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Morphologically rich languages pose challenges for Natural Language Processing (NLP). With highly inflected morphology
and sandhi, and under data scarcity, Sanskrit presents a challenge for building natural language processing tools. The default
solution for such languages is generic multilingual models, which do not fully solve the problem because Sanskrit is poorly
represented in their pretraining data and subword tokenizers. In this work, we address issues through a register classification
task. In particular, we distinguish between the modern pedagogical and classical commentarial varieties of Sanskrit. We
show that fine-tuning a Sanskrit-specific pretrained BERT encoder with selected layers unfrozen achieves results through a
regularized classification head with batch normalization, GELU activation, and structured dropout. The model generalizes
from a training set of only 370 sentences without overfitting and can run on a single GPU. Across 12 stratified data splits, it
achieves a mean accuracy of 95.7% (±1.8%), a macro-F1 of 0.957 (±0.019), and a Matthews correlation coefficient of 0.915
(±0.036). We evaluate it against six baseline models spanning TF-IDF classifiers, multilingual BERT, and XLM-RoBERTa,
and the accuracy margin over the strongest baseline is confirmed by a Wilcoxon signed-rank test. The analysis of baseline
performance is insightful: several simple TF-IDF classifiers perform better than the frozen multilingual language models.
Moreover, our model surpasses all six baselines, demonstrating that, for low-resource languages such as Sanskrit, the best way
to improve performance may not be to scale up the model, but rather to use domain-specific pretraining and careful regularization.

Keywords: Sanskrit, NLP, BERT, register classification, morphologically rich languages, low-resource languages, domain-
specific pretraining, data scarcity

Introduction

Natural Language Processing (NLP) systems have faced
challenges when processing morphologically rich languages
(MRLs)1. In recent years, substantial improvements have
been achieved on downstream tasks with the development of
language models. However, such improvements are mostly
dependent on the availability of annotated corpora. San-
skrit, while possessing a rich literary tradition, lacks such re-
sources2. It is therefore compelling to investigate how well
language models perform on a low-resource MRL such as
Sanskrit. In this paper, we investigate whether encoder-only
models are capable of performing register classification in
Sanskrit.

Sanskrit poses two notable challenges for language mod-
els. First, the language is highly inflected, meaning that
words can encode information about grammatical roles, case,
number, tense, and mood through complex inflectional mor-
phology. The poor performance of modern transformers pre-
trained mostly on better-resourced languages with less com-
plex morphology may be explained by the incorrect pars-
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ing or tokenization of these affixes, which has clear nega-
tive effects on the translation of philosophical texts. In the
sentence “as.t.au brāhman. ān samyag grāhayitvā sūryavarcasvı̄
bhavati”, Google Translate translates grāhayitvā as “grasp-
ing” when it clearly means “teaching.” Second, Sanskrit has
many sandhi rules that specify how neighboring words are
joined. Complex sandhi patterns often obscure the original
word boundaries. For example, gan. apati + atharvaśı̄rs. am →
gan. apatyatharvaśı̄rs. am, where the final vowel i of the first
word changes to the semivowel y before the initial vowel a of
the second word due to the phenomenon of yan. sandhi. These
two properties combine to make Sanskrit modeling a nontriv-
ial task.

The main challenge, therefore, is that generic multilingual
models are often not specialized enough for processing San-
skrit, while Sanskrit-specific models are difficult to train and
tune because of the lack of annotated data. A viable method
for register classification requires domain-specific linguistic
knowledge, along with careful choices of hyperparameters and
architectural transformations aimed at extracting maximal in-
formation from limited data. This is the problem that this pa-
per addresses in the area of Sanskrit register classification.
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One particular application of domain-specific processing
is the task of classifying texts according to the traditions to
which they belong: classical commentarial and modern peda-
gogical Sanskrit. This task also offers the opportunity to study
the effectiveness of various hyperparameters and architectural
transformations in a small-data, low-resource setting. We fine-
tune a pretrained BERT encoder customized for Sanskrit using
selective layer unfreezing and an improved classification-head
architecture involving batch normalization, GELU nonlinear-
ities, and structured dropout. This approach achieves strong
results on the challenging dataset. Across twelve stratified
splits of the dataset, the model reaches a mean accuracy of
95.7% (±1.8%), a macro-F1 score of 0.957 (±0.019), and a
Matthews correlation coefficient of 0.915 (±0.036), outper-
forming six baseline methods, including TF-IDF classifiers,
multilingual BERT, and XLM-RoBERTa.

The present task is of broader interest because of the grow-
ing attention given to Sanskrit in academic, educational, and
computational communities, which has increased the need for
effective methods of categorization. Tools that sort texts by
their approximate traditions can help both with manually or-
ganizing the corpus and with constructing datasets for down-
stream tasks. The automatic classification of manuscripts ac-
cording to their broad traditions can support manual curation
and the construction of annotated corpora for further analy-
sis. Moreover, such methods provide a starting point for more
complex tasks, such as assessing reading difficulty within a
single tradition. The same architecture could be applied to a
register-controlled corpus to assess the difficulty of texts on
a per-tradition basis, thereby facilitating the curation of ed-
ucational resources. More generally, these results illustrate
the utility of domain-specific pretraining for low-resource lan-
guages and suggest that the approach may generalize to other
MRLs.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work, Section 3 describes the method-
ology and experimental setup, Section 4 discusses the results
in detail, and Section 5 concludes the paper.

Literature Review

Recent progress in Sanskrit natural language processing has
been directed towards the use of transformer-based models to
deal with the problems of polysemy, morphological richness,
tokenization ambiguity, and data sparsity at the token and mor-
pheme levels. Morphologically rich languages (MRLs) pose
special challenges to NLP systems3 in comparison to analytic
or moderately inflected languages such as English: agglutina-
tion and sandhi phenomena lead to multiple pieces of infor-
mation being encoded in single tokens, and word boundaries
can be ambiguous within tokens. This section reviews litera-
ture most closely related to the task at hand, specifically how

previous solutions have addressed the challenges of building
language models for Sanskrit, and how the gaps motivate the
current study.

Foundational Architectures

We adopt the transformer architecture proposed by Vaswani et
al.4, which replaces recurrent connections with self-attention,
enabling parallel computation of long-term dependencies.
This design enabled BERT5 and later contextual representa-
tion models to achieve state-of-the-art performance by pre-
training deep bidirectional representations on unlabelled text
and fine-tuning with a single output layer for downstream
tasks. Sun et al.6 studied ways of BERT fine-tuning for text-
classification tasks, concluding that layer-specific learning
rates, methods to avoid catastrophic forgetting, and few-shot
capabilities were of high relevance. The present work runs
with only 370 training sentences. Continued pretraining of
multilingual BERT on the target language data has been shown
to be helpful for low-resource languages7, and active-learning
strategies can make the fine-tuning process more data-efficient
given a limited annotation budget8. Such approaches motivate
the current selection of a domain-specific BERT model, along
with careful regularization to prevent overfitting.

Character-Level and Subword Models for Sanskrit

ByT5-Sanskrit1 is a character-level encoder-decoder model
that does not require a separate tokenizer. This is an impor-
tant property for a language where sandhi and compounding
often obscure the boundaries of words. The model is trained
on a 6.5 billion-token corpus with a T5 encoder-decoder ar-
chitecture and is capable of multitask learning for segmenta-
tion, lemmatization, and tagging, as well as improving perfect
sentence matching by 7.2 points1. However, it is a genera-
tive sequence-to-sequence model, not a model specifically de-
signed for classification, and it requires multiple A6000 GPUs
to train, which are not available to many researchers who have
to rely on consumer-grade graphics cards. The current frame-
work, on the other hand, is intended to be run on a single GPU.

Subword-tokenization strategies and domain-specific fine-
tuning are beneficial for contextual representation models.
Lugli et al.9 constructed two annotated corpora of Sanskrit:
a 6.7 million-token Buddhist-specific corpus and a 13.3 mil-
lion token general purpose corpus. They found that pretrained
BERT representations work best when averaged over certain
encoder layers, and that a two-stage fine-tuning procedure
with a 30,000-token byte-pair encoding (BPE) vocabulary10

improves performance on morphological analogy tasks. This
finding directly informed the choice of the bert-base-buddhist-
sanskrit model11 as the base representation learner in this
study, and informed the choice of the subword tokenizer used
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to process inputs.

Other Sanskrit NLP Tasks

Research on natural language processing of Sanskrit can be
classified into two broad categories: generative and structural
tasks, e.g. segmentation, parsing, and machine translation,
which have been heavily researched, and discriminative tasks,
e.g. register, dialect or provenance classification, which have
been less researched. This section reviews previous work on
segmentation, parsing, and machine translation relevant to this
work and sets the scene in which discriminative classification
is relatively under-studied.

There are different approaches to handle sandhi in the seg-
mentation and parsing literature. TransLIST12 employs latent-
word representations along with character-level input and soft-
masked attention to achieve robust performance for sandhi-
aware tokenization. More or less successful approaches
based on character-level13, energy-based14 and sequence-
to-sequence15 have been proposed to exploit the linguistic
knowledge encoded in the encoder-decoder architectures in
order to achieve better segmentation performance with only
a fraction of the training data used by previous methods. This
is an important point for the present work, which has very few
training examples. Sandhan’s SaCTI16 performs segmenta-
tion, parsing, and compound classification in a multitask setup
and provides the SanskritShala toolkit for use. Hellwig et al.17

adapt data-driven parsing methods to Vedic Sanskrit.
In terms of machine translation, Sanskrit systems have

moved from rule-based to modern encoder-decoder systems
with attention, but are still facing the same issues of low-
resource language pairs, i.e., data scarcity18,19. Recent work
has built on previous work to address this challenge by devel-
oping new parallel corpora. Nehrdich et al.20 introduced the
Mitrasam. graha corpus of 391,548 aligned Sanskrit–English
sentences across six literary domains, spanning the Vedic to
medieval periods. This corpus was more than four times larger
than any previously available resource. They evaluated com-
mercial and fine-tuned open-source models on this corpus and
found that sandhi, compounding, free word order, and dense
philosophical vocabulary are major impediments to current
translation quality. These are the same problems faced by the
domain-specific fine-tuned BERT model of the current work.
Shukla et al.21 evaluate the output of Google Translate for
Sanskrit and note many errors due to literal translation and
incorrect contextual disambiguation. This highlights a well-
known disadvantage of generic zero-resource and multilingual
models for heavily inflected and context-dependent languages.
Nehrdich et al.20 provide a detailed review of the available
resources, datasets, evaluation methods, and approaches for
Sanskrit machine translation.

Multilingual and Cross-Lingual Models

Multilingual models provide an opportunity to address the
data scarcity problem of low-resource languages by making
use of data and representations from other languages. Mul-
tilingual BERT22, pretrained on 104 languages, enables the
cross-lingual transfer of representations, but Pires et al.22

found that its effectiveness significantly drops for typologi-
cally distant and under-represented languages, both of which
apply to Sanskrit. XLM-RoBERTa23 was pre-trained on more
data across 100 languages, but it still uses a tokenizer and
pre-training distribution that under-represent Sanskrit. In-
dicBERT24 is designed for Indian languages, but considers
Sanskrit a peripheral case. The finding of the current work that
domain-specific language models can outperform the generic
multilingual representations is supported by the prior work on
other MRLs such as Turkish25.

Gaps and Motivation for the Present Study

The present study was motivated by several limitations of
prior work. Most of the works are on segmentation, pars-
ing, translation or tagging tasks, while the current work is
on the less explored problem of discriminative register clas-
sification. Second, techniques like ByT5-Sanskrit1 demand
specialized hardware that is not accessible to a large number
of researchers and teachers. Third, none of the prior works
systematically evaluate the performance of pretrained Sanskrit
BERT models on extremely small training sets of the order
of 370 sentences. Finally, there is limited prior work com-
paring the performance of classical machine-learning meth-
ods against transformer-based language models, which is why
baseline experiments using TF-IDF classifiers and multilin-
gual transformers are presented in the current work. In addi-
tion to serving this niche, the present work builds on the recent
findings of Nehrdich et al.20 and reflects the rapid progress
in resource creation for Sanskrit machine translation. How-
ever, this progress has thus far focused mostly on generative
tasks, leaving the discriminative setting of register classifica-
tion under-served.

The current framework uses domain-specific pre-trained
BERT representations11 and relies on careful design choices
to achieve maximum performance on the very limited training
set of ∼ 370 sentences available for discriminative text clas-
sification. Standard regularization techniques coupled with a
custom fine-tuning procedure that unfreezes only selected up-
per encoder layers enable better optimization on limited train-
ing examples. We include six baseline classification methods,
ranging from TF-IDF classifiers to multilingual BERT22 and
XLM-RoBERTa23, to compare to broader trends in the field.
In conclusion, this work fills an important gap that none of
the works reviewed in this section fill: data-efficient discrimi-
native register classification using domain-specific contextual
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Table 1 Comparison of the proposed model with existing Sanskrit NLP architectures.

Model Tokenization Architecture Primary Tasks Compute Cost Relation to Pro-
posed Work

ByT5-
Sanskrit1

Character/byte-
level

T5 encoder-
decoder

Segmentation,
lemmatization, tag-
ging

High (multiple
A6000 GPUs)

Generative, not clas-
sification; impracti-
cal compute

TransLIST12 Char +
latent-word,
soft-masked
attention

Transformer +
path-ranking

Word segmentation Moderate Segmentation-
focused; broader
Sanskrit NLP context

SaCTI16 Subword Multi-task trans-
former

Segmentation, pars-
ing, compound clas-
sification

Moderate Multi-task structural
model; broader con-
text

bert-base-
buddhist-
sanskrit11

BPE (30k) BERT-base en-
coder

Pretraining backbone Low (single
GPU)

Backbone of pro-
posed model

Proposed
model

BPE (30k) BERT encoder
+ deep classifier
head

Binary register clas-
sification

Low (single
GPU)

Discriminative; data-
efficient

representations under a sub-400-sentence training constraint.

Methods

Overview

A binary classification dataset of Sanskrit sentences was cre-
ated and annotated according to register as modern pedagog-
ical (label 0) or classical commentarial (label 1). The system
used a domain-specific BERT model pretrained on a Buddhist
Sanskrit corpus. It had a custom classifier head with structured
regularization and selective fine-tuning with early stopping.
All experiments were conducted on an NVIDIA A100 GPU
using Python 3.10, PyTorch 2.1, and Hugging Face Trans-
formers 4.36. The two registers differ in three ways, which
were used for annotation and validation:

1. Lexical specialization: infrequent lemmas and technical
vocabulary.

2. Complex syntax: embedded relative clauses and particip-
ial phrases.

3. Dense morphology: multiple affixes or compound words
(samāsa).

Data Collection and Annotation

The sentences labelled 0 were taken from modern pedagogi-
cal texts intended for teaching Sanskrit beginners. The texts
were newsletters published by a local Sanskrit organization

discussing The Rāmāyan. a, The Mahābhārata, and The Bha-
gavad Gı̄tā. They were all written by students under a teacher’s
supervision. The texts are suitable for training because they
are grammatically correct and provide reliable examples of
modern pedagogical Sanskrit.

The sentences labelled 1 were taken from classical com-
mentarial texts that discuss the intricacies of Sanskrit gram-
mar and the theological nuances of The Bhagavad Gı̄tā. The
commentaries by Śrı̄dhara, Madhusūdana, Viśvanātha, and
Baladeva were downloaded from the GRETIL Sanskrit cor-
pus26. The sentences were selected from these texts accord-
ing to the same criteria. Since the commentaries are writ-
ten in classical Sanskrit, they are morphologically denser and
use complex sandhi, rare compounds, and embedded clauses.
Sentences that clearly displayed these characteristics were pri-
oritized during selection.

To make sure that the validation and test samples were not
different from the training sample in topical content, similar
topics were chosen for all three subsets within the sources
from which they were taken. The validation set was taken
from the same sources as the training and test sets. The three
subsets did not share any sentences, as all sentences were man-
ually checked for overlaps. This ensured that no sentence seen
during training or validation appeared in the held-out test set.
Every sentence in the final dataset was also manually checked
for textual accuracy and adherence to the three criteria. The
annotation process was completed by one person, which is a
limitation of this study. Future research should validate the
annotations using an inter-annotator agreement measure, ide-
ally Cohen’s Kappa. All texts were ethically sourced for re-
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search, as the GRETIL corpus is publicly available for non-
commercial academic use. The dataset does not contain any
artificially generated or machine-generated text.

By construction, labels 0 and 1 represent two different reg-
isters and periods of Sanskrit taken from different sources. As
such, this is a register classification task rather than a difficulty
estimation task. The three criteria were established to charac-
terize the linguistic differences between the two registers. The
reader should note that estimating the difficulty level within a
single register is a separate task. Difficulty cannot be isolated
by comparing texts from the two registers because difficulty
and register are confounded in a cross-register corpus. To es-
timate the difficulty level of a sentence within a particular reg-
ister, one would need a register-controlled dataset containing
both easy and difficult examples from the same tradition. This
is the direction for future research suggested in Section 5.

Preprocessing

A standard pre-processing pipeline was applied before feeding
sentences to the model. Each sentence was first normalized
into IAST (International Alphabet of Sanskrit Transliteration),
a transliteration scheme for representing Devanagari Sanskrit
in Latin characters. Using IAST as the target representation is
justified because it provides reliable and unambiguous charac-
ter mappings for computational Sanskrit linguistics data while
remaining human-readable1. This step was only necessary for
the sentences extracted from student newsletters, which had to
be transliterated from Devanagari into IAST. The commentar-
ial sentences downloaded from GRETIL were already repre-
sented in IAST.

After transliteration, extra whitespace and control charac-
ters were removed. We left the sandhi joins and compound
forms as is to enable the pretrained model to benefit from
the subword-level embeddings that capture the morphological
regularities. Splitting these forms could reduce the model’s
ability to make use of the morphological information con-
tained in its pretrained representations.

Finally, for training, the sentences were tokenized using the
AutoTokenizer associated with the Matej/bert-base-buddhist-
sanskrit model through the Hugging Face Transformers li-
brary, version 4.3611. Specifically, it used the BPE tokenizer
trained on the 30,000-token Sanskrit vocabulary underlying
the model. The following tokenizer arguments were used:

1. Padding: each batch of tensors was padded to a consistent
length of 256 tokens using the [PAD] token.

2. Truncation: sentences longer than 256 tokens were trun-
cated to this length. This cut-off was appropriate because
most sentences in our corpus were much shorter. Thus,
little meaningful information was lost due to truncation.

The tokenizer automatically added [CLS] at the beginning
of each sequence and [SEP] at the end. It also returned atten-
tion masks to differentiate real tokens from padding in han-
dling variable-length batches. These masks, along with the
token IDs, were then converted to PyTorch tensors and placed
on a GPU. Finally, we defined a custom PyTorch Dataset class
that tokenized the sentences on the fly. This reduced memory
consumption as we did not need to pre-tokenize all elements
of the dataset, and allowed easy batch formation and shuffling
during training.

Dataset and Stratified Split

The dataset consists of 602 Sanskrit sentences manually la-
belled by register as modern pedagogical or classical com-
mentarial. The training and test sentences were pooled and
re-split with a stratified 70/15/15 ratio, independently for each
class to preserve class balance. The original validation sen-
tences were then added to the validation partition. This re-
sulted in 370 training sentences, 151 validation sentences, and
81 test sentences. Stratification preserves the class distribu-
tion of the full dataset within each split. For the split, we fixed
the random seed as seed=42 and seeded all global random
operations. The operations include the data shuffling, weight
initialization, and GPU-related computations, which, with a
single value, made the split plus all following training deci-
sions fully reproducible. Importantly, note that the validation
set is used only for early stopping, learning rate scheduling,
and selection of the best checkpoint during training. In con-
trast, the test set is held out entirely and used only for final
evaluation after restoring the best checkpoint according to the
validation results. This means that no information from the
test set was used to select the model or tune its hyperparam-
eters, which is a common concern in experiments with small
datasets27.

BERT backbone justification

The backbone model is Matej/bert-base-buddhist-sanskrit11,
a BERT-base model pre-trained on a Buddhist Sanskrit cor-
pus with Byte Pair Encoding tokenization. BERT (Bidirec-
tional Encoder Representations from Transformers) follows
the transformer encoder architecture introduced by Vaswani
et al.4 and was introduced by Devlin et al.5 The model pro-
cesses an input sentence x = [x1,x2, . . . ,xn] and applies self-
attention to all pairs of tokens to produce contextualized rep-
resentations.

The model architecture consists of the components listed
below:

Embedding Layer. Each input token is represented as a
sum of three learned embeddings:
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E(xi) = WordEmbedding(xi) + PositionEmbedding(i) +
TokenTypeEmbedding(ti)

The vocabulary of 30,000 subword tokens is mapped to a
768-dimensional vector representation. Position embeddings
are learned for tokens in sequences up to 512 tokens long. To-
ken type embeddings are used to distinguish between differ-
ent sentence segments in the input but are inactive for single-
sentence classification. The vectors from the token embed-
dings and position embeddings are summed together with the
token type embeddings, if applicable, and then fed through a
LayerNorm (layer normalization) layer and a Dropout layer
(p = 0.1).

Transformer Encoder. The encoder consists of 12 stacked
BertLayer blocks. Each block applies multi-head self-
attention and then a feed-forward neural network:

Attention(Q,K,V ) = softmax
(

QKT
√

dk

)
·V

where Q, K, V , are query, key, and value projections of
the input dk = 64 (768/12 heads). Each BertLayer contains:
BertSelfAttention with 12 heads, a feed-forward intermediate
layer expanding 768 → 3072 dimensions with GELU activa-
tion, and projection back to 768 dimension by LayerNorm and
Dropout (p = 0.1).

CLS Token Extraction. We follow the standard BERT
classification practice and use the hidden state of the [CLS]
token from the final transformer layer as the sentence-level
representation:

h = BertEncoder(x)[−1][:,0, :] ∈ R768

This 768-dimensional vector serves as an aggregate contex-
tual representation of the sentence and is fed to the classifier
head.

Deep Fine-Tuning Strategy

The main concern when fine-tuning on a small corpus is catas-
trophic forgetting: with only 370 training sentences, fine-
tuning all of BERT’s parameters risks weakening the pre-
trained representations. To combat this, we fine-tuned only
the top 11 layers, leaving the first one frozen27:

1. Layer 0 (1 of 12 transformer blocks): frozen (gradients
not updated)

2. Layers 1–11 (the remaining 11 blocks): unfrozen (gradi-
ents updated during training)

The intuition behind this decision was that the lowest layer
contains general-purpose representations that are useful for
downstream tasks, while the higher layers are tuned to more
specific morphological, syntactic, and semantic patterns. By

freezing the first layer, we regularized the fine-tuning process
and reduced the risk of catastrophic forgetting.

Specifically, we fine-tuned approximately 96 million of
BERT’s 110 million parameters. This was a large enough
portion of the model to learn new representations while re-
ducing overfitting on a small dataset. The low learning rate
(6× 10−6), gradient clipping, and weight decay also helped
prevent the pretrained representations from being overwritten.

We also found that more unfrozen layers generally per-
formed better—the best result was achieved with 11 of the
12 transformer blocks fine-tuned. Theoretically, it should be
possible to freeze all 12 transformer blocks for register clas-
sification, since the pretrained layers already capture general
linguistic regularities. Practically, however, we were unable
to achieve satisfactory results when most of the encoder re-
mained frozen. We believe this was because the pretrained
representations were not fully suited to the task of classifying
commentarial and pedagogical Sanskrit.

The linguistic regularities in Buddhist Sanskrit differ from
those in the classical commentarial and modern pedagogical
Sanskrit used in this study. Although they are all varieties
of Sanskrit, they differ in vocabulary, syntax, and domain-
specific terminology. As such, we had to fine-tune most of the
layers to adapt the pretrained model to register classification.
This finding aligns with the general understanding of domain
shifts in deep learning.

Classifier Head Architecture

A deep classifier head is attached on top of the BERT
backbone to perform binary classification from the 768-
dimensional CLS representation. The head consists of two
hidden blocks followed by a linear output layer:

Input: h ∈ R768

For each hidden layer i ∈ {1,2}:

zi = Linear(hi−1) ∈ R512

zi = Batch Normalize(zi)

zi = GELU(zi)

hi = Dropout(zi, p = 0.5)

Output: logits = Linear(h2) ∈ R2

Batch Normalization: Applied after each linear transfor-
mation to normalize activations across the batch, stabilizing
training on small datasets by reducing internal covariate shift.
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GELU Activation. The Gaussian Error Linear Unit is de-
fined as:

GELU(x) = x ·φ(x) = x · 1
2

[
1+ erf

(
x√
2

)]
where φ(x) is the cumulative distribution function of the

standard normal distribution. GELU was determined to be a
superior choice of activation function for this task. Unlike
ReLU, which hard-zeros negative values, GELU smoothly
scales them, thus avoiding dead neurons and creating more
stable gradient flow. GELU is the standard activation in
transformer-based models, including BERT itself5.

Dropout (p = 0.5). At each forward pass, 50% of the neu-
rons in a given layer are turned off randomly. This technique
is applied to prevent neurons from co-adapting and is the main
regularization technique for the classifier head to prevent over-
fitting on the small dataset.

Loss Function

The model is trained using Categorical Cross-Entropy Loss
with label smoothing (ε = 0.1). For a predicted probability
distribution p̂ over C = 2 classes and a one-hot target yhard,
the smoothed target distribution is:

ysmooth = (1− ε) · yhard +
ε

C

L =−
C

∑
c=1

ysmooth(c) · log(p̂(c))

Label smoothing prevents the model from becoming over-
confident on the training set by softening hard one-hot tar-
gets. This was found to be beneficial in decreasing the gap
between training and validation accuracy and improving gen-
eralization.

Multi-task and auxiliary loss formulations which supple-
ment the standard classification objective with either masked-
keyword regularization28 or supervised contrastive objec-
tives29 have been found to improve the quality of represen-
tations and generalize better than standard fine-tuning with
cross-entropy. However, each comes with caveats that are not
present in the current setting. Contrastive fine-tuning29 re-
quires a large backbone and a decent number of positive ex-
amples per batch in order to learn useful representations, while
masked-keyword regularization28 assumes that the dataset
is large enough for the auxiliary reconstruction objective to
be informative. Both methods also require additional loss-
weighting hyperparameters, which increase the search space.
With the low sample budget of 370 sentences, small batches
that limit contrastive pair formation, and a single task of binary
classification, we decided to use categorical cross-entropy
with label smoothing as a lower-variance regularization ob-
jective.

Table 2 Parameter-group learning rates.

Parameter
Group

Learning
Rate

Purpose

Classifier
head

3e−4 Training from scratch,
needs higher LR

BERT layers
1–11

6e−6 Fine-tuning pre-
trained weights,
requires lower learn-
ing rate to preserve
learned representa-
tions

Weight decay
(both)

0.05 L2 regularization via
AdamW

Optimization: AdamW with Parameter Groups

The model is optimized using AdamW (Adam with decou-
pled weight decay). AdamW maintains per-parameter adap-
tive learning rates based on first and second moment estimates
of the gradient:

mt = β1mt−1 +(1−β1)gt (first moment)

vt = β2vt−1 +(1−β2)g2
t (second moment)

m̂t =
mt

1−β t
1
, v̂t =

vt

1−β t
2

(bias correction)

θt = θt−1 −α · m̂t√
v̂t + ε

−α ·λ ·θt−1 (parameter update)

where α is the learning rate, β1 = 0.9, β2 = 0.999, ε =
1e−8, and λ is the weight decay coefficient, as variables are
defined in conventional standards. The final term (−α ·λ ·θ)
is AdamW’s decoupled weight decay, which directly penalizes
large parameter values independently of the gradient, a key
advantage over standard Adam, which conflates weight decay
with gradient scaling.

The two parameter groups are defined with different learn-
ing rates to reflect the different roles of each component, as
shown in Table 2:

The lower learning rate for BERT layers (6e−6 versus
3e−4) prevents large gradient updates from destroying pre-
trained Sanskrit linguistic representations, a technique known
as discriminative fine-tuning27.

Gradient Clipping. Gradients are clipped to a maximum
norm of 1.0 before each parameter update to prevent exploding
gradients during BERT fine-tuning.
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Table 3 Summary of training hyperparameters.

Hyperparameter Value
Max epochs 20
Early stopping patience 3
Batch size 16
Max sequence length 256 tokens
Dropout 0.5
Hidden dimension 512
Classifier depth 2 layers
Label smoothing 0.1
Classifier LR 3e−4
Gradient clipping max norm 1.0
LR patience 2
LR scheduler factor 0.5
BERT fine-tune LR 6e−6
Weight decay 0.05
Random seed 42
Hardware NVIDIA A100 GPU

(Hyperparameters are detailed as a summary for replication
purposes)

g = g ·min
(

1,
max norm

∥g∥2

)
Learning Rate Scheduler. ReduceLROnPlateau reduces

the learning rate by half (factor = 0.5) when the validation
loss does not decrease for 2 consecutive epochs (patience =
2). This allows the optimizer to make smaller updates to the
model’s weights as it converges.

Training Procedure and Early Stopping

The model is trained for a maximum of 20 epochs with a batch
size of 16. For each epoch, the training loop is run in which
the forward pass is performed, the loss function is calculated,
and the weights of the network are updated via the backward
pass by the optimizer. Subsequently, the validation loop is
performed, during which the gradients are turned off, and the
loss on the validation sample is calculated. Next, early stop-
ping with patience = 3 is applied; that is, if three consecutive
epochs have passed in which the loss on the validation sample
was not reduced, the training is stopped. In addition, to select
the best model for the final evaluation on the test sample, sav-
ing the best model checkpoint is performed; that is, the model
whose validation loss is the lowest is saved and loaded at the
end of training.

Evaluation Metrics

Model performance is evaluated on the held-out test set us-
ing five metrics: Accuracy, Macro Precision, Macro Recall,

Macro F1, and Matthews Correlation Coefficient (MCC). The
macro-averaging approach calculates Precision, Recall, and
F1 for each class independently. After that, it averages the
results. It is commonly used for binary classification prob-
lems because it treats both classes equally and does not favor
the class that has the majority.

MCC is used alongside the F1-score since it is an informa-
tive measure that uses all four values from the confusion ma-
trix27. It is a correlation coefficient that measures the agree-
ment between the predicted and actual labels, ranging from
−1 to +1. An MCC of −1 indicates completely incorrect pre-
dictions, 0 indicates random prediction, and +1 indicates per-
fect prediction.

Lastly, two variance analyses were conducted for the perfor-
mance scores across 12 independent runs. First, initialization
variance was estimated by varying the global random seed and
keeping the stratified split seed fixed. The initialization vari-
ance measures how much model performance varies due to
differences in weight initialization and training randomness
when the data split is fixed. Second, data variance was es-
timated by varying the stratified split seed and keeping the
global random seed fixed. The data variance measures how
much model performance varies due to different data splits at
a fixed model initialization. The final results are reported as
the mean value with the standard deviation as the error term.

Reproducibility and Hardware Considerations

For the main results described in the paper, all sources of
randomness were fixed by setting the random seed to 42.
This includes data-split shuffling, model weight initialization,
dropout masks, and GPU computations. By fixing the seed,
the data partition becomes fixed, as well as all following train-
ing decisions. To make sure that all operations on the GPU
were deterministic, all CUDA operations were performed with
deterministic algorithms, with all non-deterministic optimiza-
tions turned off.

Nevertheless, when experimenting with different GPUs
(T4, L4, and A100), we observed that some results differed
across hardware even with the same hyperparameters and
random seed. We believe that the reason for this lies in
the floating-point non-determinism of different GPU architec-
tures. This seems to be especially noticeable when training
on small datasets, since small numerical differences that ap-
pear during the first few epochs can grow over the course of
training and affect the final checkpoint. All results presented
in the paper were produced using the NVIDIA A100 GPU.
Overall, we find that this hardware sensitivity is a limitation
of small-scale NLP experiments and motivates future research
using larger Sanskrit corpora.

The full source code, including the pre-processing, train-
ing, and evaluation scripts needed to reproduce the results, is
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Figure. 1 Accuracy by classifier depth

available upon request.

Results

Primary Model Performance

The proposed model with a classifier head depth of 2 and
the selective fine-tuning scheme described in Section 3 was
evaluated on the held-out test set using the best checkpoint
according to validation loss. The result for the primary run
(SEED = 42, split seed = 42) is reported here. For this single
run, the model achieved an accuracy of 97.5%, a macro-F1 of
0.9753, and an MCC of 0.9517. The metrics for this run are
reported for demonstration purposes only, while those cited in
the abstract and discussion section represent the scores aver-
aged over 12 stratified splits (see Section 4.3). These averaged
scores should be used for assessing generalization and for all
baseline comparisons.

Classifier Depth Comparison

Two classifier head depths were considered during the experi-
ments: 2, meaning two hidden layers with 512 units each, and
3, meaning three hidden layers. As can be seen in Figure 1, the
mean accuracy under initialization variance was almost iden-
tical for the two depths (96.20% vs 96.49%). However, under
data variance, depth 3 had a considerably higher standard de-
viation for accuracy (±2.82% vs ±1.84%). A similar trend
was observed for MCC: although the mean MCC for depth 3
was 0.0068 higher, its standard deviation was 0.0204 higher
(±0.0568 vs ±0.0364). Thus, depth 3 was less consistent
across different training-data splits, likely because of overfit-
ting on the small dataset. We decided to choose depth 2 as
the final model since it offered comparable performance with
greater consistency. Training time and the number of epochs
needed to reach convergence were not measured across runs,
and so are not reported.

Variance Analysis

Two systematic variance analyses were performed to evaluate
the proposed model’s robustness. Both consisted of 12 inde-
pendent runs.

The first analysis measured initialization variance. More
specifically, the global random seed, which determines weight
initialization, dropout masks, and batch ordering, was changed
between runs, whereas the data split seed was fixed at 42.
The depth 2 model achieved a mean test accuracy of 96.20%
(±0.91%), a macro-F1 score of 0.9619 (±0.0094), and an
MCC of 0.9260 (±0.0183).

The second analysis measured data variance. It was con-
ducted by changing the data split seed between runs while fix-
ing the global random seed at 42. The depth 2 model achieved
a mean test accuracy of 95.69% (±1.84%), a macro-F1 score
of 0.9567 (±0.0186), and an MCC of 0.9150 (±0.0364).

The initialization variance is relatively small, which sug-
gests that our model is robust to random fluctuations intro-
duced by different initialization runs. The data variance is
almost twice as large as the initialization variance. This can
be explained by the fact that our test set consists of only 81
sentences. Therefore, each misclassified sentence increases or
decreases the accuracy by approximately 1.2%.

Baseline Comparison

The proposed model was evaluated on the same data splits
as six baseline models. The four classical machine learning
baselines were trained on TF-IDF representations using Naı̈ve
Bayes, Logistic Regression, Random Forest, and Linear SVM.
The other two baselines were multilingual transformer models
with a frozen pretrained backbone and a linear classification
head: multilingual BERT (mBERT)22 and XLM-RoBERTa-
base23. All baselines were evaluated on the same splits as the
proposed model using the same split seeds, and the results are
presented as mean ± standard deviation over the 12 data splits.
For the Random Forest, an additional initialization variance
analysis was required since the trees in the forest are not built
deterministically.

As can be seen in Figure 2, the mean accuracy of the pro-
posed model was the highest at 95.69% (±1.84%), followed
by Naı̈ve Bayes at 93.83% (±1.02%) and Linear SVM at
93.01% (±1.25%). However, the comparison of the MCC
(Figure 3) shows much better separation, with the proposed
model having an MCC of 0.915, while the best-performing
baseline (in terms of accuracy) — Naı̈ve Bayes — had an
MCC of 0.878. Since all the models were evaluated on identi-
cal splits (generated by the same random seed), the Wilcoxon
signed-rank test can be used to evaluate whether the difference
in medians between the per-split accuracies of the proposed
approach and the best baseline (Naı̈ve Bayes) is statistically
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Figure. 2 Test accuracy comparison

Figure. 3 MCC comparison

significant, which the test confirmed for the chosen signifi-
cance level (W = 5.0, p = 0.035).

A notable observation is the difference in performance
between model families: TF-IDF classifiers (Naı̈ve Bayes,
Linear SVM, Logistic Regression) consistently outperformed
generic multilingual transformers (mBERT at 85.50%, XLM-
RoBERTa at 82.95%). While surprising at first glance, this
outcome is explained by the nature of the task. Indeed,
the frozen multilingual transformers were not pretrained on
Sanskrit-specific data, and their tokenizers therefore lack ad-
equate subword representations for the language, while bag-
of-words classifiers achieve excellent results due to the lexi-
cal differences between the target registers (Modern Pedagog-
ical and Classical Commentarial). The lexical differences be-
tween the target registers account for why using only surface
features achieves 93.8% accuracy—the task is closer to a lex-
ical classification problem than a syntactic one. To achieve
better performance than the simple bag-of-words classifiers,
the proposed model uses a domain-specific pretrained BERT
encoder11 with selected layers unfrozen, thus capturing both
deeper contextual features and Sanskrit-specific lexical differ-
ences at the subword level.

Discussion

This paper describes a BERT-based model for classifying San-
skrit register: classical commentarial versus modern pedagog-
ical. A domain-specific pretrained encoder fine-tuned with se-
lective layer unfreezing and a regularized classification head
achieved a mean test accuracy, macro-F1, and MCC of 95.7%
(±1.8%), 0.957 (±0.019), and 0.915 (±0.036), respectively,
across 12 stratified data splits. It outperformed six baseline
classifiers, including TF-IDF-based approaches, multilingual
BERT22, and XLM-RoBERTa23, with the difference from the
strongest baseline confirmed by a Wilcoxon signed-rank test.

Three observations are worth making about these results.
First, the best model reflects the value of combining domain-
specific pretraining with a regularized classification head: the
former provides better language representations for the tar-
get language, while the latter prevents overfitting on the small
training corpus. Second, the comparison with baselines sug-
gests that domain-specific pretraining was more important
than model complexity: the generic multilingual transform-
ers failed to compete with simpler TF-IDF classifiers on this
task, while the domain-specific encoder with selective fine-
tuning significantly outperformed the strongest baseline. Fi-
nally, the results indicate that the model is robust to limited
training data: the average accuracy remained above 95% when
trained on only 370 sentences, and the variance across differ-
ent training sets and random seeds was relatively small.

Thus, the paper addresses both of the aforementioned lim-
itations in the context of developing a classifier for the low-
resource language Sanskrit. The small size of the training
corpus was mitigated through selective layer unfreezing and
a regularized classification head, while the failure of generic
multilingual models to capture the properties of this language
was addressed by using language-specific pretraining. This
combination proved to be more effective than using larger but
less relevant multilingual models. Overall, the results sug-
gest that the problem of scarce training data can be addressed
in similar low-resource languages through targeted pretraining
and regularization rather than model scale alone.

The described approach has potential applications in both
computational linguistics and digital humanities. A classi-
fier for Sanskrit register could be used in online platforms
dealing with Sanskrit texts to automatically organize or tag
manuscripts by register. Since the model can run on a single
GPU, it could be integrated into relatively accessible digital
Sanskrit platforms. With a register-controlled corpus of pas-
sages also annotated for difficulty, a similar model could be
used to separate texts according to their reading level for fur-
ther analysis or for building graded curricula for students.

However, several important limitations should be noted.
First, the dataset used for this study was relatively small, con-
sisting of 602 sentences, and was annotated by only one per-
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son. Future research should focus on obtaining a larger cor-
pus annotated by multiple people and measuring agreement
between annotators using a measure such as Cohen’s Kappa.
Second, since in the current data there are two classes that dif-
fer in both register and period, the results described in this pa-
per demonstrate the model’s ability to capture these combined
differences. To analyze reading difficulty separately, future
studies should obtain a register-controlled corpus in which
different levels of difficulty originate from the same tradi-
tion. Finally, experiments on different GPU architectures pro-
duced slightly different results despite identical seeds and hy-
perparameters because of hardware-level floating-point non-
determinism. All results reported in this paper were produced
using the NVIDIA A100 GPU, and this hardware sensitivity
is a limitation of small-dataset NLP research.

Therefore, future research should focus on two main di-
rections: obtaining a new register-controlled Sanskrit corpus
annotated by multiple annotators for both register and diffi-
culty, and applying the described methodology to other low-
resource languages with complex morphology. These studies
will determine whether the described methods are broadly ap-
plicable across languages, and whether similar challenges can
be tackled in the context of limited training data and model
choices. The present paper is one step in a larger process to
make low-resource natural language processing more accessi-
ble to smaller communities that do not have the resources to
collect large annotated datasets or use high performance com-
puting infrastructure.
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