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Abstract

Multilingual alignment for low-resource lan-
guages is a challenge for embedding models.
The scarcity of parallel datasets in addition to
rich morphological diversity in languages adds
to the complexity of training multilingual em-
bedding models. To aid in the development
of multilingual models for under-represented
languages such as Sanskrit, we introduce Gi-
taDB: a collection of 640 Sanskrit verses trans-
lated in 5 Indic languages and English. We
benchmarked various state-of-the-art embed-
ding models on our dataset in different bilin-
gual and cross-lingual semantic retrieval tasks
of increasing complexity and found a steep
degradation in retrieval scores. We found a
wide margin in the retrieval performance be-
tween English and Sanskrit targets. To bridge
this gap, we introduce Monolingual Adapter
Networks: a parameter-efficient method to bol-
ster cross-lingual alignment of embedding mod-
els without the need for parallel corpora or full
finetuning.

1 Introduction

Sanskrit is one of the oldest languages in human
history, actively spoken by 25k people in India. The
collection of scriptures, written in Vedic and Clas-
sic Sanskrit, include Vedas, Bhramanas, Arkanyas,
Upnishads, Vedangas, Upvedas, Mahapurans, Up-
apurans, Darsanas, Smritis, Itihasa, and the Bhag-
vada Gita. These works have received so little at-
tention that there is no consensus on the total verse
count for Brahmanas, Aranyakas, Upanishads, Sm-
ritis, Vedangas, Upavedas, and Darsanas. The rest
(Vedas, Puranas, Itihasas, and Bhagvada Gita) have
an estimated total of 600,000 Sanskrit verses. It is
estimated that 30 million documents of Sanskrit ex-
ist that are partly digitized (Aralikatte et al., 2021).
Being silos of knowledge and wisdom, these are
prominent works for cultural and historical stud-
ies. However, their accessibility is limited due to a

lack of good quality translations and applications
to search and analyze these works.
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Figure 1: Bilingual retrieval accuracy of embedding
models across Indic languages and Sanskrit (k=5) for
English translations. SOTA models that excel in Indic-
English retrieval, struggle with English-Sanskrit re-
trieval.

Retrieval-augmented generation (RAG) has
emerged as the dominant paradigm for extend-
ing large language models’ generative question-
answering capabilities to new domains (Lewis et al.,
2021, Gao et al., 2024, Guo et al., 2025, Han et al.,
2025). Their multilingual and cross-lingual perfor-
mance on question answering tasks have also been
evaluated (Liu et al., 2025, Artetxe et al., 2020).
The core challenge in creating a RAG system is
retrieval of high-quality documents to be passed as
part of the context to a LLM for generation. A stan-
dard retrieval pipeline uses a variation of semantic
retrieval in addition to statistical methods such as
BM-25 (Robertson et al., 1994) or graphs (Han
et al., 2025, Guo et al., 2025). Semantic retrieval is
based on similarity of vector embeddings of a given
query and documents in the dataset. The quality of
embeddings generated from an embedding model
play a crucial role in the retrieval performance of
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this pipeline.

A large proportion of the population interested
in surveying Sanskrit texts are non-native English
speakers and often use their mother tongue, not
English for most, as the preferred mode of com-
munication and interaction with applications. The
problem for Sanskrit verse retrieval is trivial if both
query and translation is available in English or In-
dic languages (Figure 1). The Sanskrit verse can
be retrieved based on semantic similarity of a trans-
lation (available in English or Indic language) with
the query. The non-trivial cases include:

* Query in English against dataset of Sanskrit
documents.

* Query in language X (low-resource indic lan-
guage) against dataset of Sanskrit documents.

* Retrieving parallel pairs from an unlabeled
corpora of Sanskrit/English/Indic languages.

Thus, multilingual embedding models capable
of retrieving Sanskrit documents for English and
Indic language queries will bolster the efforts in
making accessible applications for the analysis of
Sanskrit texts.

In our survey we found that existing corpora (Ar-
alikatte et al., 2021, Bakrola and Nasariwala, 2023,
Jagadeeshan et al., 2025, Maheshwari et al., 2024,
Gala et al., 2023, Ramesh et al., 2022) lacked mul-
tilingual parallel translations for Sanskrit verses to
benchmark multilingual and cross-lingual retrieval
performance of embedding models. To aid in the
development of models and applications, we in-
troduce GitaDB: a parallel aligned dataset of high
quality translations of Sanskrit verses in 5 Indic lan-
guages and English to support the development of
new models in the field of retrieval, embedding,
and question answering. Using our dataset we
benchmark the performance of various multilingual
embedding models in bilingual and cross-lingual
retrieval.

In our analysis, we found a wide gap in the re-
trieval performance of these models in retrieving
Sanskrit documents for English/Indic queries. To
bridge this gap we created Monolingual Adapta-
tion Networks, as a method to expand coverage
of multilingual models to weakly represented lan-
guages. Monolingual Adaptation Networks are
dense feed-forward neural networks that learn to
transform the embeddings for an under-represented
language (Sanskrit) to be closer to a pivot language
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(English) in a parameter and resource efficient man-
ner.
Our main contributions in this paper include:

* GitaDB - A parallel aligned corpus of clas-
sic Sanskrit in 6 languages: English, Hindji,
Gujarati, Odia, Tamil, Telugu

Monolingual Adapter Network - A method
to bolster the performance of embedding mod-
els for under-represented languages in a re-
source efficient way.

Cross-lingual Alignment - We showcase the
benefits of using a pivot language as training
target for contrastive learning in cross-lingual
alignment of translations.

2 Related Work

In our survey we found various datasets for San-
skrit translations. Itihasa (Aralikatte et al., 2021)
has a collection of 93,000 pairs of Sanskrit and
English translations created from two epics: Ra-
mayana and Mahabharata. Sahayaak (Bakrola and
Nasariwala, 2023) is a collection of 1.5M pairs
of Sanskrit-Hindi translations covering various do-
mains such as daily conversations, Sports, News,
History, and ancient Indian literature including the
700 verses from Bhagvada Gita. Anveshana is a
dataset of 3400 Sanskrit document-English query
pairs used to study the efficacy of translation based
retrieval over direct retrieval for cross-lingual re-
trieval of ancient texts (Jagadeeshan et al., 2025).
Samayik (Maheshwari et al., 2024) has a collec-
tion of 53,000 Sanskrit-English pairs written in
prose form, distinct from the poetic form of verses
present in datasets like Itihasa. Other datasets such
as IndicTrans2 (Gala et al., 2023) and IndicGen-
Bench (Singh et al., 2024) cover modern Sanskrit,
distinct from the Vedic and Classic forms of San-
skrit used in historic literature.

Most of the datasets we surveyed were either
bilingual datasets for Sanskrit or were multilin-
gual datasets for low-resource Indic languages ex-
cluding Vedic and Classic Sanskrit. GitaDB is the
first dataset that contains multilingual verse aligned
translations of 640 verses in 5 low-resource Indic
languages along with English.

Our primary objective is to identify embedding
models’ ability to retrieve similar verses for a given
query, presented in different Indic languages. Roy
et al., 2020 introduced the concept of strong cross-
lingual alignment and its necessity in a multilin-



gual embedding model’s output. Strong cross-
lingual alignment is achieved by maximizing inter-
cluster distance and minimizing intra-cluster dis-
tance for multilingual embeddings of the same in-
formation. A model which exhibits low intra-verse
distance and high inter-verse distance has strong
cross-lingual alignment of translations which pro-
duces a high-quality retriever. Thus, we use the
concept of strong alignment in our study.

Multilingual alignment methods typically de-
pend on parallel data or bilingual dictionaries,
which are scarce for under-represented languages
like Sanskrit. More recent multilingual embed-
ding models (e.g., LaBSE (Feng et al., 2020),
mES (Wang et al., 2024)) aim to create shared
representation spaces but still exhibit performance
degradation on low-resource languages. Parameter-
efficient adaptation methods such as adapter layers
(Houlsby et al., 2019) and MAD-X (Pfeiffer et al.,
2020) have proven effective for cross-lingual trans-
fer, yet they primarily target task adaptation rather
than language alignment. In contrast, Monolingual
Adapter Networks focus specifically on resource-
efficient language-space realignment, enabling em-
beddings of low-resource languages to be pushed
closer to a pivot language without requiring par-
allel corpora in multiple languages or sacrificing
performance on other languages.

3 Dataset

Our dataset is a collection of 640 verses taken from
the Bhagvada Gita. The Bhagvada Gita is a subset
of 700 verses from the Mahabharata structured as
a poetic discourse between Arjuna and Lord Kr-
ishna, covering various parts of one’s life: duty,
knowledge, and devotion. It is also referred to as
the summary of the Vedas - the scriptures that form
the roots of Sanatan Dharma. The Bhagvada Gita
contains a total of 700 verses. After data cleanup,
we were left with 640 verses with translations in
6 languages: Hindi, English, Gujarati, Tamil, Tel-
ugu, and Odia for a total of 4480 sentences in our
dataset.

We sourced our translations from various on-
line sources and align them at the verse level. For
each verse, we store the Sanskrit verse along with
its translation in each language available: Hindi,
English, Gujarati, Tamil, Telugu, and Odia. Each
language uses a different script that adds a rich
complexity in our dataset.

After initial data collection, we found certain

verses were fused together. These verses are trans-
lated in pairs/triplets as they provide necessary
context for the pair/triplet of verses to be inter-
preted correctly. We translated each verse of the
pair/triplet independently and found the meaning to
be skewed without the appropriate context. Thus,
we decided to leave the fused verses as a single
entity in our dataset. This brought our total verse
count from down from 700 to 640.

Our dataset along with all our code for this paper
can be found here !

4 Methods

4.1 Base Model

We adopt LaBSE (Feng et al., 2020) as the underly-
ing multilingual encoder due to its strong bilingual
retrieval performance for Indic queries against a
corpus of English translations (Table 1). LaBSE
provides sentence-level embeddings for more than
100 languages, but like other multilingual encoders,
it performs poorly on low-resource languages such
as Sanskrit (Table 2).

4.2 Adapter Network Architecture

On top of the frozen LaBSE encoder, we in-
troduce an Adapter Network implemented as a
lightweight two-layer feed-forward neural network.
This adapter maps Sanskrit embeddings into a
space more closely aligned with English embed-
dings, serving as a post-hoc correction without re-
quiring changes to the base model. By restricting
training to the adapter, our approach remains com-
putationally efficient and avoids catastrophic for-
getting across other languages. The training and
inference setup are showcased in figures 2 and 3
respectively.

4.3 Training Data

We train the Adapter Network on the Itihasa corpus
2 (Aralikatte et al., 2021), which provides paired
Sanskrit and English translations. Importantly, only
the Sanskrit embeddings are passed through the
adapter during training, while the English embed-
dings from LaBSE remain fixed and serve as align-
ment targets.

"https://github.com/tickloop/gitadb

’The Bhagvada Gita is a part of the Mahabharata. To avoid
test set leakage, we remove the chapters of Mahabharata that
cover the Bhagvada Gita from our training set.
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Model Top-k Hi Gu Od Ta Te
(Ac/MRR)  (Acc/MRR)  (Acc/MRR)  (Acc/MRR)  (Acc/MRR)
Vyakyarth k=5 99.8/98.3 95.9/89.5 93.9/86.2 99.5/98.6 94.4/89.1
LaBSE k=5 100.0/99.9 100.0/100.0  100.0/100.0 99.8/799.7 100.0/100.0
gte-multilingual-base k=5 99.2/96.6 95.2/89.4 87.0/75.9 98.9/97.2 95.8/90.6
multilingual-e5-small k=5 97.7/94.3 90.9/79.4 91.6/83.7 98.4/94.9 91.9/83.3
multilingual-e5-base k=5 100.0/98.7 99.1/96.1 99.4/97.3 99.7/99.3 99.5/97.7
multilingual-e5-large k=5 100.0/99.5 99.4/98.5 99.5/98.9 99.8/99.5 99.7/98.8
Vyakyarth k=10 99.8/98.3 98.0/89.8 96.4 / 86.6 99.8/98.7 97.3/89.5
LaBSE k=10 100.0/99.9 100.0/100.0  100.0/100.0 99.8/99.7 100.0/100.0
gte-multilingual-base k=10  99.5/96.7 97.2/89.7 92.5/76.7 99.4/97.2 97.5/90.8
multilingual-e5-small k=10 98.8/94.4 95.0/80.0 95.5/84.2 99.1/95.0 95.5/83.8
multilingual-e5-base k=10 100.0/98.7 99.5/96.1 99.7/97.4 99.7/99.3 99.8/97.8
multilingual-e5-large k=10 100.0/99.5 99.7/98.5 100.0/99.0 100.0/99.5 99.8/98.8

Table 1: Top-k retrieval accuracy (Acc) and mean reciprocal rank (MRR) for queries in Indic languages with targets
from English translation corpora. Each cell shows Acc / MRR.

4.4 Objective Function

Training is performed with the InfoNCE contrastive
loss (van den Oord et al., 2018). For each Sanskrit—
English pair, the adapter output for Sanskrit serves
as the query, and the corresponding English embed-
ding is treated as the positive key among a set of in-
batch negatives. This formulation encourages the
adapted Sanskrit embeddings to be “pulled” closer
to their English counterparts while being pushed
away from non-matching English samples. Use
of more advanced loss functions is left as part of
future work.

Sanskrit
Text

Embedding
Madel

English
Text

Contrastive

Loss

Figure 2: Adapter Network training setup. The embed-
ding model is kept frozen and only the Adapter Network
is trained using a contrastive loss. This creates embed-
dings for Sanskrit that are better aligned with English
while the alignment between other languages is unal-
tered.

5 Experiments

We selected the following models for evaluation on
our retrieval benchmarks:

* Vyakyarth (Pushkar Singh, 2024) is a 270M

sentence embedding model designed for In-
dic languages, built upon the STSB-XLM-R-
Multilingual architecture.

* GTE-Multilingual (Zhang et al., 2024) is
a 305M parameter General Text Embedding
model which is trained on 70+ languages and
ranks high on MMTEB (Enevoldsen et al.,
2025).

* LaBSE (Feng et al., 2020) is a 471M param-
eter multilingual model that scores well on
low-resource languages.

* Multilingual-e5 (Wang et al., 2024) family
of models trained on 100+ languages offer
three models: small (118M), base (278M),
and large (560M) parameters.

We tested the models in scenarios that resemble
real-world application of high-quality embeddings:
Bilingual English-Indic Retrieval, Retrieval with-
out translation availability, and Bitext mining in
multilingual corpora. Each task requires high bilin-
gual and cross-lingual alignment of embeddings.
We use cosine similarity as our distance metric in
all our experiments. Since our dataset does not
contain queries, we use the translations as a proxy
for queries.

5.1 Retrieval from English Corpus

Task: Given a query in Indic language and a cor-
pora of English translations, retrieve the parallel
translation of the query. We expect all models
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Figure 3: During inference, English and Indic text embeddings are generated via the embedding model while
Sanskrit embeddings are generated as a combination of the embedding model and the adapter network. The
embeddings are stored in a vector store for retrieval. Queries are embedded using the same embedding model are
relevant documents are retrieved from the vector store. Since the adapted embeddings for Sanskrit are better aligned
with English (and consequently Indic Languages), the retrieval performance is better for Sanskrit documents against

queries from different languages.

to perform well on this task due to the increase
in availability of multilingual corpora for all lan-
guages tested. This task also serves as a benchmark
to identify any language bias in embedding models.

We created embeddings for each English trans-
lation in our corpora and stored them in a vector
database. Then, for each query we retrieved top-
k English translations using Cosine similarity as
the distance metric from our vector store. We re-
port the Accuracy @k and Mean Reciprocal Rank
(mRR @k) values in Table 1. All models performed
near perfectly in this task as we expected. The
MRR scores being close to 100 indicate that ma-
jority of correct retrievals were the highest scoring
result. This showcases a high bilingual alignment
between English and Indic language embeddings.

5.2 Retrieval from Sanskrit Corpora

Task: Given a query in language X (En/Indic) and
a corpora of Sanskrit verses, retrieve the parallel
verse for the query. This task benchmarks the bilin-
gual alignment between English/Indic languages
and Sanskrit for each embedding model.

We created embeddings for each Sanskrit verse
in our corpora and stored them in a vector database.
Then, for each query we retrieved top-k Sanskrit
verses using Cosine similarity as the distance met-
ric from our vector store. The results for this study
are presented in Table 2.

The multilingual-e5 model family was the domi-
nant model for this task. The base LaBSE model
achieves an average score of 29.82. Adding the
Adapter Network (+ada) increases performance

to 43.3, a 45.2% improvement, highlighting the
effectiveness of the adapter. The Adapter Net-
work also aids in alignment between Sanskrit
verses and translations in Indic languages which
the models was not trained on. For English re-
trieval, the model exhibited an absolute improve-
ment of 12.6%, whereas for Indic languages it
demonstrated a comparatively higher average abso-
lute gain of 13.7%, highlighting the enhancement
in cross-lingual alignment. Having a good align-
ment between pivot and non-pivot languages, as we
noted in Task 1, aids in a consistent improvement
across all languages (Table 2).

5.3 Bitext Retrieval

Task: Given a Sanskrit verse and a multilingual
corpora of English and Indic language translations,
retrieve all the parallel translations for the verse.
This task benchmarks the cross-lingual alignment
and retrieval ability of embedding models.

For each verse in our Sanskrit corpora, we re-
trieve top-k results from a multilingual corpora
of English and Indic translations. We report the
Accuracy @k for k=6 in Table 3. We use k=6 as
there are 6 parallel translations for each verse in
our dataset. Since there are multiple correct can-
didates for retrieval, we also report Mean Average
Precision (mAP) (Roy et al., 2020) values in Table
4 along with average accuracy (count of correct
retrievals / total correct translations in dataset).

The base LaBSE model achieves an average
score of 11.9 which is a massive drop compared
to the bilingual setting with only one target lan-
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guage. The presence of multiple correct transla-
tions was a challenge for every embedding model.
The sharp drop in performance indicates that the
embedding space contains clusters with low inter-
verse distance resulting in weak alignment between
Sanskrit and English/Indic languages. Incorporat-
ing the Adapter Network (+ada) raises the aver-
age to 23.9, highlighting that the adapter helps
align low-resource language embeddings even with-
out full fine-tuning. It provided a +25.6% abso-
lute improvement in retrieval accuracy for English
translations, while also providing a consistent im-
provement in cross-lingual alignment for non-pivot
languages: +3.2% in Hindi, 49.5% in Gujarati,
+13.6% in Odia, +10.3% in Tamil, and +10.4% in
Telugu.

We also note a wide variation in the performance
of multilingual-e5 models across languages. Their
performance for English retrieval dropped signifi-
cantly in the presence of multiple translations from
Indic languages. The e5-large model’s top-k re-
trieval accuracy for Gujarati was 61.6 whereas for
English it was only 11.1. There are similar lan-
guage biases in e5-base and e5-small embedding
models. To investigate this bias, we trained an
Adapter Network for e5-base model.

While the performance of m-e5-base (+ada) on
English, Odia, and Tamil increased by an abso-
lute average of 23.8%, it dropped for Hindi, Gu-
jarati and Telugu by an absolute average of 10.2%.
The top-6 average retrieval accuracy for m-e5-base
was 30.7, which was boosted to 37.5 with the help
of Adapter Networks. The average retrieval per-
formance of this combination of multilingual-e5-
base with Adapter networks (37.5) is comparable
to multilingual-e5-large (38.1). It is clear that

Model En Hi Gu Od Ta Te

Vyakyarth 277 292 242 227 228 19.7
gte-m-base 29.8 414 258 242 275 273
m-e5-small 550 634 56.1 536 508 564
m-e5-base 62.8 70.8 66.9 66.7 59.7 67.5
m-e5-large 68.1 758 775 741 68.9 715
LaBSE 347 267 302 292 258 323

LaBSE (+ada) 473 405 427 428 42.0 445

multilingual-e5 family of models’ Indic language
embeddings do no cluster around English as a pivot
language and an interesting future work will be to
investigate the choice of pivot language for differ-
ent embedding models.

6 Results

Overall, our experiments reveal a clear stratifica-
tion in model performance across tasks and lan-
guages. While nearly all multilingual embedding
models exhibited decent performance in bilingual
retrieval from parallel corpora, their effectiveness
dropped substantially when moving to tasks that
required cross-script and cross-lingual alignment
with Sanskrit. The multilingual-e5 family consis-
tently ranked at the top for bilingual scenarios,
particularly the large variant, which demonstrated
strong resilience to performance degradation.

In the Indic/English-to-Sanskrit retrieval task
(Table 2), the models encountered a significant
challenge. The shift from modern language cor-
pora to a under-represented, morphologically rich
language introduced substantial difficulty in seman-
tic alignment. Even top-performing models exhib-
ited a marked decline in retrieval accuracy, indicat-
ing that bi-lingual alignment learned from contem-
porary corpora does not directly transfer to San-
skrit. The relative resilience of the multilingual-e5
family suggests that broader multilingual coverage
and larger model capacity help preserve alignment
in low-resource or structurally distant target lan-
guages, but performance gaps remain large enough
to affect real-world applicability in downstream
RAG systems. Adapter Networks consistently im-
proved retrieval accuracy for English and Indic

Model En Hi Gu Od Ta Te

Vyakyarth 120 150 102 69 6.1 9.7

gte-m-base 198 175 84 75 98 117
m-e5-small 23 144 442 155 50 194
m-e5-large 11.1 383 61.6 489 21.1 48.0
LaBSE 10.0 123 13.0 100 88 17.3
LaBSE (+ada) 356 150 225 23.6 19.1 277
m-e5-base 84 417 492 27.8 19.1 38.0

m-e5-base (+ada)  59.7 40.3 28.1 33.1 33.8 29.8

Table 2: Top-5 retrieval accuracy for queries in English/Indic
language with targets from Sanskrit verse corpora. (+ada)
uses adapted embeddings for retrieval targets. The Adapter
Network not only increased performance on English, but also
across non-pivot languages that were not included in training.

Table 3: Top-6 parallel alignment accuracy for each language.
There is a stark decline in performance for all models as
compared to retrieval from English corpora in Task 1 and
for bilingual retrieval with Sanskrit targets in Task 2. The
multilingual-e5 family also showcases a heavy language bias.

365



Model acc@6 acc@10 mAP@6  mAP@10
Vyakyarth 9.97 13.26 0.18 0.19
gte-m-base 12.47 16.67 0.26 0.25
m-e5-small 16.80 20.44 0.39 0.37
m-e5-large 38.15 46.35 0.63 0.60
LaBSE 11.90 16.09 0.18 0.18
LaBSE (+ada) 2391 31.30 0.35 0.34
m-e5-base 30.70  37.16 0.52 0.50
m-e5-base (+ada) 37.47 46.28 0.54 0.52

Table 4: Average accuracy and mAP values for parallel trans-
lation retrieval. mAP values closer to 1 are better. All models
struggled in retrieving parallel translations in the presence of
multiple targets from different languages. A stark contrast
from the bilingual performance highlights the complexity of
this task.

languages, even with the lack of parallel corpora or
full-finetuning of embedding models.

The bitext retrieval task (table 3-4), which re-
quired retrieving all valid translations of a Sanskrit
verse from a multilingual pool, proved the most
difficult. The presence of multiple correct answers
across diverse scripts and languages compounded
alignment complexity, amplifying the effects of lan-
guage bias and imperfect semantic clustering. Here,
accuracy dropped sharply for most models, and
mAP values were substantially below 1 indicating
the lack of correct answers in majority of retrievals.
The multilingual-e5 models again emerged as the
most robust, though their performance in English
retrieval degraded noticeably in this multi-target
setting, suggesting that even strong multilingual
alignment is strained when faced with semantically
overlapping candidate sets. This result underscores
the need for embedding strategies explicitly opti-
mized for multi-answer, multilingual retrieval sce-
narios in low-resource languages. While the use of
Adapter Networks showed improvement in cross-
lingual alignment for all non-pivot languages for
LaBSE, the lack of strong cross-lingual alignment
between English and Indic language translations
resulted in a split performance for the ES family of
models.

7 Conclusion

In this work, we introduced GitaDB, a parallel-
aligned multilingual dataset of 640 Bhagavad Gita
verses in Sanskrit with translations in five Indic lan-
guages and English. We benchmarked a range of
multilingual embedding models on retrieval tasks

of increasing complexity, revealing the strengths
and limitations of current embedding models for
cross-lingual and cross-script retrieval in a classi-
cal language setting. While state-of-the-art models
such as the multilingual-e5 family demonstrated
strong performance in parallel multilingual re-
trieval, their performance dropped substantially in
bilingual Sanskrit alignment and multilingual bi-
text retrieval scenarios. These results underscore
the unique challenges of handling morphologically
rich, low-resource languages with diverse scripts,
even for models trained on extensive multilingual
corpora. Our method of creating resource efficient
Adapter Networks proved effective in extending
the capabilities of embedding models to an under-
represented languages without full finetuning or
parallel multilingual corpora.

8 Future Work

Our findings suggest several promising directions
for future work. There is a clear need for embed-
ding models explicitly trained on classical language
corpora and capable of handling cross-script align-
ment without relying solely on translations. This
work has uncovered the use of Adapter Networks
as a strategy to improved cross-lingual retrieval
performance with a simple architecture. Adapter
Networks can be further studied with varying archi-
tectures, loss functions, and pivot languages based
on the choice of underlying embedding model. Us-
ing hard in-batch negatives has also shown promis-
ing results in contrastive training. We leave the
exploration of using hard in-batch negatives for a
future study.

The multi-answer retrieval setting presents an
open challenge; techniques that better cluster se-
mantically equivalent translations while maintain-
ing separation between distinct verses could yield
significant zero-shot improvements. For RAG sys-
tems in particular, such advances could enable
more accurate context retrieval across languages,
improving both coverage and relevance for end
users who query in non-English languages. By
closing the alignment gap between Sanskrit and
modern Indic languages, future systems will be bet-
ter equipped to serve as multilingual gateways to
the cultural and philosophical heritage embedded
in these texts.
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