Transfer learning for dependency parsing of Vedic Sanskrit

Abhiram Vinjamuri and Weiwei Sun
Department of Computer Science and Technology
University of Cambridge

{av646@cantab.ac.uk, ws390@cam.ac.uk}

Abstract

This paper focuses on data-driven dependency
parsing for Vedic Sanskrit. We propose and
evaluate a transfer learning approach that bene-
fits from syntactic analysis of typologically re-
lated languages, including Ancient Greek and
Latin, and a descendant language - Classical
Sanskrit. Experiments on the Vedic TreeBank
demonstrate the effectiveness of cross-lingual
transfer, demonstrating improvements from the
biaffine baseline as well as outperforming the
current state of the art benchmark, the deep
contextualised self-training algorithm, across a
wide range of experimental setups.

1 Introduction

There is a pressing need for high-quality linguis-
tic analysis in the study of ancient languages; this
work is critically hindered by a scarcity of anno-
tated data (Sommerschield et al., 2023). This chal-
lenge is particularly acute for Vedic Sanskrit, a
low-resource language whose free word order and
rich morphology create complex, non-projective
dependency structures that make automatic parsing
a formidable task (Ponti et al., 2019). This com-
bination of structural complexity and data scarcity
establishes Vedic Sanskrit as a critical test case
for the robustness and scalability of modern data-
driven parsing methods.

Vedic Sanskrit exemplifies the need for meth-
ods that can operate effectively in low-resource
settings. Two dominant paradigms address this di-
rectly: transfer learning and self-learning (Alyafeai
et al., 2020). The former involves transferring a
model trained on a high-resource language, often
syntactically related to the target language, using
the model’s predictions to create a large corpus of
‘silver-standard’ data. The latter, exemplified by
Deep Contextualized Self-Training (DCST) (Rot-
man and Reichart, 2019), utilises a semi-supervised
loop where a model is iteratively retrained on its

most confident predictions over a large unlabelled
corpus. The application of these techniques to
Vedic Sanskrit is compelling; transfer learning
could exploit structural similarities with other an-
cient Indo-European languages, while self-training
could leverage the unannotated Vedic corpus itself
to refine a parser’s accuracy.

In this paper, we make the following primary
contributions. First, we establish a new state-of-
the-art for Vedic Sanskrit dependency parsing by
proposing a cross-lingual transfer learning frame-
work that achieves a Labelled Attachment Score
(LAS) of 82.5%. This result outperforms the previ-
ous state-of-the-art, the Deep Contextualized Self-
Training (DCST) method, by 2.3 points. Second,
we demonstrate the remarkable data efficiency of
this framework; in a rigorous few-shot setting using
only 80 annotated sentences, our model achieves
a LAS of 17.33%, more than doubling the per-
formance of a randomly initialised baseline. Fi-
nally, our direct empirical comparison reveals that
our transfer learning approach is a more effective
and robust strategy than the complex self-training
paradigm for this task.

2 Related Work

Our research evaluates competing strategies for
low-resource neural dependency parsing by enhanc-
ing the foundational deep biaffine attention parser
(Dozat and Manning, 2017), a powerful architec-
ture well-suited to the non-projective structures
found in free-word-order languages. Specifically,
we adapt the modern trend of replacing traditional
LSTM encoders with the more powerful Trans-
former architecture (Vaswani et al., 2017), a com-
bination that has been successfully demonstrated
(Lietal., 2019). Applying this enhanced parser to
Vedic Sanskrit, we use the Vedic Treebank (Hell-
wig et al., 2020) to conduct two primary investi-
gations: we first measure the impact of the Trans-



former encoder, and then we empirically compare
the state-of-the-art DCST paradigm (Hellwig et al.,
2023) against our proposed cross-lingual transfer
learning framework.

The primary challenge for parsing Vedic San-
skrit is data scarcity. We address this by comparing
two paradigms. The first is self-training, where
a model learns from its own predictions on unla-
belled data. The state-of-the-art for Vedic Sanskrit
is an advanced implementation of this called DCST,
pioneered by (Rotman and Reichart, 2019) and ap-
plied to Vedic Sanskrit by (Hellwig et al., 2023),
which serves as our primary baseline. The sec-
ond, competing paradigm is cross-lingual transfer
learning, where syntactic knowledge is leveraged
from related, higher-resource languages like An-
cient Greek and Latin (Ammar et al., 2016). We ex-
plore this through full fine-tuning and a particularly
data-efficient few-shot learning approach (Hu et al.,
2022), which is crucial for extremely low-resource
settings. This targeted transfer complements the
broader trend of building large monolingual foun-
dation models like SanskritT5 (Bhatt et al., 2024).

While both self-training and cross-lingual trans-
fer are established techniques, a direct empirical
comparison of their efficacy for a morphologically
rich and free-word-order language like Vedic San-
skrit has been absent. This project fills that critical
gap. We augment the standard biaffine parser with
a more powerful Transformer encoder and use it to
systematically evaluate its performance within both
the complex DCST framework and a simpler, direct
transfer learning framework. By testing this rigor-
ously in full-resource and few-shot learning scenar-
ios, our comparative framework isolates the impact
of architectural choices and training paradigms,
ultimately demonstrating that a simpler transfer-
based method is more effective than the current
state-of-the-art.

3 Methodology

We formulate dependency parsing as the task of
finding the maximum-weight spanning tree in a
graph of all possible head—dependent relations, fol-
lowing (McDonald et al., 2005). Our methodol-
ogy systematically evaluates architectural enhance-
ments and compares learning paradigms to improve
upon the state-of-the-art for this graph-based ap-
proach on Vedic Sanskrit. A summary of our ex-
perimental framework is shown in Figure 1.

3.1 Baseline Parser

Our baseline is the Biaffine dependency parser
(Dozat and Manning, 2017), which represents a
strong foundation for this task. It consists of a con-
textual encoder, for which we use a standard Bidi-
rectional LSTM (BiLSTM) (Huang et al., 2015),
and a biaffine attention classifier to score all possi-
ble head—dependent arcs. To handle the free word
order characteristic of Vedic Sanskrit, the decoder
uses the Chu-Liu/Edmonds algorithm (Kiibler et al.,
2009) to efficiently extract a valid, non-projective
dependency tree.

3.2 Transformer-based Parser

To better model the non-local dependencies in
Vedic Sanskrit, we enhance the baseline by replac-
ing its BILSTM encoder with a Transformer en-
coder (Vaswani et al., 2017). The self-attention
mechanism in this architecture is theoretically more
effective at capturing long-range syntactic relation-
ships, making it a better fit for this task. This
improved Transformer-based parser serves as the
foundation for our primary experiments comparing
different low-resource learning strategies.

3.3 Low-Resource Learning Paradigms

Using our enhanced parser, we conduct a com-
parative analysis of the two prominent learning
paradigms for low-resource settings:

Deep Contextualized Self-Training (DCST)
First, we re-implement the existing state-of-the-art
semi-supervised method for Vedic Sanskrit (Hell-
wig et al., 2023; Rotman and Reichart, 2019). This
approach uses the parser’s own output on unla-
belled data to generate "pseudo-labels," which are
then used to train a contextualised model that, in
turn, refines the final parser.

Cross-Lingual Transfer Learning As an alter-
native, we propose to pre-train our parser on anno-
tated data from related languages before fine-tuning
on Vedic Sanskrit. Source languages include An-
cient Greek, Latin, and Classical Sanskrit (Uni,
2020), chosen for their typological proximity. We
rigorously test the quality of the transferred knowl-
edge in a few-shot setting, where the pretrained
encoder is frozen and only the final layers are fine-
tuned on a minimal set (80 sentences) of the target
data. This comparative framework allows us to
isolate the impact of both architectural choices and
training paradigms on final parsing performance.
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Figure 1: Overview of our experimental framework. We first enhance a baseline Biaffine parser with a Transformer
encoder, then use it to compare two learning paradigms: self-training (DCST) and cross-lingual transfer learning.

4 Experiments and Analysis

We conducted a series of experiments to evaluate
our proposed approach. We first establish the archi-
tectural advantage of using a Transformer encoder
and then compare our cross-lingual transfer learn-
ing paradigm with the state-of-the-art self-training
method (DCST). Finally, we demonstrate the data
efficiency of our approach in a rigorous few-shot
setting. All experiments are performed on the Vedic
Treebank (Hellwig et al., 2020) and evaluated using
mean UAS and LAS with 5-fold cross-validation.

4.1 Transformer vs. LSTM

Model Variant UAS (%) LAS (%)
Hellwig et al. (2023) 79.5 72.0
BiLSTM Encoder 82.0 73.5
Transformer Encoder 82.8 79.4

Table 1: Results on the Vedic Sanskrit test set, for base-
line parser architectures with different encoders.

First, we evaluated the impact of our architectural
choice, the results can be found in Table 1. Re-
placing the BiLSTM encoder with a Transformer
encoder significantly increased the LAS parsing
performance by 5.9 points with a p-value of 4.24%
using paired t-tests. The gain in Unlabeled Attach-
ment Score (UAS) was negligible. This substantial
gain in Labelled Attachment Score (LAS) suggests
that the Transformer’s self-attention mechanism
is particularly effective at capturing the complex,
non-local contextual cues required for accurate de-
pendency label assignment in a free word-order
language. The negligible change in UAS indicates
that while both architectures are competent at iden-
tifying basic head—dependent structures, the Trans-
former excels at discerning the fine-grained syntac-
tic relationships.

4.2 Transfer Learning

Pretraining Source UAS (%) LAS (%)

Baseline 78.0 73.2
Classical Sanskrit 79.4 78.6
Ancient Greek 82.3 78.5
Latin 80.2 77.2

Table 2: Parsing performance on the Vedic Sanskrit
validation set, for models pre-trained on different typo-
logically related languages

Table 2 shows that pre-training on related lan-
guages provides a consistent and significant per-
formance gain over the baseline. The choice of
source language introduces important trade-offs:
pre-training on Ancient Greek yields the highest
UAS, suggesting its free word order and morpho-
logical richness provide a powerful inductive bias
for learning syntactic structure. In contrast, pre-
training on Classical Sanskrit achieves the highest
LAS, likely due to a closer alignment in annota-
tion conventions and dependency labels. This high-
lights that while cross-lingual transfer is broadly
effective, the optimal source language may differ
depending on whether the goal is to improve struc-
tural accuracy (UAS) or labelling precision (LAS).

4.3 Few-Shot Learning

Finally, to test the data efficiency of our method,
we evaluated it in a challenging few-shot scenario,
fine-tuning on only 80 labelled sentences. The re-
sults are shown in Table 3. The results demonstrate
the remarkable efficiency of transfer learning. Pre-
training on Ancient Greek yields a LAS of 17.33%,
more than doubling the performance of a randomly
initialised model. This success stems from our
strategy of freezing the pretrained encoder lay-
ers. This forces the model to retain the rich, general
syntactic knowledge learned from the source lan-



guage, while the fine-tuning process adapts only
the final classification layers to the Vedic-specific
label set. This effectively separates the learning of
structural representation (transferred) from label
mapping (fine-tuned), confirming it as a powerful
strategy for extremely low-resource settings.
Significance testing shows that while all pre-
trained languages (Ancient Greek, Latin, and Clas-
sical Sanskrit) significantly outperformed the base-
line on the LAS metric, only Ancient Greek did so
for UAS. Crucially, there was no statistically signif-
icant performance difference found when compar-
ing the various pre-trained languages against each
other, suggesting they are all similarly effective.

Pretrain Source UAS (%) LAS (%)

Baseline 18.50 £5.68 8.50 +2.88
Ancient Greek  26.17 £3.19 17.33 +£0.52
Latin 2240+3.36 16.80%1.79
Sanskrit 23.68 £2.53 16.56 +£0.61

Table 3: Effectiveness of cross-lingual transfer in a
few-shot setting. All models were fine-tuned on only
80 sentences of Vedic Sanskrit. Pre-training on An-
cient Greek more than doubles the Labelled Attachment
Score (LAS) compared to the baseline, demonstrating a
powerful inductive bias.

4.4 Transfer Learning vs. Self-training

We then compared our cross-lingual transfer learn-
ing framework against the strong DCST self-
training baseline. The results are summarised in
Table 4. As shown, our transfer learning approach,
particularly when pre-training on Ancient Greek,
establishes a new state-of-the-art, outperforming
the DCST method by over 2 LAS points. This
suggests that pre-training on high-quality, anno-
tated data from a typologically similar language
provides a more powerful and effective inductive
bias than attempting to learn from pseudo-labels
generated by the parser’s own output. Our sim-
pler, more direct pre-training approach proves to
be more robust.

5 Discussion

Our experiments consistently demonstrate that a
Transformer-based parser augmented with cross-
lingual transfer learning is a superior approach for
Vedic Sanskrit dependency parsing compared to
the previous state-of-the-art. The key insight from
our analysis is that pre-training on high-quality, an-
notated data from typologically related languages

Model UAS (%) LAS (%)
Biaffine 82.8 79.4
DCST 83.5 80.2
Transfer Learning 84.6 82.5

Table 4: Main parsing results on the Vedic Sanskrit test
set. Our Transformer-based parser with cross-lingual
transfer learning achieves the highest performance, out-
performing both the baseline Biaffine parser and the
DCST self-training paradigm. This result supports trans-
fer learning as a viable alternative to more complex self-
training strategies in low-resource settings.

provides a more effective and robust inductive
bias than the semi-supervised, pseudo-labelling ap-
proach of DCST. The model learns a strong repre-
sentation of syntactic structure that requires only
minimal, targeted fine-tuning. A particularly note-
worthy finding is the strong performance of Ancient
Greek as a source language, despite its different
script not being explicitly handled by our tokeniser.
This suggests that the model is capturing deep, ab-
stract structural similarities between the languages,
rather than relying on surface-level lexical overlap.
This highlights the robustness of transfer learning
for morphologically rich, low-resource languages.

The success of our few-shot learning experi-
ments further underscores this point. By freez-
ing the encoder, we showed that the core syntactic
knowledge can be effectively transferred, while
the fine-tuning process specialises the final layers
for the target language’s label set. This provides
a practical and highly data-efficient roadmap for
developing parsing tools for other ancient or low-
resource languages where annotated data is scarce.

6 Conclusion

We establish a new state-of-the-art dependency
parser for Vedic Sanskrit by demonstrating that
a modern Transformer-based architecture signifi-
cantly outperforms a traditional BiLSTM baseline.
Our central contribution, however, is showing that
a straightforward cross-lingual transfer learning
framework is more effective and data-efficient than
the existing, more complex self-training paradigm.
We find that pre-training on typologically related
ancient languages provides a powerful inductive
bias that substantially improves parsing accuracy,
even in rigorous few-shot settings. This work de-
livers a new benchmark for Vedic Sanskrit and also
validates a robust methodology for tackling parsing
challenges in resource-scarce linguistic contexts.



7 Limitations

Our work is subject to several limitations that sug-
gest clear directions for future research. First,
our models are constrained by the available data;
the Vedic Treebank contains a notable number of
unknown tokens, which introduces noise. Sec-
ond, while our transfer learning approach suc-
ceeded with typologically related Indo-European
languages, its effectiveness on more distant lan-
guage families remains an open question. Finally,
our parser operates at the sentence level, limiting
its ability to capture document-level discourse phe-
nomena such as topic chains or verse alignment,
which are crucial for deeper philological analysis.
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A Experimental Details

A.1 Corpus Information

Our experiments utilized several corpora selected
for their relevance and quality. The target lan-
guage, Vedic Sanskrit (VS), was sourced from
the Vedic Treebank, which contains approximately
3,700 manually annotated sentences (Hellwig et al.,
2020). This corpus is considered high-quality,
achieving an inter-annotator agreement of 0.75
(Uni, 2020), and was chosen as our primary data
source for training and evaluation.

For cross-lingual transfer, we selected three
source languages based on their typological and ge-
nealogical proximity to VS. We used high-quality,
gold-standard treebanks for Ancient Greek and
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Latin (Uni, 2020), both of which share features
with VS like rich inflectional morphology and
free word order. We also used a silver-standard
(machine-annotated) corpus for Classical Sanskrit
(Uni, 2020). As the direct successor to VS, it shares
key syntactic properties and serves as an effective
surrogate to mitigate data sparsity.

A.2 Hyperparameter Configuration

For the pre-training phase of our transfer learning
models, key hyperparameters were set as follows:
models were trained for up to 120 epochs with a
batch size of 16. We used the Adam optimiser
with an initial learning rate of 2 x 10~ (Hellwig
et al., 2023). Rather than performing an exhaus-
tive grid search, we employed an inference-based
tuning strategy. This involved starting with estab-
lished baseline values from existing literature and
iteratively adjusting parameters based on gradient
stability and validation metrics, which proved to be
a more computationally efficient approach.

A.3 Rationale for Few-Shot Setting

The few-shot learning experiments were designed
to simulate a realistic low-resource scenario where
high-quality annotations are extremely scarce. We
selected a sample of approximately 80 sentences
from the full Vedic Treebank. This subset was cho-
sen to capture the linguistic diversity and nuances
of the complete dataset, ensuring the fine-tuning
process was both efficient and effective. This small
training set forces the model to rely on the induc-
tive biases learned during pre-training, allowing for
a rigorous test of knowledge transfer. The remain-
ing data was partitioned into validation and test
sets at a 1:8 ratio, providing a small but sufficient
validation set for tuning and a large test set for a
dependable performance estimate.

A4 Computational Requirments

The experiments were conducted in a local environ-
ment using a standard developer laptop equipped
with a modern, consumer-grade dedicated GPU.
This setup proved sufficient for training and eval-
uating all model variants presented in this work.
The software stack was built on Python with the
PyTorch deep learning library.
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