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1. Introduction 

 

Dependency parsing has been an important task in 

natural language processing since its outputs are used 

by many other downstream tasks such as machine 

translation, information retrieval, relation 

extraction, question answering and many others as the 

domain of application of the dependency parsing. This 

leads to an important view on the subject that makes 

dependency parsing an important domain for addressing 

within the research field. Within different approaches 

to dependency parsing there are two main categories 

that can be classified into broadly transition based 

dependency parsing and graph-based dependency parsing 

[1]. We will focus on graph-based dependency parsing 

in this paper. 

Dependency relations are tuples consisting of head 

and dependent elements that describe the relationship 

within words in a sentence. Transition based 

dependency parsing is based on the notion of stack and 

buffer and a set of reduce operations that were first 

introduced by [2]. A sentence is segregated into its 

constituent words and then put on a buffer. Then a set 

of operations like shift, left-arc, right-arc are used 

to move the sentences into the stack which are then 

removed from the stack once useful relations are 

discovered by the oracle.  

In contrast, graph-based dependency parsers 

construct maximum spanning tree (MST) from the graph 

of possible edges and their weights and therefore can 

also spot non-projective transitions which transition 

based dependency parsers cannot. In this paper we will 

focus on use of graph-based dependency parser which 

is applied to Sejong treebank. 

 

 

2. Related Studies 

 

Parsing dependency in a non-projective setting is 

usually done through use of some kind graph-based 

dependency parsers [3]. In these kinds of parsers, 

maximum spanning trees are searched in order to 

generate relations to overcome the non-projectivity 

issues.  

Dependency parsing has also been an important task 

in shared tasks as in the case of CoNLL conference 

which gather number of authoritative figures from the 

globe in order to process unresolved issues in a group 

manner to advance the progress. In [4] the attempt was 

made to create multilingual approach to dependency 

parsing where different and unrelated languages were 

used to parse dependencies. Although seemingly first 

attempt of its kind, this kind of approach has yielded 

significant support and has demonstrated its 

efficiency by bringing together graph based, 

transition based, and other models under one aim of 

generating efficient dependency parser. 

Whether dependency-based or graph-based dependency 

parsing is used, most algorithms of the past have used 

linear or non-linear classifiers such as Naïve Bayes, 
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logistic regression, support vector machines and some 

other forms in combination. However, recently, neural 

networks based approaches have gained popularity and 

has driven performance of dependency parsers upwards 

with an increase in efficiency and effectiveness [1, 

5, 6]. Therefore, in this paper, we will try to adapt 

neural network- based of Dozat, Qi and Manning model 

[7] for dependency parsing. Based on this model, we 

derive results for Korean treebank KAIST from the 

universal dependencies website. 

 

3. Proposed Model 

 
The model of Dozat, Qi and Manning uses character 

level embedding with attention mechanism and pre-

trained word embeddings as an input to stacked bi-LSTM 

layers. The output of the stacked bi-LSTM layers is 

fed into MLP before proceeding with finding head and 

relation name for each word. After these two layers 

have been processed, the process then divides into two 

independent ones: finding head and finding relation. 

The process of finding head is demonstrated in Figure 

1 where output of MLP layer named Dep_arc_MLP is passed 

through one linear transformation which is then dotted 

with output of Head_arc_MLP layer. This is the 

attention mechanism through which network learns 

likely head of a word and which is then put through a 

standard SoftMax layer.  

 
Fig. 1. The process of finding head given the word 

and its tag 

Similar architecture and attention mechanism is used 

for finding relation as demonstrated in Figure 2 which 

makes use of the output of MLP layers: output of MLP 

layer named Dep_rel_MLP is passed through one linear 

transformation which is then dotted with output of 

Head_rel_MLP layer. In contrast with the finding head 

process, the output of the dotted product is then 

dotted with another input data, namely head_target 

which is a vector of heads for each word in the index 

of the same vector. This therefore serves as the input 

to the SoftMax layer which network learns to predict 

relations.  

 

Fig. 2. The process of finding relation given the 

word and its tag 

 

4. Korean Word Vectors 

 
Korean language is morphologically rich and is a 

free order language which tends to put extra 

complexity into dependency parsing. Since each word 

is a combination of a root word and multiple morphemes, 

word vector generation process can be run in multiple 

ways. In our model we have used four model types of 

word vector generation, namely All, Null, Cluster and 

Tag that all are derived from the word2vec skip-gram 

model of Mikolov et al [8] that we will discuss now.  

All model is a relatively straightforward and 

intuitive model for word vector generation which 

extracts words and their morphemes and then treats 

each word and morpheme as a separate token to generate 

vector representation. For example a sentence “내 

고향은 서울입니다” (“My hometown is Seoul”) is 

divided into words and morphemes like so: 

내/MM 고향/NNG 은/JX 서울/NNP 이/JKS ㅂ니다/EF. 
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In the above word segmentation, root words and their 

morphemes are treated as separate entities and, as a 

result, six word vectors are generated for this 

particular sentence.  

In Null model, only lexical parts, i.e. only parts 

that represent semantic meaning, are used and the 

above sentence is treated as follows which results in 

3 word vectors that are generated for main words like 

“my”, “hometown”, “Seoul”: 

 내/MM 고향/NNG 서울/NNP. 

In Cluster model, we cluster all morphemes, 

excluding lexical parts, into clusters and treat 

sentence as a sequence of lexical parts plus morphemes 

from particular clusters. This results in generation 

of 6 word vectors for the below sentence, however, the 

total number of word vectors generated are less than 

in ALL model since we group particular morphemes into 

some clusters: 

내/MM 고향/NNG 은/Ci 서울/NNP 이/ Cj ㅂ니다/ Ck. 

In Tag model we use grammatical tags as follows: 

내/MM 고향/NNG JX 서울/NNP JKS EF. 

This results in the above representation which does 

not use grammatical morphemes but uses only tags. The 

above models allow to make use of the rich Korean 

morphological structure and tries to apply this in the 

word vector generation. 

 

5. Experimental Results 

 
The model of neural network described above was used 

to run the experiments and the dataset of Sejong corpus 

which was given as the training data of the competition 

and word2vec skip-gram models of vectors generated 

from 5GB news text data. Table 1 shows the results of 

the model with different Korean word vectors that were 

tested on the provided dataset. These are different 

from the results of the separate test set which was 

provided without word heads and dependency labels. The 

result of the latter will be evaluated by the 

competition jury.  

 

Word 

Vector 

Model UAS LAS  

All 92.37 90.66 

Cluster 92.24 90.57 

Null 92.27 90.58 

Tag 92.09 90.34 

Table.1. The result of the experiments 

 

The best result is achieved by All word vector model 

which has the performance of 92.37 and 90.66 of UAS 

and LAS scores respectively. The other models have 

also performed just below the All model’s performance 

with slight variation in the result. 

In [7], Dozat, Qi and Manning model was used to test 

on Korean dataset in the CoNLL 2017 shared task and 

its UAS and LAS scores on Korean PUD treebank were 

85.90 and 82.49 respectively. Since we have used 

Sejong treebank, the direct comparison is not possible. 

At the same time, to the best of our knowledge, the 

best reported result for Sejong treebank is 90.37 and 

88.17 for UAS and LAS as reported by [9], which is 

lower than current results. 

 

6. Conclusion 

 

In this paper we have applied Biaffine Dependency 

Parser of Dozat, Qi and Manning on Sejong treebank 

with 6 word2vec models. The best performance among All, 

Cluster, Null, Tag and DCS models has been achieved 

by All model. As a future research direction, we may 

alter network architecture, change embeddings models 

and try with different Korean treebanks to improve 

performance and comparability of results.  
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