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Abstract

Machine Learning Evaluation of Natural Language to
Computational Thinking

Desireé Björkman

Voice commands are used in today's society to offer services like 
putting events into a calendar, tell you about the weather and to 
control the lights at home. This project tries to extend the 
possibilities of voice commands by improving an earlier proof of 
concept system that interprets intention given in natural language to 
program code. This improvement was made by mixing linguistic methods 
and neural networks to increase accuracy and flexibility of the 
interpretation of input. A user testing phase was made to conclude if 
the improvement would attract users to the interface. The results 
showed possibilities of educational purposes for computational 
thinking and the issues to overcome to become a general programming 
tool.
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Populärvetenskaplig Sammanfattning

I dagens samhälle anses programmering som en betydande kompetens att erhålla och
sedan 2018 har programmering varit ett grundmoment i utbildningen redan vid sju års
ålder. Detta för att assistera som ett verktyg för att förbättra elevernas skicklighet i
beräkningstänkande och därav förbättra deras förmågor i matte. Dock finns det vissa
svårigheter med denna övergång och ställer frågan om det verkligen är nödvändigt
för alla att kunna programmera. Programmering kan vara frustrerande att lära sig på
grund av syntax. Att programmera en dator kan jämföras med att ge kommandon till
en treåring. Om man inte är exakt med sina avsikter kommer den inte göra det rätt. Så
länge man kan få in detta tankesätt borde man kunna programmera. Men tröskeln för
att lära sig syntax kan vara omotiverande, stoppa potentiella programmerare tidigt och
till och med vara ett hinder för vissa att lära sig beräkningstänkande i så tidig ålder.
Mer generellt är det dessutom vissa som är stoppade från att programmera på grund av
rörelseproblem. Erfarna programmerare kan ha problem med just att trycka på knappar
på grund av arbetsskador.

Projektet startade för att undersöka möjligheten till att koda utan att kunna syntax. Detta
genom att istället ge sin avsikt till programmet i naturligt språk som sedan tolkas till
passande kod. Alltså att förståelsen för avsikten är viktigare än förståelsen av syn-
taxen. Detta koncept undersöktes och ett äldre liknande projekt av A. Byström som
togs som hjälp genom att bygga vidare på det äldre systemet. Detta för att försöka op-
timera dess tolkning av givna avsikter. Systemet var en översättare som var kopplad
till en spelmiljö där användaren skulle kunna ge kommandon till en avtar för att kunna
ta sig till ett mål. Avsikterna togs in genom skrift eller tal i naturligt språk, översattes
till kod visad för användaren som sedan kunde köras manuellt. De möjliga komman-
don avgränsas till endast spelmiljöns möjliga handlingar. Anledningen till detta för att
kunna begränsa systemet för testning. Det tidigare systemets mål och begränsningar var
en utmärkt möjlighet för att fortsätta undersöka möjligheten att koda utan syntax då det
äldre systemets visat stor potential men haft svårigheter att korrekt tolka användaren.
Den hade svårigheter angående kontext, synonymer, felstavningar och tvetydiga ord
vilket resulterade i oklart resultat om denna metod skulle kunna vara ett användbart
verktyg. Naturligt språk är väldigt flexibelt vilket är svårt för en dator att tolka. Sam-
tidigt som att sätta in alla typer av möjliga kombinationer av en mening med samma
betydelse som regler för datorn att undersöka skulle tagit oändlig tid. Körningarna
skulle vara i ickedeterministisk polynomiell tid.

System undersöktes om det kunde optimeras med hjälp av maskininlärning. Tre olika
maskininlärningmodeller valdes att undersökas för att användas för text klassificering.
Idéen var att modellen skulle kunna ta in en mening och från det ta ut dess ’Part of
speech’ taggar och därefter filtrerades ut de ord som ansågs onödiga för den vidare pro-
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cessen av översättning till kod. Modellerna var convolutional ’neural network’, ’bidi-
rectional long-short term memory med attention’ och ’random forest’. Convolutional
neural network hade i slutändan högst precision och snabbare körning än de andra mod-
ellerna och blev därav vald att bli implementerad i systemet.

Samtidigt som den valda modellen implementerades en word2vec modell för att hjälpa
med synonymer senare i systemet. Så en menning gick först igenom den neurala mod-
ellen för POS taggar, ord av specifika taggar togs bort, fick SRL taggar och bröts upp till
objekt och handlingar. Därefter undersökt för synonymer för att se om de hade en kor-
responderande betydelse i miljön för att kunna undvika att behöva upprepa hårdkodning
av samma handling eller objekt med olika ord.

Resultatet av användartesterna visade att användare tyckte systemet var lätt och un-
derhållande att använda. Systemet visade potential för att lära ut beräkningstänkande.
Däremot fanns motstånd för att vara ett lämpligt verktyg för kodning då de primitiva
kommandon som fanns inte var tillräckligt snabba eller korta. Såsom resultatet visat
behöver kommandona tolka större operationer för att erfarna programmerare ska vilja
använda det. Helst ska färre ord användas för att kunna säga det man vill ha fram som
kod.

Acknowledgements

I want to show gratitude towards supervisor Magnus and subject reviewer Lars for both
acknowledging and assisting this project. I received encouragement and advice that
motivated me throughout the project. Lastly I would like to thank all the people partici-
pating in the user tests and those who in both theoretically and emotionally assisted me
during this project.

iii



Contents

1 Introduction 2

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Purpose and Goal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.5 Delimitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.6 Disposition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Theory 8

2.1 Linguistic methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1.1 Word Embedding . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1.2 Semantic Role Labeling and Part-of-Speech Tagging . . . . . . 9

2.2 Machine learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.1 Convolutional Neural network . . . . . . . . . . . . . . . . . . 10

2.2.2 Long Short-Term Memory with attention . . . . . . . . . . . . 11

2.2.3 Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3.1 From Intent to Code . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.2 Machine learning on text classification . . . . . . . . . . . . . . 16

2.3.3 Text-based games . . . . . . . . . . . . . . . . . . . . . . . . . 17

3 Method 19

3.1 Tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.2 Data collections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

iv



3.3 User testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

4 System Modeling 23

4.1 Machine Learning Models . . . . . . . . . . . . . . . . . . . . . . . . 23

4.1.1 CNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

4.1.2 LSTM with attention . . . . . . . . . . . . . . . . . . . . . . . 24

4.1.3 Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.2 Natural Language Translator . . . . . . . . . . . . . . . . . . . . . . . 26

5 Evaluation Result 29

5.1 Model predictions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

5.2 User evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

5.3 Result of Research Questions . . . . . . . . . . . . . . . . . . . . . . . 34

6 Concluding Discussion 37

7 Future work 38

v



Acronyms and Glossary

Bi-LSTM - Bidirectional long short-term memory

CNN - Convolutional neural network

Classification - Term used in machine learning that refers to predictions a model will
make that is determined to a number of classes or categories.

Corpus - Collection of texts in NLP

Feature engineering - Extract features from raw data

GUI - Graphical user interface

LSTM - Long short-term memory

NLP - Natural language processing

RF - Random Forest

Supervised learning vs Unsupervised learning - Commonly used to refer to learning
methods for machine learning models. Difference being supervised is given both an in-
put and expected output whilst in the unsupervised the model instead determines pattern
of features in the input with no excepted prediction to it.
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1 Introduction

1 Introduction

The usage of technology of different kinds is continuously increasing in most profes-
sions and everyday life, which implies the need for awareness and competence to use it
safely and to its potential. Coding and computer science are also great tools for using
computational thinking in practice and therefore is becoming a part of general edu-
cation. It is already mandatory in countries like England, Sweden and South Korea.
However, the difference between learning how to code and learning how to program
sometimes seems to be almost consciously ignored[10]. The fact is that the former fo-
cuses primarily on how to express a problem in a specific coding language and the latter
concerns how to solve problems with computational methods, which is also known as
”Computational thinking”.

Computational thinking further means to understand how a computer ‘thinks’ and how
to work with it in order to reach a desired goal [48][25]. The syntactic coding is here less
important than the computational problem solving process. Unfortunately, missing out
on syntax will still in many cases obstruct the computational thinking behind. Although
a computer is generally considered as being ”intelligent”, unless it is given an exact
instruction down to the smallest comma or semi-colon, it will simply not work.

Computational thinking includes many different skills. The most important one is be-
ing able to divide a complex problem into smaller, more comprehensible steps. Other
categories that are included in computational thinking are; creative problem-solving,
debugging, logical thinking, the correct use of conditional constructs (if this, then that)
and recognizing patterns. Unfortunately, much of this knowledge is being hidden behind
the syntactic specifics of a certain programming language. Computational thinking is
sometimes overshadowed by code skills, which can be implemented without any deeper
knowledge of why it works. This type of automatized process makes these coders only
able to rely on existing knowledge instead of finding new or alternate solutions.

Since 2018, Sweden has had programming as a part of the curriculum for children as
early as the first year of school [3]. The idea is to use programming as a tool to increase
computational thinking. The transition is somewhat slow even with the new curricu-
lum partly due to the older generation teaching being inexperienced with the subject.
Therefore different schools will have different approaches to how to teach computa-
tional thinking. For example some are working with block programming, like scratch in
figure 1, to program LegoTM robots or micro:bits in Python.

This report expects the reader to have basic knowledge about machine learning. There
is also a glossary at the beginning of this report, where some more specific terms are
explained.
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1 Introduction

Figure 1: Sample code from scratch printing ”Hello, world!” [2]. The code is already
written in colored building blocks that the programmer uses to create a program.

1.1 Background

This master thesis was conducted at the IT consultant company Precisit. One of the
company’s goals is to assist and encourage students with ideas of projects that are in the
company’s area of interest. Prior to this research project a previous thesis was made at
the company which became the base for developing the topic of the current project.

1.2 Purpose and Goal

There are many obstacles for beginners when coding, and one of them is inexperience
with syntax. This can be a struggle that might lead to discouragement and eventually
giving up on the matter, deterring people from pursuing computational thinking and
computer science. The purpose of this project is to find a suitable solution to avoid this
problem. There are options of avoiding syntax specification with boxed code but that
also limits what the user can do to some extent as it does not include any connections to
other programming languages. A possible solution to the syntax issue could therefore
be to have a voice command tool that can translate the spoken instructions into code for
the user.

In fact, neither syntactic, nor structural differences in programming languages should
be relevant for computational thinking, since it was early proven that all programming
languages are computationally equivalent to the Turing Machine[38]. This means that
any problem that can be solved in a normal programming language can be expressed
by the Turing computation. The difference lies in efficiency and ease of programming.
In that respect, computational thinking could in theory be practised using pseudo code
instructions. In this work, the goal is to take spoken ”pseudo-code” instructions and
translate these into valid coding statements. This way the user would be able to put the
training of computational thinking foremost and be able to do it in a preferred semi-
formal coding language.
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Today there exists a handful of editor programs for programming by voice. Most of them
are created to assist developers that for any reason can not fully use their hands. The
technique still has not made its way to the overall developer community. Programs like
these still rely on specific commands and will thus implicitly expect an understanding
of syntax in order to be used [50]. To be able to use these programs the user still needs
to have experience in programming. To a beginner this might therefore instead serve to
be an additional obstacle.

Voice assistants, like Siri, Alexa and Google Assistant, can convert human intent to ex-
ecutable simpler commands without needing the user to have experience with coding.
However, it is claimed that even though these platforms offer a wide variety of services,
it is hard to ensure consumers that these platforms are trustworthy [1]. To improve the
user experience and trust there are some features that need to be improved. From feed-
back of consumers it is clear that the area of interpretation by voice assistants needs
improvements, for example through natural language recognition and context aware-
ness [51].

Natural language recognition - Currently these voice assistants need specific phrasing
for the commands to be able to correctly identify a request, leaving little room for the
use of synonyms and reversed sentences. Being able to allow more leniency would
improve the situation a lot. Natural languages are very flexible. This can be illustrated
by a few examples of different statements with similar meaning:

• I’m thrilled to visit Stockholm.

• I’m excited to visit Stockholm

• I’m thrilled to spend time in Stockholm

• I’m thrilled to visit the capital of Sweden

• I’m finally going to Stockholm

• Going to Stockholm is going to be so exciting

Context awareness – Contextual awareness (sometimes also known as Pragmatics) is
very common in human interaction. The phrase ”Turn up the lights” should be assumed
to only apply to the room in which the conversation takes place and not to the whole
house. Missing details in commands that the user assumes to be obvious can be a hard
task even for a human, not to mention automatic language parsers. Nevertheless, it is
easy to see that if the interpreting interfaces can be made to show a better performance
in this respect, it will drastically increase the satisfaction for users [51].
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The goal of this project is to try to find a possible way to improve the natural language
recognition and context awareness for computer commands. This in order to follow the
purpose of helping beginners learn computational thinking as there exist close-to but not
optimal solutions. There needs to be methods for handling natural language commands
that are less hard coded as natural language is fluid. Also it needs to incorporate methods
that can both handle synonyms as well as bring out the important words of the command
based on context.

1.3 Objectives

There is a need for a voice command tool aimed at beginners with regard to the empha-
sis on computational thinking that is able to handle natural language recognition and
context awareness. This project is based on an older system made by A. Byström [21].
Byström created a text-controlled environment that translated natural language expres-
sions to computational commands, which were comprehensible enough to be possible
to run as code. The result was a functioning program with an environment. However,
user evaluation results showed that the program needed increased accuracy as smaller
avoidable issues were in the way of the user satisfaction.

This thesis was made in order to investigate the possibilities to improve the coding
tool started by Byström and in this process also examine possible machine learning
solutions. Since the older system already exists, the focus was firstly placed on how
to improve the accuracy and performance of the natural language interpretation of that
limited environment.

Issues on the older system were similar to the ones of the commercial voice assistants
where the accuracy of natural language recognition and context awareness seemed to
deter the user. The proposed solution for this was to add a new layer of computation
to do an a prior interpretation of the input before the original translation by the older
system. This extra layer is intended to handle context-based issues and summarize the
input, by adding a machine learning model.

The objective of this project is to make a study of a couple of alternative machine learn-
ing models, selected based on earlier research and then compare efficiency and precision
of interpreting natural language expressions into computational commands. These ML
models would be trained on a larger general word classification data-set and later on
a smaller, specified for the task at hand. The network deemed to be the most optimal
was then selected to be implemented in a system for voice-to-code. This was then ex-
amined through a user evaluation to see if it could be classifiable as a learning tool for
computational thinking or assist as a general programming tool.
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1.4 Research Questions

There are six research questions and one hypothesis touched upon in this project. From
what is mentioned in section 1.2, purpose and goals, the following four questions were
established for this project. These questions were also considered possible to answer
from a user evaluation.

1. Is it possible to extend Byström’s system with automatized machine learning
models?

2. Is it possible to improve on Byström’s system by automatizing machine learning
models?

3. If it could be classifiable as a learning tool for computational thinking or assist as
a general programming tool.

4. Is it a suitable tool for general programming?

When researching machine learning on text classification there was one model men-
tioned more than other which was recurrent neural networks. Specifically long-short
term memory, LSTM. Based on this are the following questions. LSTM is a generally
known deep learning model to have performed better than many of the traditional al-
gorithms for text classification. This is due to the fact that it surpasses the threshold of
traditional machine learning algorithms [4]. So in theory the LSTM should be able to
outperform traditional machine learning algorithms, for text classification, in this train-
ing given the sufficient amount of training data. With this information two additional
research questions came up for investigation.

5. Is LSTM a suitable model to this problem?

6. Is there a more suitable solution/model?

There is research showing that implementing convolutional neural network models,
CNN, on top of text classification can give great results and also be faster to train than
corresponding recurrent neural network models, such as LSTM [12][49]. Therefore in
theory this approach should at least reach the same accuracy as the traditional machine
learning algorithm results.

Hypothesis: CNN should be able to interpret natural language to at least the same
accuracy as traditional algorithms in machine learning for text classification.
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1.5 Delimitations

This project uses the program system of an older project that is explained further in sec-
tion 2.3.1. This decision was made so that the primary focus of this project could be on
the conversion of natural language to computational thinking rather than the whole con-
version all the way into actual code. This project uses the same small set of operations
representing java code used for controlling a game environment to narrow the number
of possible operations and focus on the various ways to call for the same operation.
Another motivation for having the environment resembling a game encourages users to
explore the system as the interactivity keeps the user interested.

The result of the trained networks was in the end only judged by accuracy and loss. This
is because there were no priority measures included in the classification.

Due to the covid-19 pandemic the user testing became limited to not include older par-
ticipants or other risks groups. Children were neither a part of the user group nor tried
because the commands were to be given in English. The majority of the questions asked
to the users in the questions sheet used likert scales in the user evaluation to make the
procedure quick.

1.6 Disposition

The remaining chapters of the thesis will describe the theory and related work, the tools
that have been used for the work, as well as the development of the system model. After
that results are shown and discussed about for example the implications for future work.
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2 Theory

The research in this project is based on theories from linguistics, computer linguistics
and machine learning. An attempt was made to use linguistics within the context of
Natural language processing as a foundation to build the analysis system from, where
applied methods from the area of Machine learning have been used in order to make
more accurate predictions from the natural language sentences uttered by the user.

The first section starts by first describing some natural language processing theory, then
the machine learning models used and lastly the related works that motivated the choices
of network models together with similar text-based games.

2.1 Linguistic methods

Linguistics is the scientific study of language, which also includes the subfield of natu-
ral language processing, shortened as NLP. NLP helps to translate natural language data
into a representation that a computer can use, analyse and handle [19]. These methods
can instruct computers to analyse and handle natural language data. Examples where
NLP is being heavily used are speech recognition and natural language generation. Be-
low I will describe three different methods of NLP used for labeling and interpreting
corpora, that have been used in this project.

2.1.1 Word Embedding

Before the machine learning models can be trained on a text corpus, this corpus needs to
be processed. The data needs to be re-coded into numerical values and this can be done
on corpora by word embedding. Vectors that are distributed numerical representations
of words features are created, marking out features such as the context of individual
words. This can group vectors of similar words together in a vector space as it detects
similarities mathematically and without human intervention. The statistical structure
of the language in the corpus is mapped. The aim is to map the semantic meaning of
the words into a geometric space. This geometric space is called the embedding space
and can be seen in figure 2. The figure shows a representation of words being spatially
placed in a vector space and the distance is showing strengths of the relations to other
words. To convert these words to vectors a pre-trained embedding, word2vec, was used.
Mathematically it is possible to get London in the lower left corner by subtracting France
from Paris and adding England (Rome - Italy + England = London)[37]. This kind of
relation vectors can be used to establish a word’s associations or cluster documents and
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classify them by topic.

Figure 2: Representation on words being valued in the embedding space using word2vec
as the embedding model [52].

2.1.2 Semantic Role Labeling and Part-of-Speech Tagging

The concept of Semantic Role Labelling, SRL, is based on the identification of an event
in a sentence and the subsequent assignment of semantic roles to different words which
relate to that event. For example given the sentence ”Charlie walked to the store”, the
method should identify the event is about a person walking to a goal. Semantic argu-
ments include Agent, Patient, Instrument, etc [22]. By evaluating an event as a verb, sur-
rounded by arguments it is possible to model the semantics of the event. The arguments
represent the semantic roles associated with that event and can answer questions like
who, when and what. The semantic roles can be structured based on specific verbs as a
Theta-grid where every verb maps to a set of involved semantic roles that are needed to
put the event into a valid context. For example, given the word give, a giver, something
to be given as well as the given object’s final position, would be needed. This would
be, using standardized notation, grouped in a Theta-grid for the word give. [Agent (“the
giver”), Theme (“the object to be given”), Goal (“the given objects final position”)]

Part-of-Speech tagging, POS, is the process of labeling each word in a sentence to
its meaning in the context. Examples of POS classifications are verbs, adverbs and
nouns [15]. POS tagging has issues handling ambiguous words due to POS taggers be-
ing trained on a finite set of texts. Words that do not occur in the training data are harder
for the tagger to label correctly.

The difference between semantic role labeling and POS tagging is that the former iden-
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2 Theory

tifies the role played by each entity in an activity mentioned in a sentence while the
latter identifies grammatical roles. So the SRL finds a shallow meaning representa-
tion like agent, victim and instrument while POS finds syntax based representation like
verbs, nouns and adjectives [44].

2.2 Machine learning

There are numerous methods available for Machine Learning all with different features
and properties. Selecting the best method for analysis is often one of the more difficult
phases in a project like this. There are some methods that have initially been considered
as more appropriate than others for NLP, but this does not mean that every other method
should be automatically discarded because of this.

Some tests were made of different models that could be useful in this context, and in the
end there were three methods that made it to the final selection:

• Convolutional Neural Network (CNN)

• Long Short-Term Memory with Attention (LSTM-A)

• Random Forest Traversal.

The following sections will go through each of these in some detail, highlighting their
properties and potential problems.

2.2.1 Convolutional Neural network

Convolutional neural networks, CNN, are feedforward neural networks that are known
for doing image analysis and classification. However, it is also possible to use these net-
works for text classification. As mentioned in section 2.1.1, text needs to be converted
to numerical vectors1 to be able to train a deep learning model. Just as CNN is used
for image classification there is a filter traversing the vectors in a sentence by collecting
features which are later saved to a feature map. In comparison to image recognition
that uses two-dimensional structure, text has a one-dimensional structure where order
of words sequence matter. The example below in figure 3 shows how a filter traverses
the vectors of two words at a time, doing convolution between the vectors and weights

1It is important to remember that all machine learning models essentially convert data into a numeric
representation, before training and analysis. This means that to the model, the original format is not
important, and it is possible to put any data into any network as long as it can be represented numerically.
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of the filter, saving the output sequences. It calculates an element-wise product for all
its 2 x 6 elements, and then sums them up to one number.

Figure 3: The action of the two-word filter on the sentence matrix. There is a convolu-
tion between the vectors and weights of the filter, saving the output sequences. It then
calculates an element-wise product for all its 2 x 6 elements and sums up to one number.
The filter will continue to traverse the matrix until it is no longer possible to continue.
The step size of the filter, otherwise called as stride, can be altered. [29]

After the embedding and convolutional layers there are other vital layers in a CNN, for
example a max pooling layer to make sure the data is the same size and a classification
layer that determines the final output labels. A fixed-length vector needs to go through
the classification layer which is why the max pooling layer is needed. Lastly, the er-
ror from the classification is back-propagated back in the model to adjust the weights.
Meaning the model will train itself. In the building phase there are many options to
choose from types and amount of layers.

CNN have shown to have issues handling more elaborate contexts, for example grasping
who did what in a sentence. Due to this, CNN has proven not to be suitable for learning
long-distance semantic information [53][33]. However, this project did not try to create
commands with a long-distance text dependency and CNN has shown good possibilities
in other text classification projects[49][42], which is also why it was still considered for
this project.

2.2.2 Long Short-Term Memory with attention

Long-Short Term Memory, LSTM, is a type of Recurrent Neural Network, RNN, that
unlike standard feed-forward neural networks, has feedback connections. Unlike feed
forward networks a recurrent network will not just remember what it learnt in training
but also what was learnt from prior input while generating output. RNNs are designed
to take a series of inputs to capture relations across inputs with no predetermined limit
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on size [47]. RNN can therefore process sequential data such as speech, images or video
by taking the current input and what was perceived previously in time. Recurrent neural
network models are deep learning models and are commonly used algorithms for text
classification.

However, RNN networks tend to have gradient vanishing problems which LSTM was
built to solve. The guessed and the correct labels of an output during the training of
a neural model will be compared through a loss function which will measure the error
in the comparison and then back-propagate this value to shift the weights in the model.
This value determines how much each weight changes and tends to become smaller as
it progresses further back in the layers. The Gradient vanishing problem occurs when
these values become so small that they no longer alter the layer and only the final, last
layer is adapting [41].

A LSTM model has units to solve the vanishing gradient problem. A common LSTM
unit is composed of a cell with an input gate, an output gate and a forget gate (see Figure
4). The cell remembers values over arbitrary time intervals and the three gates regulate
the flow of information in and out of the cell. When error values are back-propagated
from the output layer, the error is stored in the LSTM unit’s cell. The back-propagation
continuously feeds the error back to each of the LSTM unit’s gates, until they learn to
cut off the value.

Figure 4: Standard RNN unit cell next to a LSTM unit cell. The red boxes inside the
cell represent neural network layers and the purple circles pointwise operations. The
forget gates determine how much of the old cell state that should be let through, or
remembered. The input gate layer decides on which values to update, creates a new
candidate Ct and combines these two to create an update to the state. Finally, the output
gate layer decides which parts of the cell states are going to be output by running the
cell state through Tanh and sigmoid classifiers separately and multiplying that. [39]

Recurrent neural networks are also known to have issues dealing with long-range de-
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pendencies. This means that for example a context in a corpus that has been mentioned
previously will be harder to retrieve the further away in the corpus it was mentioned.
In theory, architectures like LSTM should be able to deal with this, as it focuses on
memory, but in practice long-range dependencies are still problematic. This is partly
due to the fact that the encoder-decoder architecture encodes input sequences to a fixed-
length internal representation. This fixed length imposes limits that can result in worse
performance on longer input sequences as they get compressed. To solve this it is possi-
ble to add attention mechanisms [16] [31].The use of an attention mechanism frees the
encoder-decoder —, in this case the word embedding — architecture, from the fixed-
length representation. It encodes the input into a sequence of vectors and will adaptively
choose a subset of these vectors while decoding the interpretation [13].

Attention can also operate on its own as a machine learning model. A neural network
armed with an attention mechanism has the possibility to be able to understand what “it”
is referring to when you have successively two sentences where the second one refers
to the previous, disregarding the noise. With attention a model can know how to con-
nect two related words that do not carry markers pointing to the other [36]. Attention
mechanisms in neural networks essentially view the whole sentence in detail before de-
ciding where to focus the attention. So the items in the output sequence are conditional
on selective items in the input sequence. This increases the number of computational
operations in the model but the model gets more targeted and better-performing. The
model learns what to attend to based on the current input and what has been produced
so far. Each decoded output word now depends on a weighted combination of all the
input states, not just the latest state. These weights define how much of each input state
should be considered for each output. This is done by saving the intermediate outputs
from the encoder LSTM from each step of the input sequence and training the model
to learn to pay selective attention to these inputs and relate them to items in the output
sequence [17]. For example, each time a model generates a word for a translation, it has
searched for a set of positions in a source sentence where the most relevant information
is concentrated. The model then predicts a target word based on the context vectors
associated with these source positions and all the previous generated target words.

2.2.3 Random Forest

Random Forest is an ensemble of Decision Trees, predictive models that use a set of
binary rules to calculate a target value. Each individual tree is a fairly simple model
that can be thought of as having internal nodes, branches and leaves. The internal nodes
representing conditions that split into branches based on the conditional result. These
branches lead to other nodes or to a final decision, the leaves, which are classification
labels[26].
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The Random Forest will, based on its Decision Trees, choose the majority class for clas-
sification problems, shown in figure 5, or the average for regression problems. Because
random forest uses a majority vote between the results from its decision trees, this ma-
chine learning algorithm is good at guessing when there is missing information. A tree
is grown using the following steps [27]:

1. A random sample of rows from the training data will be given to each tree.

2. From the sample given in Step (1), a subset of features will be taken to be used
for splitting on each tree.

3. Each tree is grown to the largest extent specified by the features until it reaches a
vote for the class.[34]

However, Random forests have been observed to overfit for some data-sets with noisy
classification/regression tasks or large sets of features. The trees will split excessively
and become huge v[27]. One way of trying to avoid overfitting is to set a minimum
number of training inputs to use on each leaf.

Figure 5: Representation of a random forest with three decision trees. This example is
very simplified but these trees can grow a unique number of nodes/conditions and have
more than two branches from a node.

2.3 Related Work

Some notes on related work that has inspired, motivated and helped with the decisions
made during this project. First, this project is based on and continues building on a
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previous thesis project, which is described in some detail. Second, some work that has
motivated the choices of machine learning models to test is mentioned in this coming
section. Last, there is a section on text-based games as this system will resemble such a
game even though it’s not the goal of this project.

2.3.1 From Intent to Code

This thesis builds further on the idea and project made by A. Byström [21], From Intent
to Code: Using Natural Language Processing. In his work, Byström brings up the
issue of understanding syntax for beginners when learning computational thinking. He
tries to solve this by a speech-to-code solution. The result is a functional program that
converts a user’s natural language commands to executable code. A sentence will be
processed by combining its semantic role labeling and part of speech tagging and split it
up to objects and actions. Below is an example where the sentence ’Character walk to
tree and jump up’ is given to the system. Each word is given its respective tags using a
python library called practnlptools. These tags determine the parameters of the actions
and objects created. Both new data structures are then examined with wordnet corpus
to possible synonyms. This in order to give the limited environment the correct possible
actions. Examples of synonyms would be to command to run instead of walk to the
target. Finally these objects and actions rule what would be the suitable code to execute
this command.

Step 1: Linguistic methods tags
SRL: [{’A0’: ’Character’,’V’: ’walk’,’A1’: ’to tree’},{’A1’: ’Character walk’, ’V’:
’jump up’}]
POS: [(’Character’, ’NN’), (’walk’, ’NN’), (’to’, ’TO’), (’tree’, ’NN’), (’and’, ’CC’),

(’jump’, ’VB’), (’up’, ’RP’)]

Step 2: Objects and actions
Object: [Name: character , Name: tree ]
Actions: [walk

On object: character
Loop: 1
Parameters:

target: tree
Condition :None
, jump
On object: None
Loop: 1
Parameters:

direction: up
target: character

Condition :None
]

Step 3: Find synonyms with wordnet
character, score: 1.0
tree, score 1.0
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walk, score 1.0
jump, score 1.0

Step 4: Code
character.walk(tree);
jump(’up’);

The idea is interesting, however, user evaluation shows that the user satisfaction was low
and the author states that to determine the potential of interpreting human intent to code
additional research and development is needed. It is necessary to create models with
higher accuracy as it otherwise creates confusion and frustration when the program can
not understand the user. This is the focus of this research project. The goal was to see if
it was possible to improve the system to increase the user satisfaction. This is in order to
determine whether this system could be a suitable tool for programming. The idea for a
solution was to add machine learning algorithms to the system to improve the accuracy
of the interpretation. The example of a processed command above has interpreted the
code as intended but mislabeled a POS tag. The word ’walk’ is a ’NN’, which stands
for noun in singular, even though it would be a ’VB’ as it is a verb in base-form. The
mislabeling in this case did not have an impact on the system but if the environment was
not as limited there could have been a different result than intended of that mislabeling.

2.3.2 Machine learning on text classification

Apart from being related work these projects mentioned here helped to make decisions
for this project such as models and data sets. For example it became clear in the begin-
ning that data would have to be made by hand and the research Text Augmentation for
Neural Networks by A. V. Mosolova, V V. Formin and I. Y. Bondarenko [35] studied
the possibility of augmenting data sets of sentences. They base the augmenting on syn-
onymy and managed to make the data set six times bigger than originally that were still
profitable for training in machine learning.

The decisions on neural network models were made after finding and comparing sim-
ilar problems with interesting results from existing research. R. F. Wang [49] brought
up the idea of using convolutional neural networks for text classification in her report
Text Matching Using Convolutional Neural Networks where the case was to match rel-
evant startups and investors. It did this by converting descriptions and demands from
respective to vectors and then comparing those in likeness. It showed promising re-
sults compared to traditional NLP methods and it was decided to examine if CNN could
also work for this thesis text interpretation. The proposition that CNN would be suit-
able for text classification was increased by S. Ruder, P. Ghaffari and J. G. Breslin,
Character-level and Multi-channel Convolutional Neural Networks for Large-scale Au-
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thorship Attribution [42] who states that CNN variants, like character-level CNNs and
hybrid-channel CNN, can outperform most traditional authorship attribution methods.

As for LSTM, it quickly became clear that recurrent neural network models were com-
mon algorithms to use for text classification. Mikolov, Karafiat, Burget, Cernocky and
Khudanpur also experimented with RNN in natural language processing, in their article
Recurrent neural network based language model [33]. Where they proved it to be a
successful approach to speech recognition.

From the results in the reports it was clear that a CNN model and a RNN model were the
most fitted neural network models to be tested for the project requirements. Comparing
these two models is not uncommon and inspiration for how to compare came partly
from M. Andersson, M. Arvola and S. Hedars work Sketch Classification with Neural
Networks [12]. The project compares CNN and RNN for image recognition where both
showed favorable results in determining simplistic images. Both models managed to
have an accuracy of over 90%. Also, apart from these two neural networks models it
was desired to have another supervised algorithm to compare results. Random forest
was chosen as it showed competitive results in J. Hartmann, J. Huppertz, C. Schamp,
and M. Heitmanns Comparing automated text classification methods [27].

2.3.3 Text-based games

These past few decades have produced several text based games that have been using the
commands of a user given in natural language to then be executed. However common
issues when playing these games is the precision in input needed to understand the users
intentions. A misspelling or many words are usually details that make a command un-
interpretative to the game. This due to most of these games have hard-coded syntax
rules or very basic linguistic methods. Zork[46] and the Swedish corresponding game
Cottage[40] from the 1980:s are two text based computer games where commands are
given by the user to control an avatar in a wide world to explore. However both games
have issues handling misspelling, synonyms, adding of words or reordering of words.
This limits the user to a degree and adds a learning phase to be able to play the game to
its full potential. These issues will affect the possibility to expand the program as there
is no flexibility, meaning these games are not made for scalability.
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Figure 6: Interface for the text-based game, Zork. Two commands have been made
to the game. First ’Take the rubber mat’ has been interpreted correctly and the action
has been made. The second command ’Walk around the house’ has however not been
understood by the system.
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The tools and methods used for this project are mentioned here. First about the general
tools used to assist the program and later methods used when building and evaluating
the system. These methods are separated in two sections, the first discussing the data
collection for the training and the second describing the user testing for the user evalu-
ation.

3.1 Tools

For building, training and testing the machine learning models Keras was used with
Tensorflow as a backend-engine/framework. Keras is an open-source neural-network li-
brary in python for designing and running neural networks in multiple backends [5][6].
All the networks were written in python for consistency and in order to make it easier to
debug. For the construction of the models, it came to a choice between Theano and Ten-
sorflow as frameworks as both could use Keras. There are advantages and disadvantages
with both, but in the end Tensorflow was chosen because of points considered important
for this project. Tensorflow allowed it to be deployed on multiple CPUs and GPUs,
had faster compile time than Theano and easier debugging. Theano was announced in
September 2017 to cease all its major development and tensorflow offers a great amount
of documentation and learning material aimed to help users to understand the theoreti-
cal aspects of neural networks and help setting it up [23]. However, Tensorflow requires
python version 3.5 or higher [7].

The pntl python library, which is a NLP tool, was used together with Senna and the Stan-
ford Dependency Extractor to do semantic parsing and to assist in the POS tagging [43].
The Stanford Dependency Extractor [8] gives a representation of grammatical relations
between words in a sentence while Senna is a processing interface for assigning a tag to
each token in a list.

3.2 Data collections

Two corpora were used to create the datasets used for training the machine learning
models. Both were POS tag datasets where the first was used as a more general corpus
for overall training and the other was a corpus with specific computational sentences,
fitting the specification of the environment this was implemented on. Both corpora were
examined and the tags that were not included in the specific corpus to conclude which
tags were redundant to the network. The data was both split in 80% for the training set
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CC Coordinating conj. TO infinitival to
CD Cardinal number UH Interjection
DT Determiner VB Verb, base form
EX Existential there VBD Verb, past tense
FW Foreign word VBG Verb, gerund/present pple
IN Preposition VBN Verb, past participle
JJ Adjective VBP Verb, non-3rd ps. sg. present

JJR Adjective, comparative VBZ Verb, 3rd ps. sg. present
JJS Adjective, superlative WDT Wh-determiner
LS List item marker WP Wh-pronoun
MD Modal WP$ Possessive wh-pronoun
NN Noun, singular or mass WRB Wh-adverb

NNS Noun, plural NNP Proper noun, singular
NNPS Proper noun, plural PDT Predeterminer
POS Possessive ending PRP Personal pronoun
PP$ Possessive pronoun RB Adverb
RBR Adverb, comparative RBS Adverb, superlative
RP Particle SYM Symbol

Table 1: Table of part of speech tags excluding non alphabetic characters like ”,” [32]

and 20% for validation. This is in general a good proportion for splitting the data prior
to the machine learning training.

The general training dataset was taken from the natural language toolkit in python nltk.
The corpus is called Treebank and is a POS tag set with seven million words of part-
of-speech tagged text[45]. The Penn Treebank tag-set is given in Table 1 containing
36 POS tags excluding 12 other tags for non-alphabetic characters like punctuation and
currency symbols. Treebank tries to avoid requiring annotators to make arbitrary de-
cisions, therefore it allows words to be associated with more than one POS tag. Such
multiple tagging indicates either that the word’s part of speech simply cannot be decided
or that the annotator is unsure which of the alternative tags is the correct one.

The more specific data set was made by hand and as mentioned in section 2.3, Related
Work, it was augmented by synonyms to enlarge the size [35]. The data-set was gradu-
ally growing as the project proceeded because for example when the user testing started
new synonyms and commands were discovered.

So the corpus will have each word in a sentence tagged like in the example below:
Training data: [(’Walk’, ’VB’),(’down’, ’NN’),(’.’,’.’)]
Input sentence: Walk down.
POS tags: [’VB’, ’NN’, ’.’]
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In an attempt to improve performance, feature engineering was used on text, mean-
ing there was added information in the form of a dictionary of features for each term
depending on the sentence. The feature engineering was taken from an article ”Part-of-
Speech tagging tutorial with the Keras Deep Learning library” [14] that showed great
results when training for POS tags. This was properties like previous word, next word,
prefixes and suffixes.

3.3 User testing

User testing was done in order to determine if users find the system easy to use and
if they would want to continue using this method of programming. This was done by
usability testing where the participants were asked to complete the task given to them,
which in this case was to get to the goal of the environment. They were given as much
time as needed and were free to explore the game field and retry the game after finishing
the task. When users felt done they were asked to rate the experience by filling in a form
of questions shown in the appendix 3 in figure 19, 20 and 27. Majority of questions were
given with likert scales so as to not deter the user from answering the sheet.

The questions used for the user evaluation of this project are similar to earlier work by
A. Byström[21]. This is due to the system basing itself on Byström’s older work and
therefore it is of interest to see if the result of the user evaluations can be improved.
These questions ask about the user’s satisfaction and if they thought the system helped
their understanding of coding and computational thinking. To assure these results were
not too biased it was important to a big variety in experience with coding and age.
Experienced coders will have a different experience from those who never touched the
subject. Result of these kind of questions are quite subjective so comparing between the
projects user testing and the older by Byström (ibid.) have taken that into consideration
when summarizing the results. Below are the statements that they were asked to agree
or not agree to to certain degrees.

• This system was easy to use.

• This system was fun to use.

• The instructions on how to use the system were easy to understand.

• This system contributes to my understanding of programming

• This system contributes to my understanding of how to instruct a computer to
solve problems.
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• It felt easier to give instructions in natural language rather than through program-
ming.

• I felt that this system accurately interpreted my intention.
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The machine learning models were built and trained after deciding on the specific prob-
lem and data-set. This builds further on the general theory brought up in sections 2.2,
Machine Learning, of this report. From the research of these models the natural lan-
guage translator was built, which also incorporated the model with the highest result
as well as an additional neural network for handling synonyms that was found when
researching word embedding for training the models[37].

4.1 Machine Learning Models

The machine learning models use supervised classification. A classification threshold
is used to determine the probabilistic cutoff for where a data sample is classified as
belonging to a class. The threshold can be altered depending on the nature of the data
and the situation.

4.1.1 CNN

In Figure 7 is a workflow for the convolutional model shown with a given sentence going
though it. The words are translated to numeric values in respective vectors as in figure
3 above in section 2.2. This specific one has six value vectors for each word. After the
convolutional layers come a max pooling layer that, as mentioned earlier in this report,
is used due to the input sentences being of different lengths and the filters of different
region sizes. The max pooling function extracts the largest number from each filter
result vector and creates pooled feature maps that are reduced sizes of the data. At the
final stage of classification the feature maps are flatten to create a fully connected layer.
The flatten layer as the name suggests flatten the output of the convolutional layers to
create a single long feature vector that is a one dimensional array. This is connected
to the final classification layer called a fully-connected layer. This is done due to the
classification needing a one dimensional layer [28].

In the Figure 7 there is a dropout of 20% in the fully connected layer. Dropout means
to dropping random nodes during training. Dropping these nodes is done to avoid over-
fitting which means to train the weights on too specific data so it no longer performs as
well and returns large errors on new data [20].
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Figure 7: Overview of basic convolutional neural network workflow for POS-tagging.

4.1.2 LSTM with attention

The long short term memory with attention model was designed after P. Zhou et al.
Attention-Based Bidirectional Long Short-Term Memory Networks for Relation Classi-
fication where a Bidirectional LSTM with attention Att-BLSTM [53]. A bidirectional
LSTM is an extension of traditional LSTM where the general idea is to train two LSTM
alongside each other on the input sequence. The first one is given the input sequence as
it is while the later gets a reversed copy of the sequence. This is only possible in a prob-
lem where all time steps of an input sequence are available at the same time. With this it
is possible to obtain additional context to the network and have a faster and more com-
plete learning on the problem. The reason for having two is that it can improve model
performance on sequence modelling tasks, since standard LSTM networks process se-
quences in temporal order ignoring future context [18] and in a effort to speed up the
executions of the model as attention is known for further slowing it down because of the
additional computation. In Figure 8 there are two nodes that the embedding output goes
to in the LSTM layer. The hidden connections flow in opposite temporal order shown
by the horizontal arrows in the layer. The model is therefore able to exploit information
both from the past and the future.The output of the i-th word is:

hi = [
−→
hi ⊕

←−
hi]

As for the attention mechanism in this model there has been a seclusion marking in
Figure 8 with the red dotted line. The attention takes the intermediate output in a matrix,
H, of the LSTM layer from the whole sequence length T and produces a weighted sum
of these output vectors to form a representation of the sentence, let’s call it r. The final
sentence-pair representation used for classification is obtained in h: This will have the
following equations:
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M = tanh(H)

α = softmax(wTM)

r = HαT

h = tanh(r)

Figure 8: An overview of bidirectional LSTM with attention layer [53]. The red dotted
lines are present to separate the different layers for the reader to ease the overview.

4.1.3 Random Forest

The chosen dataset provided a decent amount of data, so the next step to optimize the
model is hyper-parameter tuning before training. To do this random search cross valida-
tion was used[30]. Random search cross validation defines a grid of hyper-parameters
and randomly samples from that grid a number of combinations chosen by the user.
The difference between a model parameters and hyper-parameters is that parameters
are learned during training which hyper-parameters are set before. Examples of hyper-
parameters in random forest are the number of features considered by each tree when
splitting a node and the number of decision trees in a model.

The chosen samples combinations will be used to perform K-fold cross validation. This
method will split the training data in k subsets called folds. These folds will then it-
eratively each be evaluated as validation data after it is trained on the other folds. For

25



4 System Modeling

example, if k is three there are three folds, where the first iteration will be trained on the
first and second to evaluate the third fold. This then continues so on until all folds have
been evaluated. After the iteration is complete the average is taken of the performance
on each of the folds to conclude a final validation metric for the model. In this case
comparing between chosen samples combination of hyper-parameters.

4.2 Natural Language Translator

During the user testing the user is given a graphical user interface, GUI, to interact with
where they control an avatar in a virtual environment by writing or speaking sentences
of commands seen in Figure 9. The first square to the left contains instructions and
examples for the users to be able to maneuver in the game together. In the bottom of
this square is the input field where the user can either write their command, or speak it
by pressing the mic icon. The system will suggest to fill in input when the user is typing.
These suggestions are based on past input and already existed in the older system. The
middle square contains the resulting code from the commands. This can then be cleared
or run to execute that will update the game interface in the square to the right. It is also
possible to alter the code inside the editor in the middle.

Figure 9: Screenshot of GUI for the system.

The voice input was later discovered to be a temporally removed part of the old system
that was possible to restore after getting a greater understanding of the system. This fea-
ture was based on an HTML5 Web Speech API [9], which when implemented showed
some issues in handling speed of speech. If the user did not speak the commands clearly
and at an even pace the system could give out wrong input like stopping the parsing too
early in the sentences.

To make the character walk around in the environment there were 3 steps needed to go
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through to complete the execution. These are then repeated to add more code:

1. Write or speak commands in natural sentences. If writing, enter has to be pressed
when the command is considered complete. The commands can be written se-
quentially and do not need to be executed at the same time.

2. The processed interpreted command is then displayed as code in the editor in the
middle of the GUI. If the user desires, it is possible to add and remove text by
hand from the code.

3. To execute the code, the user has to press ”Run”, then the code is used to alter the
game environment to the right of the GUI. It is also possible to press clear at this
stage to remove all the code in the editor.

The program processes the sentence in several steps where it starts as natural language
that is filtered out to only contain vital words by the implemented machine learning
model and determining the POS tags. This is determined through a combination of
POS and SRL tags, extracted by the pntl annotator, assigned to objects and actions with
parameters to describe the intention of the sentence. Then these objects are sent to a
word2vec model that handles synonyms that are not hard-coded to the environment. The
word2vec network compares the similarity of words by comparing the space between
vectored representations as the example above in theory about word embedding(see
Figure 2). So when it is given a word it knows only if it is an object or action, thereafter
it looks in the corresponding existing word to find the most suitable of the hardcoded
ones. If there is no close word it deems it as unusable. If it succeeds, that is then
translated to code.

In the example below a sentence is processed through the system. The natural sentence
is filtered from unnecessary words(or symbols like ”,” and ”.”), otherwise called stop
words removal [24], and valued by being converted to objects and actions depending on
the given POS tags. The tags that had to be removed were determined by comparing the
two data-sets used to train the machine learning models. The general one contained all
46 possible POS tags while the specific data-set contained only 19 tags. More than half
of the tags did not have a meaning for this limited environment2. Tags that were for non
alphabetic characters and determiner were considered were not necessary for the limited
environment to determine an intent and therefore stopwords. Some tags included in the
stop words are not optimal for the general situation like descriptive tags. For example if
the user were to give a command to go to a tree when there are more than one tree, the
system would still not be able to determine which ’The red tree’ it applies to as it would
in the current situation remove distinctions like color.

2This situation only applies to the limited environment.
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Below is an example of the process and sentence which two commands get interpreted
to code. The sentence ”The character should walk to the tree and then jump up” is
shortened to ”Character walk to tree and jump up”. There are five steps to convert the
command to code, an additional step in comparison to the older system explained in
sections 2.3, Related Work, and different methods in the step to find synonyms.

Step 1: Linguistic methods tags with neural network pos tags and annotator for SRL
SRL: [{’A0’: ’The character’, ’AM-MOD’: ’should’, ’V’: ’walk’, ’A4’: ’to the tree’},

{’A1’: ’The character’, ’AM-MOD’: ’should’, ’AM-TMP’: ’then’, ’V’: ’jump up’}]
POS: [(’The’, ’DT’), (’character’, ’NN’), (’should’, ’MD’), (’walk’, ’VB’), (’to’, ’TO’),

(’the’, ’DT’), (’tree’, ’NN’), (’and’, ’CC’), (’then’, ’RB’), (’jump’, ’VB’), (’up’,
’RP’)]

Step 2: Remove unnecessary words
SRL: [{’A0’: ’character’, ’AM-MOD’: ’should’, ’V’: ’walk’, ’A4’: ’to the tree’},

{’A1’: ’character’, ’AM-MOD’: ’should’, ’AM-TMP’: ’then’, ’V’: ’jump up’}]
POS: [((’character’, ’NN’), (’walk’, ’VB’), (’to’, ’TO’), (’tree’, ’NN’), (’then’,

’RB’), (’jump’, ’VB’), (’up’, ’RP’)]

Step 3: Objects and actions
Object: [Name: character , Name: tree ]
Actions: [walk

On object: character
Loop: 1
Parameters:

target: tree
Condition :None
, jump
On object: None
Loop: 1
Parameters:

direction: up
target: character

Condition :None
]

Step 4: Find synonyms
character, score: 1.0
tree, score 1.0
walk, score 1.0
jump, score 1.0

Step 5: Code
character.walk(tree);
jump(’up’);

Word2Vec replaced wordnet in the previous implementation of the program to handle
synonyms made by Byström as the project was already researching word embedding
and finding similarity in vector space was in this limited space more interesting than
finding exact synonyms. Tests were made to take the synonyms of given words made
by wordnet to try on word2vec against the existing actions and objects. This turned
out to give the same result so was deemed efficient to only have one method. This
implementation has a stronger acceptance to misspelling and misunderstanding than
wordnet had. It can determine the cow is the focus even if the user misunderstands it as
a horse. It was trained on the same corpuses as the other machine learning models.
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5 Evaluation Result

First the results from the trained networks are presented and then the model that was
determined to be implemented in the system. To decide upon the most suitable model,
accuracy and loss was judged. These two were deemed as the necessary results to
determine the best as there was no type in the classification that was priority. Secondly
this section presents the result of the user evaluation tests together with its questionnaire.

5.1 Model predictions

Below in Table 2 is the final results from running models, taking mean on about five
runs on runs on each model to get the average result of accuracy and loss. Apart from
the three models chosen for research, an additional LSTM model was also tested during
testing. The results of this model were added to the report as it was deemed more
efficient than the LSTM with attention for this data-set. In the appendix are both the
CNN model and LSTM model shown in Figure 17 and 18.

Model val acc val loss test acc test loss
bi-lstm with attention 0.943 0.8737 0.943 0.872
lstm 0.977 0.093 0.977 0.115
cnn 0.995 0.017 0.995 0.019
random forrest 0.88 0.78

Table 2: Result of validation and test data accuracy and loss on the models. The results
are in decimal but means percentage. So 0.943 on the first row, first column means an
accuracy of 94.3% in validation accuracy.

The hypothesis in section 1.4, Research Questions, seemed correct in comparison to the
result. The CNN model was estimated to be at least as good as Random Forest and even
managed to show notable results, beating Random Forest with 10% in validation accu-
racy and 20% in test accuracy for this problem. The CNN model showed great results
in general as its more basic model was able to be trained up to 99% accuracy. In the
end the CNN model became the chosen network as it showed the best accuracy and the
lowest loss. Additionally, the CNN model was smaller and more efficient then the RNN
models tested. It predicted tags faster than LSTM with or without attention. The reason
for the RNN models being slower was probably due to the fact that more computations
needed to be made because of the feedback connections. The LSTM version with an
attention mechanism actually showed a worse accuracy than the more standard LSTM
models without attention by around 3%. This might be due to the model being too big
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Figure 10: Accuracy of models after validation data-set.

and complex for the data as the loss also was still rather high in comparison. Both
LSTM with attention modeled did have a big loss which could mean the training data
was not big enough for the model to be properly trained, meaning under-trained, which
was a considered possible outcome. However there was not enough time or resources
in this project to add more data as there would need a considerable addition especially
for bi-LSTM with attention as it had a great loss percentage.

Random Forest performed overall badly in comparison to the other models. As for the
Random Forest the most optimal of the tested model seemed to be the default in scikit-
learn. Random search cross validation was done on 75 fits but the most optimal found
of the ones tested actually performed worse than the default settings.

RF model = R a n d o m F o r e s t C l a s s i f i e r ( b o o t s t r a p = F a l s e )

5.2 User evaluation

The user evaluation results are first displayed in the questionnaire result and then to-
gether with the additional input is the observation and comments from the user tests.
There were a total of 14 users tested and below in Figure 11 and 12 is the result of the
diversity. There was a majority of the users that were in the 20-30 age span because
there was a bigger group found in that span willing to try the system. Ages avoided the
section 1.5, Delimitations, stated that due to the ongoing pandemic it were certain age
groups that were chosen not to approach. Also younger generation risked not having the
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competence in English so those under 20 were excluded as well. Between these users
there was a spread out variety of experience with programming. Some had never seen
code in their lives, while others were software engineers working with programming
everyday.

Figure 11: Diversity of age groups tested in this project.

Figure 12: Diversity in experience in programming in the user testing group. The deci-
sion was based solely on the users confidence in the subject.

In Figure 13 the users were asked whether they preferred to give commands by voice
or text. This became a more general question due to the fact that half of the users were
not able to try the voice feature of the system. This was due to them having to test the
system through distance meetings. The users who did the test on digital meetings were
given access to a computer that had the system ready to run. However this access did not
allow their mic to give input to the computer which meant that their only option was to
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write their command. Despite this the general results seem to be that the majority prefer
to write their commands. This means that most users that did try the voice command
did not prefer it. This is somewhat understandable as the voice feature needed time to
get accustomed to and the time to do so was not included in the test, leading to users
having several commands misunderstood.

Figure 13: Preference in option of input given during user tests. This result is missing
one response that was for text.

Apart for diversity and preference the questionnaire asked the users about their satis-
faction with the system. If it was fun, educational and easy to use. Did the users think
this system helped their understanding of computational thinking and programming and
lastly if they thought the system did suffice in understanding their intent. All of the
questions can be seen in the appendix 3 in Figure 19, 20 and 27.

The result showed that all users who participated thought the system was easy to use
and most though it was fun as shown in figure 14. There was also a high percentage
of users that agreed that the system did accurately interpret their intention. For the rest
of the questions the answers varied greatly. There was a clear disagreement on whether
this system contributes to understanding of programming and if it felt easier to give
in natural language rather than through programming. There was a higher agreement
in that this system contributes to understanding of how to instruct a computer to solve
problems.

As the user evaluation progressed it became clear there were issues with the system.
Some were smaller bugs that were solved by additional conditions and enlarging the
corpus with new sentences. However, ambiguous words were not always handled by
the semantic role labeling and would be excluded if it could not register. POS could
more or less handle it as even if it did not understand its meaning it would give what it
thought was the closest label. Left are such words that were a clear issue for the SRL.
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Figure 14: Result of two questions in the user evaluation. The question is shaped as
such as the user answers how strongly they agree with the statement. In this case 1 is
strongly disagree and 5 is strongly agree with elevation in between.

There were added conditions to the system to handle these words when discovered, in
order to give a smoother experience for the user as the interface was limited. Semantic
role labeling would also sometimes ignore words that had actual value to the verb when
several verbs were given. It might have gotten too complex for it.

There were other issues arising that the system could not solve, like choosing the correct
synonyms to certain verbs. For example, ”use” is closer to ”eat” than ”cut”, so the
sentence ’use axe on tree’ would be interpreted as ’eat tree with axe’. This clearly
shows why the contextual information is important when optimizing the system further.
Only synonyms aren’t good enough to distinguish that.

The commands did take quite some time to operate, about 5-8 seconds, already in the
older system. Some of the slowdown was discovered to be leftover print statements in-
side the system but the final result showed an average of 3-5 seconds per command in-
terpreted. However, since the system changed the python version, it was not completely
clear which part had had the biggest impact in speeding up the process, POS-tagger,
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SRL-tagger or the synonym handler. This is still a rather slow response time to today’s
software which is almost instant. This might have deterred the users somewhat since
the commands were rather simple and with enough experience it would have been faster
to write the code by hand in the editor. However, no one ever jumped over to changing
solely in the code editor

Some users commented that they were used to programming and did not think this
system was a good fit for them as they found it easier to write in code than give natural
commands as it was uncertain it would really come out of it and if it would work. Code
generally felt more clear and straightforward. Below are two statements from users who
seemly are experienced with coding

”The system seems to have some bugs. Spellcheck seemed to affect the interpretation
of commands sometimes. Voice command could not quite interpret what I was saying
either. Hard to say if it would help me understand programming as I already know how
programming works, and I am therefore biased.”

”It does not feel easier to give instructions in natural language as I am so used to giving
them in programming language. Also think that the system is easier to accommodate
for those who are familiar with video games.”

5.3 Result of Research Questions

From results of the user evaluation and model evaluation it is possible to draw con-
clusions to answer the hypothesis and research questions from section 1.4, Research
Questions.

1. Is it possible to extend Byström’s system with automatized machine learning
models?

It is possible to extend and improve the system with increased accuracy and a
larger flexibility of the input. After studying the older program it turned out that
the model was added without major conflict. The older program was built in
python 2 but was converted to be executed in python 3 as it is a more modern
version, and most libraries have been converted to python 3. Tensorflow now
requires python version 3.5 - 3.7. After the conversion the model replaced the
pntl annotator for pos tagging but required no further alterations to fit in.

Apart from the planned machine learning model added there was also a word2vec
model added further down in the process of the system to handle synonyms to the
possible actions and objects the system could execute. This replaced the wordnet
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implementation existing in the system. As word2vec is a two layered neural net-
work model this only supports that it is possible to build out the older system with
automatized machine learning models

2. Is it possible to improve Byström’s result with automatizing machine learning
models?

The convolution neural network was added together with the removed words
deemed unnecessary and seemed to have been an improvement with reversed sen-
tences and the handling of the distinctions between object and direction. The tag
’DT’ would be the difference between certain words to be distinguished as nouns
or adverbs. For example the sentence ’Walk four steps to the north’ should be
understood as walking the direction north, however when a determiner is placed
before it is handling weather directions as objects..

Walk four steps to the north
[(’walk’, ’VB’), (’four’, ’CD’), (’steps’, ’NNS’), (’to’, ’TO’), (’the’, ’DT’),
(’north’, ’NN’)]
Walk four steps north
[(’walk’, ’VB’), (’four’, ’CD’), (’steps’, ’NNS’), (’to’, ’TO’), (’north’, ’RB’)]

Replacing wordnet with word2vec to handle synonyms gave a positive improve-
ment to the system as it no longer would need to find all possible synonyms to
the given words to compare to existing executable commands, it now compared
that word in vector space to decide. Synonyms are being compared in less time,
requiring less operations but still handles the same type of synonyms wordnet did
and more. Therefore to answer the question it is possible to improve the system
with automatized machine learning models.

3. If it could be classifiable as a learning tool for computational thinking or assist as
a general programming tool.

There are results showing possible usage of learning computational thinking and
even code if the user puts in effort to analyze the interpreted code. For example
one of the users would completely disregard the code window and rely on only
their intention. This was a risky move because if the intention would not have
been interpreted as their intention, they would have no idea why or where. The
questionnaire results showed that more people agreed to the system assisting their
understanding in computational thinking rather than code which answers that this
might possibly be a potential learning tool for computational thinking, but not
for programming. So it is possible for the idea to be both a learning tool and
a programming tool if the efforts are put into it even though it might not be a
popular programming tool due to insufficiency.
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However there might need to be a tutorial added before solving a problem to
ease the learning curve, even experienced users would limit their own possibil-
ities. This was also probably due to many facing several misinterpretations and
bugs happening as they were testing the system. However, even those who did
not encounter problems were restricting their own possibilities and did not try to
do loops or if statements unless instructed it was possible. No one found the if
statement but that can be due to there not being an obvious use for it.

4. Is it a suitable tool for general programming?

Some users with moderate experience or more deemed it easy to use but in the
long run it would be slower and it would be more desirable to switch back to
coding. To be a good tool it would need to create something faster than regular
code would. So for simple commands to be faster than code there needs to be few
words to say create bigger actions. As basic as it is now it is not a suitable tool
for general programming and would need a long learning period for a user to use
properly.

For the question if it felt easier to write natural than code most who answered
strongly agreed. Over a third of the users strongly agreed. But there were almost
half of the users that disagreed with the statement. However, there might have
been biased input based on experience as if the user has no experience it is of
course easier to write a natural sentence then to get into code. If this is correct the
system again points to be better for learning purposes than general editing.

5. Is LSTM a suitable model to this problem?

From the results in table 2 it is possible to conclude that LSTM is a suitable solu-
tion as it was able to reach accuracy as high as almost 98%. However, predicting
took several seconds which in comparison to other methods that was almost in-
stant and the loss was rather high was not a good result. Even if it was not deemed
the most optimal solution of the compared machine learning models it was still a
suitable one.

6. Is there a more suitable solution(than LSTM)?

Convolutional neural networks seems to be a more suitable solution as it had
higher accuracy, lower loss and was able to predict faster which is an important
factor for the user experience. Overall from the results gathered CNN seemed to
always be better than LSTM for this specific problem.
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6 Concluding Discussion

That the attention implementation resulted in a worse result compared to using a basic
LSTM system was unexpected. Perhaps with more data LSTM with attention could
have shown more promising results as their loss was still high. It is possible that the
used data-set was of a more ideal size for CNN that avoided being over trained but still
managed to have great accuracy. It was unexpected that CNN would prove to be the best
choice. If there would have been a wider range of data and a larger corpus, the results
might have shown LSTM to be more suitable than CNN.

In general finding a misspelled word can be quite a hassle. The most naive approach
is to compute edit distance between a selected word and the entire dictionary. While
accurate, this approach is prohibitively expensive[11]. This was not the focus of the
project but an addition to strengthen the understandable capabilities of the input to help
answer the research question. The environment was small enough for this technique
to be reliant and fast. The import called textblob would work most of the time but
occasionally try to correct a word that was not misspelled. For example ’Cut’ would
become ’But’ even despite context. So even though the corrector would strengthen the
system it could also weaken it in unpredictable circumstances.

The commands to the system are currently converted to actions that are based on verbs
being present. This type of interpretation might not be the most optimal solution for
complex code writing but perhaps enough to be a good tool for speaking and command-
ing robots.

Apart from the unexpected result there are also some thoughts remaining after the user
evaluation. The reason that most users might have found the system easy to understand
and easy to use could have been the given oral explanation prior to the test. That might
have eased the system more than if someone were to see it without help on the side.
Majority found it fun to use and found the instruction easy to understand. However
they were free to ask questions during the trial as well from the oral explanation. As
for the question, I felt that this system accurately interpreted my intention., which had a
high positive result might have had an even higher if bugs found during user evaluation
would have been found prior to the user testing. Because of the bug issues happening
and being solved during the evaluation this result showed a more positive result by the
later user than first ones. Another reason for the user feeling the system was accurately
interpreting their intentions might have been the fact that there were suggestions under
the input box from past commands. These became examples for the users that helped
then understand what kind of sentences they could put in but it might also have limited
their creativity.
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7 Future work

To continue to improve the system apart from what has been mentioned in section 6, dis-
cussion, a combination of the pntl library and neural networks could result in improved
accuracy. Having both, means getting both POS and SRL tags to compare in order to
avoid ambiguities.

This system was intended to be a limited proof of concept to be able to observe flexibility
in the English language and to try to be able to capture all types of combinations of
commands in natural language. The system made it clear that several changes need to be
made to be able to create one that converts unlimited code. To do this it would probably
be necessary to avoid using or at least limit the use of handling synonyms as there
would not be the same kinds of limits put on the coding environment. It would need a
different approach to finding suitable synonyms as trying against all possible would be
a never ending task. A possible solution to this would be to instead try to find its closest
neighbour and try against that. This would mean that in the word embedding instead of
looking through the whole possible list of actions comparing vectors the object would
be to find the closest vector to the unidentified vector word to be chosen as an action or
object.

Another functionality that would probably need to be added is feedback loops between
human and machine. This would be to assist with supplementary questions for unclear
instructions when missing some vital information or if it’s not an understandable in-
struction. To do this would, however, also mean that the system needs to have a built-in
understanding of the produced code before sending it, which it currently does not have.
Currently the case is that if it does not understand it simply sends back a message stating
it does not understand or a server error depending on input. If the command is miss-
ing information such as having only one argument to a function needing two arguments
it instead gives an empty string, or null if a function would have other types of argu-
ments. This doesn’t have to be wrong for certain functions, which makes the feed-back
loops harder to distinguish. It probably would need to be a question where the user can
proceed with the first piece of code if he or she so chooses.

For future research instead of having POS tags as the data-set it would be interesting to
build a new one out of actions and objects that can be used to remove the semantic tag
part of the system. The current situation would need to process a large corpus through
the system and save the results to be used as a data-set, as no previous data-set exists for
this application. However the SRL part of the system stopped at some vital commands,
so prior to building this kind of data-set this step would need to be solved.
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Appendix 1: Performance measurements

Figure 15: Performance result when training convolutional neural network
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Figure 16: Performance result when training Long short term memory model
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Appendix 2: Neural networks models

Figure 17: Convolutional network model
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Figure 18: LSTM network model
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Appendix 3: Questionnaire for user testing

Figure 19: Questions for user evaluation part 1.
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Figure 20: Questions for user evaluation part 2.
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Figure 21: Questions for user evaluation part 3.
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Appendix 4: Answers of questionnaire in user test-
ing

Figure 22: Answers of user evaluation part 1.

Figure 23: Answers of user evaluation part 2.
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Figure 24: Answers of user evaluation part 3.
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Figure 25: Answers of user evaluation part 4.
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Figure 26: Answers of user evaluation part 5.
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Figure 27: Answers of user evaluation part 6.
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