलकर के साथ है, ɣजन्होंने यह पु-
रस्कार जीता था। शारदा ɡसन्हा (सरस), पू-
वर् ɟक्रकेटरऔर टʍवी पत्रकार शारदा ɡसन्हा
(सरस), पूवर् ɟक्रकेटर और टʍवी पत्रकार के
रूप में जाना जाता है
सɡचन तेंदुलकरऔर वीरेंद्र सहवाग भी शा-
ɠमल थे।

शाहरुख़ ख़ान शाहरुख़ ख़ान, रीतेश देशमुख, अनुष्का
शमार्, रणवीर शौरी, लारा दȉा, नाना
पाटेकर, आशीष चौधरी, नवजोत ɡस-
द्ध,˒ शɜक्त कपूर, गोɫवʌदा, चंकʏ पांडे के
अɢभनय वाली इस ɟफल्म ने शुक्रवार को
10.11 करोड़ कʏ कमाई कʏ।
शाहरुख़ ख़ान कʏ ɟफ़ल्म डॉन को आज
मुंबई और आसपास के इलाकों में बड़े पै-
माने पर देखा जा रहा है।
शाहरुख़ ख़ान ने थैंक्यू सॉरीज़ बोलते हुए
कहा, मैने अपने सभी करीबी दोस्तों और
पɝरवार वालों से कहा है ɟक ये समारोह
बहुत ज़रूरी था।

शाहरुख़ख़ान के साथ है, ɣजन्होंने एक ɟफ-
ल्म का ɟनदǂशन ɟकया है।
शाहरुख़ ख़ान के साथ ɟफल्म के पहले दृ-
श्य में अɠमताभ बǴन का हाथ और कान
पीछे रखकर एक शटर् से पकड़े जाने वाला
है.
शाहरुख़ख़ानका शटर् और पैंटʍ को देखकर
अंदाजा लगाया जा सकता है ɟक वे बहुत
देर से पैंट और शटर् पहन रही थीं।

शाहरुख़ ख़ान को श्रद्धांजɡल दʍ.
शाहरुख़ ख़ान कʏ बेटʍ सुहाना खान अपने
पहले बथर्डे सेɡलब्रेट कर रहीं हैं. सुहाना ने
ट्ɟवटर पर इस बात का ऐलान ɟकया है ɟक
वे अपनी पहली बथर्डे पाटʓ 22 ɞदसंबर को
ɞदल्ली के एक कैफे में कर रही हैं
शाहरुख़ ख़ान एक बार ɟफर से अपनी नई
ɟफ़ल्म धूम 3 के ɡलए अपने पɝरवार संग
इस शहर में आए हैं

शाहरुख़ ख़ान के अनुसार, उन्हें कभी नहीं
लगा ɟक उनकʏ ɟफ़ल्म को कोई गंभीरता
से ले रहा है. लेɟकन ɟफ़ल्म से पहले उन्हें
लगता था ɟक लोग उन्हें पसंद करेंगे. ले-
ɟकन असɡलयत में दशर्कों का रवैया ɟब-
ल्कुल अलग था.
शाहरुख़ ख़ान कʏ

शाहरुख़ ख़ान के प्रशंसक बनें या शाहरुख़
ख़ान के ɟवरोधी, शाहरुख़ ख़ान को लेकर
बहुत कुछ ɡलखा जा सकता है

लता मंगेशकर नूरजहां और शमशाद बेगम
के साथ भी गा चुकʏ थीं।
लता मंगेशकर का जन्म २८ ɡसतम्बर
१९२९ को वतर्मान पाɟकस्तान में हुआ था।
लता मंगेशकर ने रील लाइफ से ɝरयल
लाइफ तक का सफर तय ɟकया है और
ɝरयल लाइफ के उनके करीɟबयों ने उन्हें
रील लाइफ में भी न ɡसफर् ɝरयल लाइफ
बɧल्क लव लाइफ में भी जीना ɡसखा ɞदया
है।

लता मंगेशकर।
लता मंगेशकर ने ɡलखा है ɟक वह खुद कʏ
शादʍ को लेकर ɟबल्कुल भी शमर्शार नहीं
है और वह अभी भी अपने ɡलए एक सुंदर
और ɟफट मां बनना चाहती है।
लता मंगेशकर , दʍपक केसɝरया , मनोज
कुमार , शुभम शमार् , अɢभषेक शमार् आɞद
नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी
नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी
नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी
नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी नेगी
नेगी नेगी नेगी नेगी

लता मंगेशकर , हɝरओम चौहान , अɠमत
शमार् , ɟवकास जैन , धमर्बीर जैन , सुनील
शमार् , बलबीर त्यागी , सतीश कुमार , रा-
जेंद्र कुमार आɞद मौजूद रहे ।
लता मंगेशकर कʏ हत्या कʏ जांच को शुरू
ɟकया गया है। बता दें ɟक ये मामला 17
साल पुराना है। इस मामले में पहले से
दो आरोपी पुɡलस कʏ ɟगरफ्त में थे ले-
ɟकन ɟपछले दो महीने में यह मामला काफʏ
बढ़ गया था। इससे पहले पूवर् मंत्री गाय-
त्री प्रसाद प्रजापɟत के बेटे गायत्री प्रजा-
पɟत और भाजपा ɟवधायक संगीत सोम के
बीच हुई झड़प के बाद अब गायत्री प्रजा-
पɟत कʏ हत्या कʏ आशंका जताई जा रही
है। आपको बता दें ɟक गायत्री प्रजापɟत कʏ
हत्या
लता मंगेशकर द्वारा ɡलखा गया।

लता मंगेशकर ने कहा ɟक मुझे बहुत अǵा
लग रहा है ɟक इतने वषǏ के बाद मेरी
आवाज में वह शायरी आ गई
लता मंगेशकर , ɞदलीप ताɟहल , ɟवजय
जाधव , मंगेश कदम , शɡशकांत कदम ,
यशवंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय
जाधव , ɟवजय ɭशʌदबराव , यशवंत ɭशʌद-
बराव , प्रशांत ताɟहल , ɟवजय ɭशʌदबराव ,
यशवंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय
ɭशʌदबराव , यशवंत ɭशʌदबराव , प्रशांत ता-
ɟहल , ɟवजय ɭशʌदबराव , यशवंत ɭशʌदब-
राव , प्रशांत ताɟहल , ɟवजय ɭशʌदबराव ,
यशवंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय
ɭशʌदबराव , यशवंत ɭशʌदबराव , प्रशांत ता-
ɟहल , ɟवजय ɭशʌदबराव , यशवंत ɭशʌदब-
राव , प्रशांत ताɟहल , ɟवजय ɭशʌदबराव ,
यशवंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय
ɭशʌदबराव , यशवंत ɭशʌदबराव , प्रशांत ता-
ɟहल , ɟवजय ɭशʌदबराव , यशवंत ɭशʌदब-
राव , प्रशांत ताɟहल , ɟवजय ɭशʌदबराव ,
यशवंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय
ɭशʌदबराव , यशवंत ɭशʌदबराव , प्रशांत ता-
ɟहल , ɟवजय ɭशʌद', 'लता मंगेशकर , मंगेश
कदम , सुरेश पंɟडत , सɡचन ɟपळगावकर
, सुरेश वाडकर , लÛमीकांत प्यारेलाल
, अɟनल ɟवȯास , लÛमीकांत प्यारेलाल,
लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल , लÛमीकांत प्यारेलाल , लÛमीकांत
प्यारेलाल , लÛमीकांत प्यारेलाल, लÛमी-
कांत प्यारेलाल , लÛमीकांत प्यारेलाल ,
लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल , लÛमीकांत प्यारेलाल, लÛमीकांत
प्यारेलाल
लता मंगेशकर , मंगेश कदम , सुरेश पंɟडत ,
सɡचन ɟपळगावकर , लÛमीकांत प्यारेलाल
, लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल , लÛमीकांत प्यारेलाल , लÛमीकांत
प्यारेलाल , लÛमीकांत प्यारेलाल , लÛमी-
कांत प्यारेलाल , लÛमीकांत प्यारेलाल ,
लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल

लता मंगेशकर ने कहा ɟक मुझे बहुत अǵा
लग रहा है ɟक इतने वषǏ के बाद मेरी
आवाज में वह शायरी आ गई
लता मंगेशकर , ɞदलीप ताɟहल , ɟवजय
जाधव , मंगेश कदम , शɡशकांत कदम,
यशवंत ɭशʌदबराव, प्रशांत ताɟहल, ɟवजय
जाधव, ɟवजय ɭशʌदबराव, यशवंत ɭशʌदब-
राव, प्रशांत ताɟहल , ɟवजय ɭशʌदबराव,
यशवंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय
ɭशʌदबराव , यशवंत ɭशʌदबराव , प्रशांत ता-
ɟहल , ɟवजय ɭशʌदबराव, यशवंत ɭशʌदबराव
, प्रशांत ताɟहल , ɟवजय ɭशʌदबराव , यश-
वंत ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय ɭशʌ-
दबराव, यशवंत ɭशʌदबराव , प्रशांत ताɟहल
, ɟवजय ɭशʌदबराव , यशवंत ɭशʌदबराव , प्र-
शांत ताɟहल , ɟवजय ɭशʌदबराव, यशवंत
ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय ɭशʌद-
बराव , यशवंत ɭशʌदबराव , प्रशांत ताɟहल
, ɟवजय ɭशʌदबराव, यशवंत ɭशʌदबराव , प्र-
शांत ताɟहल , ɟवजय ɭशʌदबराव , यशवंत
ɭशʌदबराव , प्रशांत ताɟहल , ɟवजय ɭशʌद-
बराव, यशवंत ɭशʌदबराव , प्रशांत ताɟहल ,
ɟवजय ɭशʌद', 'लता मंगेशकर , मंगेश कदम
, सुरेश पंɟडत , सɡचन ɟपळगावकर , सुरेश
वाडकर , लÛमीकांत प्यारेलाल , अɟनल ɟव-
ȯास , लÛमीकांत प्यारेलाल , लÛमीकांत
प्यारेलाल, लÛमीकांत प्यारेलाल, लÛमी-
कांत प्यारेलाल , लÛमीकांत प्यारेलाल ,
लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल, लÛमीकांत प्यारेलाल, लÛमीकांत
प्यारेलाल , लÛमीकांत प्यारेलाल , लÛमी-
कांत प्यारेलाल , लÛमीकांत प्यारेलाल,
लÛमीकांत प्यारेलाल, लÛमीकांत प्यारे-
लाल , लÛमीकांत प्यारेलाल , लÛमीकांत
प्यारेलाल , लÛमीकांत प्यारेलाल, लÛमी-
कांत प्यारेलाल, लÛमीकांत प्यारेलाल ,
लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल , लÛमीकांत प्यारेलाल, लÛमीकांत
प्यारेलाल, लÛमीकांत प्यारेलाल , लÛमी-
कांत प्यारेलाल , लÛमीकांत प्यारेलाल
, लÛमीकांत प्यारेलाल, लÛमीकांत प्यारे-
लाल, लÛमीकांत प्यारेलाल , लÛमीकांत
प्यारेलाल , लÛमीकांत प्यारेलाल , लÛमी-
कांत प्यारेलाल
लता मंगेशकर , मंगेश कदम , सुरेश पंɟडत ,
सɡचन ɟपळगावकर , लÛमीकांत प्यारेलाल
, लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल , लÛमीकांत प्यारेलाल , लÛमीकांत
प्यारेलाल , लÛमीकांत प्यारेलाल , लÛमी-
कांत प्यारेलाल , लÛमीकांत प्यारेलाल ,
लÛमीकांत प्यारेलाल , लÛमीकांत प्यारे-
लाल

महात्मा गांधी महात्मा गांधी भी अपनी ɯजʌदगी में मयार्दा
का पालन करते थे और अगर वे ɫहʌसा का
सहारा ले रहे हैं तो वे भी ɟवचारधारा के ɡश-
कार हुए हैं।
महात्मा गांधी राȴीय ग्रामीण रोजगार गा-
रंटʍ योजना के तहत संɟवदा के कमर्चाɝरयों
कʏ हड़ताल का असर इन्दौर में भी ɞदखा।
महात्मा गांधी और उनके समकालीन ने-
ताओंका मुख्य ध्यान समाज के अंɟतम ȭ-
ɜक्त को महत्व देने पर था

महात्मा गांधी जयंती समारोह में भाग लेने
के ɡलए तैयार है।
महात्मा गांधी ने कहा है ɟक उनके पास
अपने देश को आजादʍ के बाद पहली बार
राȴपɟत बनने कʏ पूरी अɠधकाɝरणी क्षमता
है। राȴपɟत बनने कʏ उनकʏ क्षमता है। इस
देश को लोकतंत्र का युग ɠमला है। उन्होंने
कहा ɟक देश में लोकतंत्र कʏȭवȸा में लो-
कतांɟत्रक ȭवȸा है। राȴपɟत कʏ योग्यता
पर ɟवचार करना होगा।
महात्मा गांधी ने आज अपने ɟनवास पर
एक शोक सभा कʏ अध्यक्षता कʏ ।

महात्मा गांधी को हराते हुए पाɟकस्तान ने
भी इसे स्वीकार नहीं ɟकया।
महात्मा गांधी मैदान में होने वाले कायर्क्रम
में बतौर मुख्य अɟतɡथ पहुंचे।
महात्मा गांधी कʏ मूɷतʌ का एɡलयन को शा-
ɠमल कर ɞदया गया

महात्मा गांधी कʏ हत्या से लेकर 1947 से
1947 के बाद भारत कʏ आजादʍ तक का
जो इɟतहास और इɟतहास के उस पर खड़े
होने वाले जो अनेक ɟवमशर् हैं वे भारत में
आए हैं ।
महात्मा गांधी कʏ 150वीं जयंती मनाते
हुए भारत सरकार ने स्वतंत्रता आंदोलन में
उनके महत्वपूणर् योगदान के ɡलए भारत
सरकार के राȴपɟत भवन, नई ɞदल्ली से
उन्हें पद्मश्री पुरस्कार प्रदान ɟकया।
महात्मा गांधी ने एक बार कहा था ɟक अगर
हम गांधी जी के ɟवचारों को अपनाएं तो हम
महात्मा गांधी से भी महान हो जाएगंे।

महात्मा गांधी जी को श्रद्धांजɡल देने के
ɡलए, एक सप्ताह से भी कम समय बचा है,
और तब तक इस मुदे्द के ɤखलाफ देश भर
में कई ɟवरोध प्रदशर्न होने वाले हैं, देश के
प्रमुख शहरों में, खासकर, गांधीनगर और
वाराणसी में, जहाँ वह एक महात्मा गाँधी हैं
और जहाँ, शायद, उनके अंɟतम संस्कार के
ɡलए उन्हें ले जाया जा रहा है।
महात्मा गांधी , जवाहरलाल नेहरू , इंɞदरा
गांधी , राजीव गांधी , नरɭसʌहा राव जैसे
नेताओं ने गांधी वादʍ आंदोलन को खड़ा
ɟकया था।
महात्मा गांधी के साथ ɠमलकर चल रहा है

Table 40: Open end text generation: Paramanu-Hindi 162M v/s BLoom (560M, 1.1B, 3B, 7.1B)
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2862
2863
2864
2865
2866
2867
2868
2869
2870
2871
2872
2873
2874
2875
2876
2877
2878
2879
2880
2881
2882
2883
2884
2885
2886
2887
2888
2889
2890
2891
2892
2893
2894
2895
2896
2897
2898
2899
2900
2901
2902
2903
2904
2905
2906
2907
2908
2909
2910
2911
2912
2913
2914
2915

Under review as a conference paper at ICLR 2025

Figure 14: Grammar correction task by Paramanu-Bangla, in-context learning capabilities of
Paramanu-Bangla model.

Figure 15: Grammar correction task by Paramanu-Bangla-instruct 108.5M, in-context learning ca-
pabilities of the model.
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2916
2917
2918
2919
2920
2921
2922
2923
2924
2925
2926
2927
2928
2929
2930
2931
2932
2933
2934
2935
2936
2937
2938
2939
2940
2941
2942
2943
2944
2945
2946
2947
2948
2949
2950
2951
2952
2953
2954
2955
2956
2957
2958
2959
2960
2961
2962
2963
2964
2965
2966
2967
2968
2969

Under review as a conference paper at ICLR 2025

Figure 16: Prompting Paramanu-Bangla-instruct model with query: মুিদখানার একটা ফদর্ দাও েযসব
িদেয় ēাƵয্কর খাবার ৈতির করা যায়। (mudikhānāra ēkaṭā pharda dāō yēsaba diyē̇
sbāsthyakara khābāra tairi karā yāyȧ.)
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2970
2971
2972
2973
2974
2975
2976
2977
2978
2979
2980
2981
2982
2983
2984
2985
2986
2987
2988
2989
2990
2991
2992
2993
2994
2995
2996
2997
2998
2999
3000
3001
3002
3003
3004
3005
3006
3007
3008
3009
3010
3011
3012
3013
3014
3015
3016
3017
3018
3019
3020
3021
3022
3023

Under review as a conference paper at ICLR 2025

Figure 17: Prompting Paramanu-Bangla-instruct model with query আমােক àাচীন সভয্তার পঁাচিট
উদাহরণ িদন। (āmākē prācīna sabhyatāra pām̐caṭi udāharaṇa dina.)
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3024
3025
3026
3027
3028
3029
3030
3031
3032
3033
3034
3035
3036
3037
3038
3039
3040
3041
3042
3043
3044
3045
3046
3047
3048
3049
3050
3051
3052
3053
3054
3055
3056
3057
3058
3059
3060
3061
3062
3063
3064
3065
3066
3067
3068
3069
3070
3071
3072
3073
3074
3075
3076
3077

Under review as a conference paper at ICLR 2025

Figure 18: Prompting Paramanu-Bangla-instruct model with query: েযাগবয্ায়ােমর ছয়িট উপকািরতা
বলুন। (yōgabyāyā̇mēra chayȧṭi upakāritā baluna.)

Figure 19: Prompting Paramanu-Bangla-instruct model with query: একিট কিবতা Ǭলখুন। (ēkaṭi
kabitā likhuna.)
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3078
3079
3080
3081
3082
3083
3084
3085
3086
3087
3088
3089
3090
3091
3092
3093
3094
3095
3096
3097
3098
3099
3100
3101
3102
3103
3104
3105
3106
3107
3108
3109
3110
3111
3112
3113
3114
3115
3116
3117
3118
3119
3120
3121
3122
3123
3124
3125
3126
3127
3128
3129
3130
3131

Under review as a conference paper at ICLR 2025

Figure 20: Prompting Paramanu-Bangla-instruct model with query: েËিডট কাডর্ থাকার সুিবধা এবং
অসুিবধা িক িক? (krēḍiṭa kārḍa thākāra subidhā ēbaṁ asubidhā ki ki?)

Figure 21: Prompting Paramanu-Bangla-instruct model with query: রবীŴনাথ ঠাকুেরর ৈশলী অনুক-
রণ করেত Ǭলখুন (rabīndranātha ṭhākurēra śailī anukaraṇa karatē likhuna)
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3132
3133
3134
3135
3136
3137
3138
3139
3140
3141
3142
3143
3144
3145
3146
3147
3148
3149
3150
3151
3152
3153
3154
3155
3156
3157
3158
3159
3160
3161
3162
3163
3164
3165
3166
3167
3168
3169
3170
3171
3172
3173
3174
3175
3176
3177
3178
3179
3180
3181
3182
3183
3184
3185

Under review as a conference paper at ICLR 2025

Figure 22: Prompting our instruction tuned Paramanu-Bangla model with query একিট েভগান
িচনাবাদাম মাখন এবং েজǬল সয্াũউইেচর জনয্ একিট েরিসিপ ৈতির কর‍ুন। (ēkaṭi bhēgāna
cinābādāma mākhana ēbaṁ jēli syānḍa:uicēra janya ēkaṭi rēsipi tairi karuna.)

Figure 23: Prompting Paramanu-Bangla-instruct model with query: িশক্ষার সুিবধা িক? (śikṣāra
subidhā ki?)
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3186
3187
3188
3189
3190
3191
3192
3193
3194
3195
3196
3197
3198
3199
3200
3201
3202
3203
3204
3205
3206
3207
3208
3209
3210
3211
3212
3213
3214
3215
3216
3217
3218
3219
3220
3221
3222
3223
3224
3225
3226
3227
3228
3229
3230
3231
3232
3233
3234
3235
3236
3237
3238
3239

Under review as a conference paper at ICLR 2025

Figure 24: Prompting Paramanu-Bangla-instruct model with query: েযৗন িশক্ষারসুিবধা িক? (yauna
śikṣāra subidhā ki?)
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3240
3241
3242
3243
3244
3245
3246
3247
3248
3249
3250
3251
3252
3253
3254
3255
3256
3257
3258
3259
3260
3261
3262
3263
3264
3265
3266
3267
3268
3269
3270
3271
3272
3273
3274
3275
3276
3277
3278
3279
3280
3281
3282
3283
3284
3285
3286
3287
3288
3289
3290
3291
3292
3293

Under review as a conference paper at ICLR 2025

Figure 25: Prompting Paramanu-Bangla-instruct model with query: একটা েখলা বেলা েযটা একদল
মানুষ িমেল েখলেত পাের। (ēkaṭā khēlā balō yēṭā ēkadala mānuṣa milē khēlatē
pārē.)

Figure 26: Paramanu-Bangla 108.5M generation capabilities at maximum tokens limit of 1024 for
story generation in Bangla. Query: একিট দীঘর্ গƚ Ǭলখুন (ēkaṭi dīrgha galpa likhuna)
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3294
3295
3296
3297
3298
3299
3300
3301
3302
3303
3304
3305
3306
3307
3308
3309
3310
3311
3312
3313
3314
3315
3316
3317
3318
3319
3320
3321
3322
3323
3324
3325
3326
3327
3328
3329
3330
3331
3332
3333
3334
3335
3336
3337
3338
3339
3340
3341
3342
3343
3344
3345
3346
3347

Under review as a conference paper at ICLR 2025

Figure 27: Long story generation, continued

Figure 28: Prompting Paramanu-Bangla-instruct model with query: েকন মানুষ ঈđের িবđাস করেত
অনুàািণত হেয়েছ? (kēna mānuṣa īśbarē biśbāsa karatē anuprāṇita hayē̇chē?)
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3348
3349
3350
3351
3352
3353
3354
3355
3356
3357
3358
3359
3360
3361
3362
3363
3364
3365
3366
3367
3368
3369
3370
3371
3372
3373
3374
3375
3376
3377
3378
3379
3380
3381
3382
3383
3384
3385
3386
3387
3388
3389
3390
3391
3392
3393
3394
3395
3396
3397
3398
3399
3400
3401

Under review as a conference paper at ICLR 2025

Figure 29: Prompting Paramanu-Hindi-instruct 367.5M model with query: मुझे उन चीजों कʏ सूची दें
जो मैं रात में बेहतर नींद के ɡलए कर सकता हूँ (mujhē una cījōṁ kī sūcī dēṁ jō maiṁ rāta
mēṁ bēhatara nīṁda kē liē kara sakatā hūm̐)
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3402
3403
3404
3405
3406
3407
3408
3409
3410
3411
3412
3413
3414
3415
3416
3417
3418
3419
3420
3421
3422
3423
3424
3425
3426
3427
3428
3429
3430
3431
3432
3433
3434
3435
3436
3437
3438
3439
3440
3441
3442
3443
3444
3445
3446
3447
3448
3449
3450
3451
3452
3453
3454
3455

Under review as a conference paper at ICLR 2025

Figure 30: Prompting Paramanu-Hindi-instruct 367.5M model with query: अफ़्रʏकʏ सरकारें हवाई याता-
यात कनेɜक्टɟवटʍ में सुधार के ɡलए क्या कर रही हैं? (afrīkī sarakārēṁ havāī yātāyāta kanēkṭiviṭī
mēṁ sudhāra kē liē kyā kara rahī haiṁ?)
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3456
3457
3458
3459
3460
3461
3462
3463
3464
3465
3466
3467
3468
3469
3470
3471
3472
3473
3474
3475
3476
3477
3478
3479
3480
3481
3482
3483
3484
3485
3486
3487
3488
3489
3490
3491
3492
3493
3494
3495
3496
3497
3498
3499
3500
3501
3502
3503
3504
3505
3506
3507
3508
3509

Under review as a conference paper at ICLR 2025

Figure 31: Prompting Paramanu-Hindi-instruct 367.5M model with query: मुझे छुट्टʍ मनाने कहाँ जाना
चाɟहए? (mujhē chuṭṭī manānē kahām̐ jānā cāhiē?)
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3510
3511
3512
3513
3514
3515
3516
3517
3518
3519
3520
3521
3522
3523
3524
3525
3526
3527
3528
3529
3530
3531
3532
3533
3534
3535
3536
3537
3538
3539
3540
3541
3542
3543
3544
3545
3546
3547
3548
3549
3550
3551
3552
3553
3554
3555
3556
3557
3558
3559
3560
3561
3562
3563

Under review as a conference paper at ICLR 2025

Figure 32: Prompting Paramanu-Hindi-instruct 367.5M model with query: भोजन तैयार करने के ɡलए
स्वाȹयप्रद खाना पकाने के तरीके क्या हैं? (bhōjana taiyāra karanē kē liē svāsthyaprada
khānā pakānē kē tarīkē kyā haiṁ?)
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3564
3565
3566
3567
3568
3569
3570
3571
3572
3573
3574
3575
3576
3577
3578
3579
3580
3581
3582
3583
3584
3585
3586
3587
3588
3589
3590
3591
3592
3593
3594
3595
3596
3597
3598
3599
3600
3601
3602
3603
3604
3605
3606
3607
3608
3609
3610
3611
3612
3613
3614
3615
3616
3617

Under review as a conference paper at ICLR 2025

Figure 33: Prompting Paramanu-Hindi-instruct 367.5M model with query: ɟक्रप्टो करेंसी जोɤखम भरी
क्यों है? (kripṭō karēṁsī jōkhima bharī kyōṁ hai?)

67



3618
3619
3620
3621
3622
3623
3624
3625
3626
3627
3628
3629
3630
3631
3632
3633
3634
3635
3636
3637
3638
3639
3640
3641
3642
3643
3644
3645
3646
3647
3648
3649
3650
3651
3652
3653
3654
3655
3656
3657
3658
3659
3660
3661
3662
3663
3664
3665
3666
3667
3668
3669
3670
3671

Under review as a conference paper at ICLR 2025

Figure 34: Prompting Paramanu-Hindi-instruct 367.5M model with query: क्या आप बीमाɝरयों कʏ
रोकथाम में ɟडɣजटल स्वाȹय कʏ भूɠमका को बुलेट ɫबʌदुओं में सूचीबद्ध कर सकते हैं? (kyā āpa bīmāriyōṁ
kī rōkathāma mēṁ ḍijiṭala svāsthya kī bhūmikā kō bulēṭa biṁduōṁ mēṁ
sūcībaddha kara sakatē haiṁ?)
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3672
3673
3674
3675
3676
3677
3678
3679
3680
3681
3682
3683
3684
3685
3686
3687
3688
3689
3690
3691
3692
3693
3694
3695
3696
3697
3698
3699
3700
3701
3702
3703
3704
3705
3706
3707
3708
3709
3710
3711
3712
3713
3714
3715
3716
3717
3718
3719
3720
3721
3722
3723
3724
3725

Under review as a conference paper at ICLR 2025

Figure 35: Prompting Paramanu-Hindi-instruct 367.5M model with query: ɞदए गए पाठ्यक्रम के ɡलए
एक पाठ्यक्रम ɟडज़ाइन करें। छात्रों को प्रत्येक अध्याय के उदे्दश्य कʏ संɢक्षप्त ȭाख्या के साथ अध्यायों कʏ एक सूची
दʍ जानी चाɟहए। हर ɟकसी के ɡलए प्रोग्राɬमʌग (पायथन के साथ शुरुआत करना) (diē gaē pāṭhyakrama
kē liē ēka pāṭhyakrama ḍizāina karēṁ. chātrōṁ kō pratyēka adhyāya kē
uddēśya kī saṁkṣipta vyākhyā kē sātha adhyāyōṁ kī ēka sūcī dī jānī cāhiē.
hara kisī kē liē prōgrāmiṁga (pāyathana kē sātha śuruāta karanā))
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3726
3727
3728
3729
3730
3731
3732
3733
3734
3735
3736
3737
3738
3739
3740
3741
3742
3743
3744
3745
3746
3747
3748
3749
3750
3751
3752
3753
3754
3755
3756
3757
3758
3759
3760
3761
3762
3763
3764
3765
3766
3767
3768
3769
3770
3771
3772
3773
3774
3775
3776
3777
3778
3779
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Figure 36: Prompting Paramanu-Hindi-instruct 367.5M model with query: 1970 और 1980 के दशक
के दौरान अɠधकांश अफ्रʏकʏ देशों पर सैन्य तानाशाही का ɟनयंत्रण क्यों था? 1970 aura 1980 (kē daśaka kē
daurāna adhikāṁśa aphrīkī dēśōṁ para sainya tānāśāhī kā niyaṁtraṇa kyōṁ
thā?)
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3780
3781
3782
3783
3784
3785
3786
3787
3788
3789
3790
3791
3792
3793
3794
3795
3796
3797
3798
3799
3800
3801
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3803
3804
3805
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3807
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3810
3811
3812
3813
3814
3815
3816
3817
3818
3819
3820
3821
3822
3823
3824
3825
3826
3827
3828
3829
3830
3831
3832
3833

Under review as a conference paper at ICLR 2025

Figure 37: Prompting Paramanu-Hindi-instruct 367.5M model with query: प्रेम क्या है? (prēma
kyā hai?)
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3834
3835
3836
3837
3838
3839
3840
3841
3842
3843
3844
3845
3846
3847
3848
3849
3850
3851
3852
3853
3854
3855
3856
3857
3858
3859
3860
3861
3862
3863
3864
3865
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3867
3868
3869
3870
3871
3872
3873
3874
3875
3876
3877
3878
3879
3880
3881
3882
3883
3884
3885
3886
3887
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Figure 38: Prompting Paramanu-Hindi-instruct 367.5M model with query: कौन सा खेल दुɟनया भर में
सबसे लोकɟप्रय है? (kauna sā khēla duniyā bhara mēṁ sabasē lōkapriya hai?)
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3888
3889
3890
3891
3892
3893
3894
3895
3896
3897
3898
3899
3900
3901
3902
3903
3904
3905
3906
3907
3908
3909
3910
3911
3912
3913
3914
3915
3916
3917
3918
3919
3920
3921
3922
3923
3924
3925
3926
3927
3928
3929
3930
3931
3932
3933
3934
3935
3936
3937
3938
3939
3940
3941
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Figure 39: Prompting Paramanu-Tamil-instruct model with query: கல்லூரிப் பட்-
டப்படிப்ைபத் ெதாடர்வதன் 5 நன்ைமகைளப் பட்டியலிடுங்கள். (kallūrip
paṭṭappaṭippait toṭarvataṉ 5 naṉmaikaḷaip paṭṭiyaliṭuṅkaḷ.)
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Figure 40: Prompting Paramanu-Tamil-instruct model with query: புவ¥சார் தரவு என்றால்
என்ன? (puvicār taravu eṉṟāl eṉṉa?)
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Figure 41: Prompting Paramanu-Tamil-instruct model with query:ஒரு பல்ெபாருள் அங்-
காடிய¥ன் பால் ப¥ரிவ¥ல் நான் காணக்கூடிய ஐந்து உணவுகளில் புள்ளி புள்ளி-
கைளப் பயன்படுத்த¦ பட்டியைல உருவாக்கவும் (oru palporuḷ aṅkāṭiyiṉ pāl
pirivil nāṉ kāṇakkūṭiya aintu uṇavukaḷil puḷḷi puḷḷikaḷaip payaṉpaṭutti
paṭṭiyalai uruvākkavum)
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Figure 42: Prompting Paramanu-Tamil-instruct model with query:குடிய¥ருப்பாளர்களுக்கு
ேதச§ய பூங்காவ¥ன் ச§ல நன்ைமகள் என்ன?? (kuṭiyiruppāḷarkaḷukku tēciya
pūṅkāviṉ cila naṉmaikaḷ eṉṉa?)

76



4104
4105
4106
4107
4108
4109
4110
4111
4112
4113
4114
4115
4116
4117
4118
4119
4120
4121
4122
4123
4124
4125
4126
4127
4128
4129
4130
4131
4132
4133
4134
4135
4136
4137
4138
4139
4140
4141
4142
4143
4144
4145
4146
4147
4148
4149
4150
4151
4152
4153
4154
4155
4156
4157

Under review as a conference paper at ICLR 2025

Figure 43: Prompting Paramanu-Tamil-instruct model with query: என்உணர்வுகைளஎப்படி
குணப்படுத்துவது? (eṉ uṇarvukaḷai eppaṭi kuṇappaṭuttuvatu?)
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Figure 44: Prompting Paramanu-Tamil-instruct model with query: அரச§யலைமப்பு என்றால்
என்ன? (araciyalamaippu eṉṟāl eṉṉa?)
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Figure 45: Prompting Paramanu-Telugu-instruct model with query: అగిన్పరవ్తాలు ఎలా ఏరప్డతా-
యి? (agniparvatālu elā ērpaḍatāyi?)

Figure 46: Prompting Paramanu-Telugu-instruct model with query: తెరచాప యొకక్ 5 పాయింటుల్
ఏమిటి? (teracāpa yokka 5 pāyiṁṭlu ēmiṭi?)
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Figure 47: Prompting Paramanu-Telugu-instruct model with query: అగిన్పరవ్తాలు ఎలా ఏరప్డతా-
యి? (agniparvatālu elā ērpaḍatāyi?)
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Figure 48: Prompting Paramanu-Telugu-instruct model with query: మనకు సినిమాలంటే ఎందుకంత
ఇషట్ం? (manaku sinimālaṁṭē eṁdukaṁta iṣṭaṁ?)

Figure 49: Prompting Paramanu-Telugu-instruct model with query: చిరంజీవి (ciraṁjīvi)
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