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Purpose and aims 
The purpose of this project is to get a better understanding and to evaluate the performance of the long 

short-term (LSTM)-parser using a Swedish corpus annotated with universal dependency (UD). Another 

goal is to compare the results of the LSTM parser with the results of the Stanford parser that will be 

developed by another project.  Is the LSTM parser better than the Stanford parser when parsing Swedish 

UD data? 

Survey of the field 

Maltparser 
Maltparser  (Nivre, Hall, & Nilsson, 2006) is a well-established dependency parser because it is fast and it 

provides good accuracy.  It is a transition based parser in which the dependency graph for a sentence is 

built in steps (Nivre, Incrementality in deterministic dependency parsing, 2004). At each step the parser 

has to decide the transition to the next state (Nivre, Algorithms for deterministic incremental 

dependency parsing, 2008). Typically, this function is implemented as a supervised machine learning 

classifier that selects the next transition.   

Supervised machine learning and issues with features 
Suitable features are important for creating a supervised machine learning classifier. The definition of 

features requires expertise in the domain area (e.g. linguistics and NLP). According to  (Chen & Manning, 

2014) there are problems with the current approach to define features for NLP: 1) the feature vectors 

may be very high dimensional and sparse if we have lexicalized features, 2) the features are often 

incomplete, limited and/or too complicated and 3) the computation of features is time consuming in the 

parsing process. 

Embedded word representation and different types of neural networks are techniques that may simplify 

the process of defining suitable features as input for supervised classifiers.    

Embedded word representation 
The basis for many improvements in NLP is to use dense word representations, also called word 

embedding.  In this representation each word is represented by a real-valued vector in  ℝ𝑑 (a point in 

the d dimensional space). This representation encodes complex linguistic patterns and similarities 

among the words. The similarities and/or patterns may be related to syntactic, semantic and pragmatic 

relations of the words.  One way is to define a word representation that supports the prediction of 

surrounding words given a center word. This method is called the skip-gram model (Mikolov, Sutskever, 

Chen, Corrado, & Dean, 2013). The word embedding representation is often used as initial data 

(features) to train neural network classifiers (Chen & Manning, 2014) (Dyer, Ballesteros, Ling, Matthews, 

& Smith, 2015) (Collobert , et al., 2011). 

Recurrent Neural Networks and Long Short-term Memory (LSTM) 
Recurrent neural networks (RNN) is a type of artificial neural network with cycles. An output is 

calculated based on the new input and the previous state. That is, RNN has a built in memory of 

previous states and it uses to make new decisions. However, it turns out that the simple RNN has limited 

memory and it is difficult to be trained. Long Short-Term memory is a type of RNN that has selective 

memory handling, it is able to erase and/or keep data.  It has been very successful in classifying 
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sequences of information because it is capable of taking into consideration a wide context (Graves, 

2012).  LSTM and embedded word representation are main components for LSTM dependency parsers.  

It follows the Maltparser basic structure using the arc-standard. It has three stack LSTMs: one represents 

the input buffer, the second represents the stack of partial trees and the third represents the history of 

actions. The LSTMs define the next transition.  LSTM memory function allows decisions about the next 

action by taking into consideration long range dependencies between words. It has shown good 

accuracy for English and Chinese corpus tagged with Stanford dependencies (Dyer, Ballesteros, Ling, 

Matthews, & Smith, 2015). 

Other approaches 
There is a dependency parser based on feed forward neural networks and embedded word 

representations that uses simple features. It has achieved good results (Chen & Manning, 2014).   

Universal dependencies 
Universal dependencies are a common standard for annotation of dependency relations for many 

languages (Nivre, Towards a Universal Grammar for Natural Language Processing, 2015).  There is a 

Swedish corpus with UD annotation (Universal Dependencies, 2015).    

Project Description 
The activities can be divided into a study phase, an experimental phase and an evaluation phase. 

The study phase includes: 

 Maltparser basic structure as described in (Nivre, Hall, & Nilsson, Maltparser: A data-driven 

parser-generator for dependency parsing, 2006), (Nivre, Incrementality in deterministic 

dependency parsing, 2004), (Nivre, Algorithms for deterministic incremental dependency 

parsing, 2008). 

 Principles for embedded word description that are described in (Collobert , et al., 2011) and 

(Mikolov, Sutskever, Chen, Corrado, & Dean, 2013). 

 Basics of RNN and LSTM as described in parts of (Graves, 2012). 

 Implementation of LSTM parser as described in (Dyer, Ballesteros, Ling, Matthews, & Smith, 

2015). 

 Study the requirements for the LSTM implementation available at the site (Ballesteros, 2015) 

 Find if there are suitable Swedish corpus in order to generate embedded word representation. 

The experimental phase implies 1) the use of an existing software that implements a LSTM Parser and 2) 

to analyze the results. The following activities will be done: 

 Install the required C++ environment 

 Collect the input data for the UD corpus for Swedish. The data is available at the site (Universal 

Dependencies, 2015). 

 Get the embedded word vectors for Swedish 

 Perform the training and validation phases using the corresponding files. The first step is to 

extract all the transitions from the training data. The second step is to train the LSTMs. It should 

be noted that this step is very time consuming.  

 Perform the test phase. 
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 Analyze the test results for accuracy concerning labelled and unlabeled data. 

The evaluation phase implies to compare the LSTM test results with the results from the Stanford parser 

project. 
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