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Abstract

We have built a dependency parser for Hindi
with a web-interface and, further demonstrated
its cross-lingual usage by applying on Marathi,
a language that is low-resourced yet not very
different from the former. For our parser,
we have applied and tested various tech-
niques ranging from transition-based parser
that use SVM as a classifier to deep neural net-
work based parsers which incorporate recent
context-based word embeddings like BERT
and FastText. We have demonstrated the im-
mediate zero-shot application of such a parser
on Marathi and also applied an existing word-
embedding alignment method called MUSE to
improve the cross-lingual application perfor-
mance. In the future, we aim to apply these
techniques to Bhojpuri, Telugu and Tamil.

1 Introduction

Dependency parsing is a syntactic parse of a sen-
tence described by binary relations (called depen-
dency relations) between the words present in the
sentence. It does not involve phrase structure rules
which generate a parse tree for a given sentence.
Importantly, dependency parsing allows one to
work with language that would have free word or-
der. Indian languages, though prefer an order, are
necessarily free word order. Thus dependency pars-
ing is useful in this scenario. A dependency parse
of a sentence is useful in higher tasks like informa-
tion retrieval, question and answering, co-reference
resolution etc.(Jurafsky and Martin, 2009) In this
work, we have applied various dependency pars-
ing techniques of Hindi, a most widely spoken
Indian language and use the parser and apply it on
a yet another widely spoken(nevertheless, under-
resourced) Indian language, Marathi in a cross-
lingual zero-shot transfer learning scenario. In the
future, we aim to extend this to Bhojpuri, which is
even under-resourced than Marathi.

Various methods have been applied till date
on Hindi dependency parsing ranging from tra-
ditional methods as in (Nivre, 2009),(Jain et al.,
2012) to neural-network based methods as in
(Dozat et al., 2017) and (Bhat et al., 2018) which
achieve considerably good performance with best
94.70% UAS(Unlabeled Attachment Score) and
91.59% LAS(Labeled Attachment Score) reported
in (Dozat et al., 2017). On the other hand, (Tandon
and Sharma, 2017) presented significant results on
Marathi i.e. 85.98% UAS and 69.01% LAS, de-
spite the fact it is low-resourced. Nevertheless, this
is not still up to the level of Hindi. There are many
other Indian languages that lack a sufficient amount
of data itself for training. Thus it is desirable to
have zero-shot or few-shot learning methods to
overcome the problem of data scarcity. Some of
the existing methods in this direction are (Schuster
et al., 2019),(Wang et al., 2019), (Tran and Bisazza,
2019) and (Kondratyuk, 2019). On Zero-Shot learn-
ing for Marathi, (Kondratyuk, 2019) reports per-
formance of 79.37% UAS and 67.72% LAS. None
have been observed to the best of our knowledge
on Bhojpuri. Application of zero-shot learning on
Telugu and Tamil have been found in (Tran and
Bisazza, 2019) and (Kondratyuk, 2019).

In the rest of this paper, we shall first briefly men-
tion the approaches of dependency parsing. Later
we shall present a brief overview of work related to
dependency parsing approaches used for Hindi and
other Indian Languages. Then we shall talk about
approaches we have applied in our work followed
by discussions on corpus considered, experimenta-
tion, results and finally conclude.

2 Problem Defintion

A dependency parser takes a sentence as input and
outputs a syntactic structure called a dependency
graph G(V,E) with lexical nodes(words) as ver-



tices V and binary relations or dependencies as
edges(directional) E. Each edge or a dependency
(i, j, l) ∈ E is defined from a word i called as head
to another word j called as a modifier with depen-
dency label l. The labels may be not present as well.
In the latter case, the dependency graph is called
unlabeled. It is required that a dependency graph
be acyclic thus is a tree(Nivre, 2003). An example
of a dependency graph is shown in figure 1.

Figure 1: Example of a dependency parse

There are two main approaches in arriving at a
dependency parse namely graph-based and transi-
tion based. In the graph-based approach every edge
(i, j, l) is associated with a score s(i, j, l) and the
problem is finding a spanning-tree with maximum
score where score of a graph is the sum of scores
of individual edges. The problem can be written
as:

G = argmax
G(V,E)

∑
(i,j,l)∈E

s(i, j, l)

Transition based parsers work in a way similar to
shift-reduce parsers which apply transitions T on
an abstract machine taking it from an initial config-
uration to a final configuration while constructing
a dependency graph. Each transition t is associated
with a score s(c, t) where c is the configuration at
which the transition occurs. The next transitiont∗

to be taken is the one with the maximum score:

t∗ = argmax
t∈T

s(c, t)

The key problem lies in coming up with proper
feature representations of edges and configurations
respectively in graph-based and transition-based ap-
proaches and their scoring functions. Given these,
graph-based approaches work in O(n) time while
transition-based approaches work in O(n2).(Nivre
and McDonald, 2008)

3 Related Work

There is much literature present on dependency
parsing in general, we shall confine to that which
is relevant or rather applied or shall be applied in
our work. The first approach we applied used tran-
sition based Arc-eager parser (Nivre, 2008) which
uses an SVM classifier to classify the next tran-
sition. Similar approach was used in MaltParser
(Nivre et al., 2007), which was applied on Hindi
(Nivre, 2009) to get performance of 89.4% UAS
and 78.2% LAS. This was further tweaked in (Jain
et al., 2012) to achieve a performance of 91.7%
UAS and 83.9% LAS on Hindi.

Usage of neural networks(NN) to classify
the transitions was first introduced in (Chen
and Manning, 2014). Usage of a bidirectional
LSTM(BiLSTM) to encode the input features and
further classification (in case of transition-based)
and regression(scoring in case of graph-based) us-
ing NN is found in (Kiperwasser and Goldberg,
2016), one of the architecture used in this work.
The NN used for scoring in the graph-based ap-
proach is incorporated with biaffine attention in
(Dozat and Manning, 2016) which was applied
in (Dozat et al., 2017) to get the state-of-the-art
results of 94.7% UAS and 91.6% LAS on Hindi.
Context-based word embeddings called ElMo (Pe-
ters et al., 2018) are used in (Schuster et al., 2019)
as input embeddings and further alignment of word
embeddings of the source language to that of the tar-
get language is achieved through MUSE(Conneau
et al., 2017) which is fed into (Dozat and Manning,
2016) network to achieve zero-shot cross-lingual
learning in the same work. For this instead of ElMo
we have used BERT(Devlin et al., 2018), the ex-
isting state-of-the-art context based embeddings,
trained for multiple-languages including Hindi and
Marathi. We have lately realized that BERT has
been already used in (Kondratyuk, 2019) to achieve
zero-shot state-of-the-art performance for many
languages with Marathi one of them at performance
of 79.37% UAS and 67.72% LAS.

4 Proposed Approach

The neural network model we considered (Kiper-
wasser and Goldberg, 2016) uses deep Bi-
directional LSTMs to obtain word encodings as
a feature that is given to the parser. The training is
performed along with the parsing and the error is
back-propagated. The input to our model will be a
sentence in our target language and the output will



be its dependency parse information such as lemma,
POS tag, parent word, etc. To handle cross-lingual
transfer, we use the method presented in (Schuster
et al., 2019) by obtaining contextual embedding
of words for both source and target languages and
aligning them by using a bilingual dictionary. The
authors claim that it helps in increasing the per-
formance but can do well without a dictionary in
an unsupervised approach using a discriminator to
train the network.

We have used the graph-based parsing as given
in (Kiperwasser and Goldberg, 2016) which uses
the arc-factored graph as presented in (McDonald
et al., 2005). For a sentence x, Arc-factored parsing
decomposes the score of a tree y which belongs to
all possible parse trees Y to the sum of the score s
of its head-modifier edge(i, j):

parse = argmax
y∈Y

∑
(h,m)∈y

s(φ(i, j))

The feature extractor uses the concatenation of head
and modifier embeddings:

φ(i, j) = BIRNN(x, i)oBIRNN(x, j)

Finally, score s is obtained through the multi-layer
perceptron MLP. This architecture is summarized
in figure 2.

Figure 2: The neural model discussed in (Kiperwasser
and Goldberg, 2016)

The word embeddings are aligned for cross-
lingual learning in the following way. Given an
embedding esi,c in source language s, we want to
generate an embedding es−>t

i,c in the target language
t space, using a linear mapping W s−>t given by

es−>t
i,c =W s−>tesi,c

.

Figure 3: Pipeline

We have trained the dependency parser on the
aligned embeddings of Hindi and used the trained
model for zero-shot cross lingual learning on
Marathi. The overall pipeline is presented in figure
3.

5 Corpus/Data Description

In this work, we are primarily using two types of
data. One is in CONLLU format which contains
information of lemma, POS tag, parent word, rela-
tion, etc i.e. the tree-banks which are provided by
the Universal dependencies (Zeman et al., 2019)
for Hindi, (Bhat et al.; Palmer et al., 2009) and
Marathi (Ravishankar, 2017). The Second type of
data is Wikipedia dump. The different statistics for
the data provided in tables 1 and 2.

Language Sentences Tokens
Hindi 16,647 351,704

Bhojpuri 254 4,881
Marathi 466 3,506

Table 1: Universal Dependencies data statistics

Language Sentences Tokens

Hindi 1,743,340 1,085,965
Marathi 397,185 618,773

Table 2: Wikipedia dump data statistics

6 Experiments and Results

Firstly, we have aligned (using MUSE with BERT
embeddings) Hindi to Marathi space and trained on
this new Hindi embeddings on deep biaffine parser.
This model was tested on Hindi and Marathi test
sets. We trained three types of model: without ex-
ternal embedding, with Hindi aligned embeddings,
and with both Hindi and Marathi embeddings as
input.

Then we also tested a bidirectional LSTM parser
with the above cases as the biaffine parser was
internally using multilingual BERT. We have also



got access to pre-trained FastText embeddings and
hence the above tests were repeated with FastText
input embeddings on BiLSTM parser.

All the experimental results have been sum-
marised in the Table 3 and the demo can be found
here. 1

Most of the initial results with MUSE based em-
beddings are not very promising because they were
trained with a very small dictionary and hence
the alignments produced were not of good qual-
ity. Comparatively, pretrained Fasttext embeddings
give better results because they are trained on a
larger corpus.

Method LAS(%) UAS(%)
using Bert based embeddings
Hindi(Arc-Eager) 79 89
Hindi(Kipperwasser,16) 89 91
Hindi(Dozat17) 89 93
Marathi(Arc-Eager) 61 75
Marathi after alignment
(Kipperwasser,16)

45 59

Marathi without align-
ment (Kipperwasser,16)

50 67

Marathi after alignment
(Dozat17)

45.7 60.2

Marathi without align-
ment (Dozat17)

46.6 60.8

(With alignment)
using Fasttext embeddings
Hindi(Kipperwasser,16) 89 93
Marathi after alignment
(Kipperwasser,16)

48 64

Table 3: Results Comparison

7 Error Analysis

The results for Hindi almost match that of the state
of the art but only about a percent less. This should
only be because our models are not well-tuned
which would some extra training time. The same
holds in the standalone training of Marathi i.e. not
going for zero-shot. In the case of zero-shot, results
even without alignment are surprisingly good at-
tributing to the mystery behind multi-lingual BERT.
On the other hand, results, after alignment, were
not up to the mark in both cases, because MUSE
alignments were not very good since they were ob-

1Demo link: maheshak.cse.iitk.ac.in (only ac-
cessible in IITK’s local network)

tained using a small dictionary and working on a
better dictionary should improve these results.

8 Individual Contribution

The contributions of each team member is summa-
rized in table 4.

Name Contribution

Mahesh Applied arc-eager parser (from
nltk) on Hindi and Marathi,
developed the back-end
for the website application
and Wikipedia dump pre-
processor(not used till now)
and performed literature survey.

Tushar Built a webapp for the parser
and fine-tuned BERT to get
Hindi and Marathi embeddings.
Trained unsupervised MUSE
to get aligned embeddings and
trained those on biaffine parser.
Also scraped Hindi and Marathi
language data from Wikipedia

Abhishek Built Hindi-Marathi Bilingual
dictionary and a POS tagger for
statistical parser. Trained super-
vised and unsupervised embed-
ding alignments using MUSE
for Hindi-Marathi and Marathi-
Hindi with Bert and Fasttext.
Trained BiLSTM and biaffine
parsers and compared results
for the above cases.

Table 4: Our Contributions

9 Future Work

As we have lately found out regarding the already
existing state-of-the-art approaches, we would first
like to keep up to date with them. Secondly, due to
lack of time, we have used already existing codes
and pre-trained models thus could not have much
control and as a result, we would like to code at
a finer level and train the word embeddings our-
selves. Next, we would like to apply these methods
on Bhojpuri, Telugu and Tamil. Also half of the
sentences in Marathi consist of sandhi which needs
to be considered.

maheshak.cse.iitk.ac.in


10 Conclusion

We have thus built a Hindi dependency Parser with
a web interface with comparable performance to
recent ones. We have also applied existing methods
for zero-shot learning for Marathi and have thus
built a basic setup for further improvement and
further applications on different languages.

11 Presentation Feedback

During the presentation, questions were raised re-
garding why certain layers were used in the parsing
model architecture, specifically why summing the
scores of different edges but not a neural network
on top. As the scoring was part of the MST algo-
rithm, there is no point in using a neural network
to learn a well established already existing deter-
ministic algorithm. Thus this question was closed
there itself.

Also, we were asked why we choose Marathi as
our target language and this is due to two things,
availability of Marathi data at universal treebanks
and secondly, it is pretrained with BERT. In the
case of Bhojpuri, the former is true but not the
latter. In the case of Bengali, the latter is true
but not the former. Taking into consideration the
amount of time available we had to go with Marathi.
Nevertheless, in the future, we shall train word
embeddings for Bhojpuri as well.

We received some very valuable suggestions
like we were suggested by Karthikeyan to look
at VecMap 2 to learn cross lingual word embed-
dings instead of MUSE and to look at LangRank
3 to compare languages in terms of their similar-
ity for best transfer learning task. We have also
received suggestions from Rahul to consider Dra-
vidian languages and indeed that is mentioned as
a part of our future work. We have also been sug-
gested by Major Prateek to include the devanagari
input method in the web interface and we shall be
implementing it soon in the future.
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