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Abstract

In this paper, we apply a simple NLP (natural language processing) technique to the problem of extracting a summary from a text. The method used is based on the TextRank algorithm, which extracts the most important sentences out of a text, by ranking them using a score that is calculated based on how interconnected the sentences are in the context of the keywords they contain. In order to do this we use the TF-IDF (term frequency, inverse term frequency) technique The world wide web contains an incredible amount of articles and it becomes harder and harder to filter out the ones that we need from the ones that we don’t. Search engines also show related ideas, so if we are looking for something very specific from a subdomain, then getting an idea of what an article is about before reading it can be quite helpful and time saving. Though, we need a way to automatically extract this summary, because doing it by hand defeats the purpose of finding the information that we need faster. 
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1. Introduction

1.1 Problem description & Aim

In our day and age there are an increasing number of articles about any topic on the internet. There is vast information and a plethora of sources. All of which is amazing. We can learn about almost anything we want and we can develop skills in any kind of areas we desire, from fitness and sports to painting and music, to mathematics and computer science. But, there is a huge problem in this free space of information that is continuously growing. The information is so vast that it can be hard to pick the subset we need. When we search for a specific sub-topic, or a specific question from that sub-topic, we can be flooded with an incredible amount of information that we don't need, because the search engine can give us related topics, or big articles that have our question hidden somewhere between their lines. Sometimes a question can be so particular that we have to go through twenty or thirty articles until we answer it. Not to mention all of the wrong information. The biggest advantage of this entire platform is the internet, namely the freedom it provides comes together with its biggest disadvantage, which is miss-information. Everyone has the right to write articles, and everyone has the right to express their opinion, which is a great and amazing thing. But people, for different reasons, write factually invalid articles. Some of them try to help, but are not knowledgeable enough about a topic and thus the information they give is wrong. Sometimes the content of an article is correct but its structure and order of ideas make it almost impossible to understand. Sometimes the content is correct, but the title is wrong or misleading. Other times we may search for a specific level of information. Maybe we want a very high level overview, or we want a plain language explanation, or maybe an extremely in-depth scientific article.

The problem is that, depending on what we are looking for, sometimes it's hard to get the information that we want, in a reasonable amount of time. To shorten that time and to make information easier to access and digest, I propose the following project: Text Summarizer. The purpose of this project is to make information search easier, by making it easy to filter out what we don't need. If we have a project that can extract the most important ideas of an article or any other text on the internet, then we have a way to go through complex and vast articles in a short amount of time. And that enables us to filter out the texts which we don't need. For example, if we are searching for an overview of what a good diet should look like, a diet that provides all needed nutrients, and we want to know some small details, such as how many grams of protein we should eat per day and how much fat is healthy to eat. Then we could easily understand, through its summarized version, that an article talks too much about the psychological ideas behind a healthy diet, or that it goes into deep scientific explanations about how the human body works, or that it's not scientific at all and it's just someone's opinion, and filter it out in a matter of reading four to five sentences. We can easily read the tone and the level of information of an entire article through reading its main ideas.

This project also helps learn general ideas about a topic. Maybe we will find a very good article about the history of a country. But it goes into a bit too many details compared to what we are looking for. Then, we can simply extract its top 50% ideas and only read them. We can acquire general knowledge about all types of topics. For example we are going to meet with someone who likes surfing a lot, but we don't know almost anything about this sport. Instead of reading the wikipedia page about surfing, we can use this project and read the summary of 10 articles in that time and have a pretty good foundation of general ideas in order to have a conversation with that person.

1.2 Motivation

I find this project to be interesting, because the idea of using programming and mathematics in order to simplify the process of acquiring knowledge and learning about the universe we live in is fascinating. We apply our most advanced type of technology onto our most archaical and most important ability, language, which is the thing that developed the human species and set it at the top of the food chain. It is also the trait upon which we developed our most beautiful ideas and the way which enabled us to bring art into this world.

2.3 Structure of the project
The project is structured in two main parts: the user interface and the backend. The UI is a simple and intuitive interface that lets the user open a text file or paste a copied text and then press a button from the menu that computes the summary. The backend is composed of one main class, called `Summarizer` which has a method for returning the summary, one for doing the NLP computation and other helper methods that make the NLP computation code cleaner and easier to read. A few such functions are `get_cosine_of_two_vectors` or `get_number_of_sentences_that_have_word`. I go through an in depth explanation of the structure and functionality in the implementation section.

2. Research
2.1 Research Methodology & Philosophy
	Given the fact that my project is relatively simple and straightforward, I only needed to read a few articles about the problem domain and literature background in order to get an idea of how I should proceed with my implementation. Thus, my research section will be relatively small. This is not a complex machine learning paper that requires the explanation of how training data was processed and prepared, of how a population was sampled or how data was generated and analyzed and how experiments were conducted. This is also not a study that tries to understand something about a population. This is a simple project that extracts the summary of a text.
It was in no way a simple task for me, and I learned a lot on the journey, both about the technical part and about the way in which one should conduct research, as this was the first time when I had to research this much in order to concretize an idea.
My idea was to build a project that inputs a text and outputs the summary of that text. At first, I had no idea on how I could build such a project. So I decided to read a few articles and get a general idea on how such projects work. I learned that there are numerous techniques, some including neural networks and extremely complex algorithms. Some of them claim to get to an understanding of the underlying ideas behind the text and then being able to output some new sentences, constructed according to the main ideas of the text, in a readable, semantically and syntactically correct manner. I do not presume to yet have the knowledge and experience to completely understand and innovate those projects. There is a lot for me to learn, and I want to develop my skills. But I don't think jumping straight into the most advanced and complex projects (state of the art) has any learning benefits, as I need to first understand and learn the basics. As such I chose a more modest approach, which would provide a well rounded learning experience for myself and I focused on the simpler methods that achieve the task of computing a summary.
2.2 Background reading
After further research, I concluded that the simpler techniques try to split the text into subsets and extract the most important ones. They don't presume to understand the complete meaning behind the text, but rather just try to calculate which sentences are the most important through various methods.
One source of inspiration is the TextRank algorithm, which was developed by the University of Texas and which is inspired by Google's PageRank project. In the following sections, I focused on giving concrete citations to the articles describing the algorithms and techniques used. I described the techniques in my own words in the Design & Implementation  section.

2.2.1 PageRank 
         It is named after both the term "web page" and co-founder Larry Page. PageRank is a way of measuring the importance of website pages. According to Google, PageRank works by counting the number and quality of links to a page to determine a rough estimate of how important the website is. The underlying assumption is that more important websites are likely to receive more links from other websites. Currently, PageRank is not the only algorithm used by Google to order search results, but it is the first algorithm that was used by the company and it is the best known. [1],[2],[3]
          Mathematical PageRanks for a simple network are expressed as percentages. (Google uses a logarithmic scale.) Page C has a higher PageRank than Page E, even though there are fewer links to C; the one link to C comes from an important page and hence is of high value. If web surfers who start on a random page have an 82.5% likelihood of choosing a random link from the page they are currently visiting, and a 17.5% likelihood of jumping to a page chosen at random from the entire web, they will reach Page E 8.1% of the time. (The 17.5% likelihood of jumping to an arbitrary page corresponds to a damping factor of 82.5%.) Without damping, all web surfers would eventually end up on Pages A, B, or C, and all other pages would have Page Rank zero. In the presence of damping, Page A effectively links to all pages in the web, even though it has no outgoing links of its own. [4]
[image: ]
Figure 1. Page Rank Graph [14]

Assume a small universe of four web pages: A, B, C and D. Links from a page to itself are ignored. Multiple outbound links from one page to another page are treated as a single link. PageRank is initialized to the same value for all pages. In the original form of PageRank, the sum of PageRank over all pages was the total number of pages on the web at that time, so each page in this example would have an initial value of 1. However, later versions of PageRank, and the remainder of this section, assume a probability distribution between 0 and 1. Hence the initial value for each page in this example is 0.25. [4]

2.2.2 TextRank
Graph-based ranking algorithms like Kleinberg’s HITS algorithm (Kleinberg, 1999) or Google’s PageRank (Brin and Page, 1998) have been successfully used in citation analysis, social networks, and the analysis of the link-structure of the World Wide Web. Arguably, these algorithms can be singled out as key elements of the paradigm-shift triggered in the field of Web search technology, by providing a Web page ranking mechanism that relies on the collective knowledge of Web architects rather than individual content analysis of Web pages. In short, a graph-based ranking algorithm is a way of deciding on the importance of a vertex within a graph, by taking into account global information recursively computed from the entire graph, rather than relying only on local vertex-specific information. Applying a similar line of thinking to lexical or semantic graphs extracted from natural language documents, results in a graph-based ranking model that can be applied to a variety of natural language processing applications, where knowledge drawn from an entire text is used in making local ranking/selection decisions. Such text-oriented ranking methods can be applied to tasks ranging from automated extraction of keyphrases, to extractive summarization and word sense disambiguation. [5]
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Figure 2. TextRank Graph [5]
Intuitively, TextRank works well because it does not only rely on the local context of a text unit (vertex), but rather it takes into account information recursively drawn from the entire text (graph). Through the graphs it builds on texts, TextRank identifies connections between various entities in a text, and implements the concept of recommendation. A text unit recommends other related text units, and the strength of the recommendation is recursively computed based on the importance of the units making the recommendation. For instance, in the keyphrase extraction application, co-occurring words recommend each other as important, and it is the common context that enables the identification of connections between words in text. In the process of identifying important sentences in a text, a sentence recommends another sentence that addresses similar concepts as being useful for the overall understanding of the text. The sentences that are highly recommended by other sentences in the text are likely to be more informative for the given text, and will be therefore given a higher score. An analogy can be also drawn with PageRank’s “random surfer model”, where a user surfs the Web by following links from any given Web page. In the context of text modeling, TextRank implements what we refer to as “text surfing”, which relates to the concept of text cohesion (Halliday and Hasan, 1976): from a certain concept  in a text, we are likely to “follow” links to connected concepts – that is, concepts that have a relation with the current concept (be that a lexical or semantic relation). [5]


2.2.3 TF-IDF
After further research, I found a new technique, called TF-IDF, which stands for Term Frequency - Inverse Document Frequency
In information retrieval, tf-idf (also TF*IDF, TFIDF, TF-IDF, or Tf-idf), short for term frequency-inverse document frequency, is a numerical statistic that is intended to reflect how important a word is to a document in a collection or corpus. It is often used as a weighting factor in searches of information retrieval, text mining, and user modeling. The tf-idf value increases proportionally to the number of times a word appears in the document and is offset by the number of documents in the corpus that contain the word, which helps to adjust for the fact that some words appear more frequently in general. Tf-idf is one of the most popular term-weighting schemes today. A survey conducted in 2015 showed that 83% of text-based recommender systems in digital libraries use tf-idf. [6], [7]
Variations of the tf-idf weighting scheme are often used by search engines as a central tool in scoring and ranking a document's relevance given a user query. Tf-idf can be successfully used for stop-words filtering in various subject fields, including text summarization and classification. [8]
Term frequency
Suppose we have a set of English text documents and wish to rank them by which document is more relevant to the query, "the brown cow". A simple way to start out is by eliminating documents that do not contain all three words "the", "brown", and "cow", but this still leaves many documents. To further distinguish them, we might count the number of times each term occurs in each document; the number of times a term occurs in a document is called its term frequency. However, in the case where the length of documents varies greatly, adjustments are often made (see definition below). The first form of term weighting is due to Hans Peter Luhn (1957) which may be summarized as. The weight of a term that occurs in a document is simply proportional to the term frequency. [8], [9]

Inverse document frequency
Because the term "the" is so common, term frequency will tend to incorrectly emphasize documents which happen to use the word "the" more frequently, without giving enough weight to the more meaningful terms "brown" and "cow". The term "the" is not a good keyword to distinguish relevant and non-relevant documents and terms, unlike the less-common words "brown" and "cow". Hence, an inverse document frequency factor is incorporated which diminishes the weight of terms that occur very frequently in the document set and increases the weight of terms that occur rarely. Karen Spärck Jones (1972) conceived a statistical interpretation of term-specificity called Inverse Document Frequency (idf), which became a cornerstone of term weighting. [10]




2.3 Other techniques in literature
A new sentence similarity measure and sentence based extractive technique for automatic text summarization
The present study investigates the cost concerns of distribution centers and formulates a vehicle routing problem with time window constraints accordingly. Based on the embedded structure of the original problem, a decomposition technique is employed to decompose the original problems to a clustering problem (main problem) and a set of traveling salesman problems (sub-problems) with time window constraints. This decomposition not only reduces the problem size but also enable the use of simpler solution procedures. A genetic algorithm is developed to solve the clustering problem, while a simple heuristic algorithm is formulated to solve the set of traveling salesman problems. The solution of the original problem is obtained through iterative interactions between the main problem and the set of sub-problems. The performance of the proposed approach is compared with the well-known insertion method and a manual scheduling of a distribution center. [11]

Multiple documents summarization based on evolutionary optimization algorithm
This paper proposes an optimization-based model for generic document summarization. The model generates a summary by extracting salient sentences from documents. This approach uses the sentence-to-document collection, the summary-to-document collection and the sentence-to-sentence relations to select salient sentences from given document collection and reduce redundancy in the summary. To solve the optimization problem has been created an improved differential evolution algorithm. The algorithm can adjust crossover rate adaptively according to the fitness of individuals. We implemented the proposed model on multi-document summarization task. Experiments have been performed on DUC2002 and DUC2004 data sets. The experimental results provide strong evidence that the proposed optimization-based approach is a viable method for document [12]

Query-focused multi-document summarization: automatic data annotations and supervised learning approaches
In this paper, we apply different supervised learning techniques to build query-focused multi-document summarization systems, where the task is to produce automatic summaries in response to a given query or specific information request stated by the user. A huge amount of labeled data is a prerequisite for supervised training. It is expensive and time-consuming when humans perform the labeling task manually. Automatic labeling can be a good remedy to this problem. We employ five different automatic annotation techniques to build extracts from human abstracts using ROUGE, Basic Element overlap, syntactic similarity measure, semantic similarity measure, and Extended String Subsequence Kernel. The supervised methods we use are Support Vector Machines, Conditional Random Fields, Hidden Markov Models, Maximum Entropy, and two ensemble-based approaches. During different experiments, we analyze the impact of automatic labeling methods on the performance of the applied supervised methods. To our knowledge, no other study has deeply investigated and compared the effects of using different automatic annotation techniques on different supervised learning approaches in the domain of query-focused multi-document summarization. [13]

3. Design and Implementation
3.1 Introduction
Our input is a text, and our desired output is the summary. In order to build a project capable of achieving this, we need a way to read the given text, to process it, to extract its most important sentences and then to show them to the user. I chose to use python for this task as it's a great language for processing text and making mathematical calculations. As for how to achieve this, according to my research, a relatively simple machine learning model for language processing should give reasonably good results. The model I chose is inspired by google's Page Rank and uses the TF-IDF technique. I discussed its advantages and the reason for why I chose it in the research section.
In order to compute a summary from an initial text, we need a mechanism that is able to split the text into sentences, highlight the key words (by calculating a score upon every single word in the text) and then rank the sentences based on how interconnected they are with each other, considering the key words contained within them.
[image: ]
Figure 3. Mechanism Flow
3.2 Programming language

I chose python for the programming language, because I believe it's the best language for processing text and implementing data science oriented projects, in our case, a simple natural language processing (N.L.P.) model. That is because python focuses a lot on the user experience of the programmer, making it easy to read and understand by having on the surface only the most relevant information. While it takes away some control over the flow of the code, I think it makes it up for that with its advantages. There is incredible support for this language, having a lot of open source libraries and free tutorials available. Unlike C++ for example, python automatically takes care of garbage collection, and hides the functionality of the pointers, things which would complicate my project and not provide substantial efficiency advantages, as the project is relatively simple. It is also the most intuitive language for a beginner.

3.3 High level explanation of the implementation
The way the project is designed to function is the following. We split a text into sentences. Then we analyze the words from those sentences and see how important each word is in the context of its sentence and then in the context of the entire text. We create a vector for each sentence that has one cell for each word in the text and the value in that cell is the score of that word in regards to the current sentence multiplied by its score of importance in the entire text.
Each sentence is now represented by a vector of features. This enables us to build a graph model in which the nodes are represented by the sentences, and the edges are the distance between the vectors of those sentences. A way to calculate this distance is to use the fact that we can represent them in an Euclidean space and calculate the cosine between the vectors [1]. If two sentences have the cosine 0, then they are "perpendicular" upon each other and thus extremely different (we don't use negative numbers in the scores of each word/feature and thus we can't have opposite vectors which would produce a cosine of -1) . If the cosine is 1, then the sentences are most likely similar in terms of the idea expressed, or at least the words used to express that idea .
Now that we have the graph constructed, we can calculate the importance of each sentence by adding up all of the edges connected to that node/sentence and compute a sentence score. All that is left is to sort the sentences based on their scores and select the top percent that we need. The user can choose if he wants the top 20% sentences or the top 10 sentences for example. A relatively small text can be summarized by extracting its top 20% sentences, but a very big one would be better understood with its top 10 sentences. The last step is to sort the sentences again, based on their original place in the text, in order for the summary to make sense.


3.4 In-depth explanation of the project
3.4.1 Back-end
3.4.1.1 Introduction
Our input is a text, our desired output is the summary. The input is represented by an ascii encoded string and sent from the interface through the get_summary() method which calls compute_summary(). The compute_summary() method receives a string that contains our entire text, and computes a list that represents the indexes of the sentences, ordered by their importance in the text. It then selects the top n sentence indexes in the list `summary_indexes` - n is calculated depending on the `percent` parameter, for example it can get the top 20% sentences or the top 10 sentences and it can never be less than 3. After that, the function iterates through the original text sentences and constructs the summary by appending to itself (initially `summary` is an empty string) the sentences with an index that is in the `summary_indexes` list. We do this artifice because we want to keep the original order of the sentences, so that the summary makes sense. Thus, the output is returned in the `summary` variable, as a string.
There is a use case in which the user may want to reconstruct the summary, but with a different number of top sentences. In order to avoid re-computing the entire calculation in the compute_summary(), we save its result in a very basic cache, from which we just extract the desired number of top indexes the next time we want the summary. We re-compute only if the given text is different.

3.4.1.2 Computing the summary
The first thing that we need to do is to split the text into sentences. We do this by assuming each sentence ends with a ".", and use the in-build python method `split()`. We then want to remove the other punctuation and orthography symbols, as well as the step words such as "the", "and", "or". While this is important information for the meaning of each sentence, it can add unwanted complexity for our model. We want to highlight the key words and then use them to score each sentence based on how interconnected they are. As such, step-words, punctuation symbols and orthography symbols would mostly get in the way, make the program slower and maybe make it less accurate. In short, we simplify the problem in hopes of better accuracy from the model.
After this, we need to calculate the TF and IDF score values of each word in the text. First, we will create the set `words`, in which we will store each word in the text. We use a python set, because this way we remove duplicates. 
TF is a score which represents how relevant a word is in the context of a sentence. I computed it by dividing the number of occurrences of a word in a sentence by the number of words in that sentence.
IDF is a score which represents how common or rare a word is in the context of the entire list of sentences. I computed it by dividing the total number of sentences by the number of sentences that contain the word and then getting the logarithm of this value. This way, for a very common word we get a value of 0 for a word that appears in every single sentence and a value of log(number_of_sentence) for a word that appears only once.
For the TF score we use a list of dictionaries. One list for each sentence, the key of the dictionary is the word and the value is the TF score of that word in the context of the given sentence. 
For the IDF score we use a dictionary in which the keys are the words and the values are the IDF scores of that word (IDF does not require the extra context of a sentence, because it's calculated upon the entire text).
The final TF-IDF score is calculated by multiplying both TF and IDF values for each word in the context of every sentence. In order to store this information we choose to use a matrix called `tf_idf`, in this matrix, the rows represent the sentences and the columns represent the words. As such, `tf_idf[sen1][word1]` contains the final score TF-IDF of a the word `word1` in the context of the sentence `sen1`. `tf_idf[sen1][word1] = tf[sen1][wor1] * idf[wor1]`. If the sentence does not contain a word, the value will be 0. We have constructed a data structure that contains information about how relevant each word is for every sentence. In a sense, we have a data structure that holds information about the key words of the text, but we need a way to calculate how interconnected the sentences are and create a top. To do this, we have to observe the fact that each sentence that is represented in this matrix as a row is a vector, and therefore our matrix is a list of vectors. 
[image: ]
Figure 5. Matrix representing sentences and words [15]

[image: ]
Figure 6. Each sentence (row) in the matrix is a vector of word scores
The dimension of one vector is the number of words in the entire text, and its components can be interpreted as features of an object from the class of sentences. All vectors in this list have the same dimension, and every feature represents the same word score for every object. Therefore, we can represent the vectors in an n-dimensional Euclidean space and compute their distances. We have two choices. We can compute the distance between the "tips" of the vectors, or we can calculate the angle between them. Both are relatively easy to compute. Though, two sentences can have similar meaning, containing similar keywords but one of them being larger than the other, or containing the same key-word multiple times. In this case, the distance between the vectors would be reasonably big, but the angle will still be relatively small (take for example `v` and `2v`, the distance between them is `|v|`, but the angle is 0). Thus, I decided to compute the angle.
In order to calculate the angle, we can use the formula cos(a) = (v dot w) / (|v| * |w|) where dot is the scalar product.
Using this formula it's relatively easy to compute the cosine, we have all of the information we need, and we only need multiplications and additions. We don't need to calculate the angle itself, because we can use the cosine as is for what we need next. If the cosine is 1, it means the angle is 0 and thus the vectors are very similar. The biggest angle we can get between these two vectors is in theory 180 degrees for a cosine of -1, but our vectors only contain positive numbers, thus the dot product can only be positive (the magnitudes are always positive). As such the minimum value of our cosine can be 0 degrees, for perpendicular vectors. If two sentences have the cosine 0, then they are "perpendicular" upon each other and thus extremely different. If the cosine is 1, then the sentences are most likely similar in terms of the idea expressed, or at least in terms of the words used to express that idea.
[image: ]
Figure 7. Angle between two vectors in 3d [16]
At this point, we want to construct a graph model, in which every node represents a given sentence and the edges are the distances between the nodes they connect. The graph will be a fully connected one, and the value on the edges will be given by the cosine of the vectors which represent the sentences of the two nodes they connect. 
In order to represent our graph in a language understood by the computer, I chose to use an adjacency matrix, which is a square matrix where the elements of the matrix have a value of zero if the two nodes it represents are not connected, and a value different than zero if the nodes are connected. The value in this non zero cell is equal to the value on the edge connecting the two nodes - the distance between the two sentences represented by the nodes. `Matrix[10][20] = 0.5` would mean that the 10th and 20th sentences have a score of similarity equal to 0.5. If the value is 0, it does not technically mean that the nodes are not connected, since we work with a fully connected graph, but rather that the similarity between the two sentences represented by the nodes is 0.
The entire mechanism is built on top of the idea that we want to highlight key words, see how interconnected the sentences are based on these keywords, and then somehow rank those sentences based on how connected they are to the rest of the text. In order to achieve this, a reasonable solution would be to look at our graph and determine how interconnected a sentence is by adding up all of its connected edges. We do this by adding up all of the values on the edges and thus see how similar this sentence is with all the others, or in other words, we determine the total score of similarity of a sentence in regards to the entire text, by extrapolating their meaning through making a score of difference on vectors in which keywords have a higher importance
In my research I discovered that this technique is used by clustering algorithms such as DBSCAN to highlight core entities in their clusters. The most interconnected entities are determined to be the core of the cluster. In a sense our problem is also a clustering problem, where we cluster the most important sentences together through our grap model.
3.4.2 User interface
[image: ]
Figure 4. User Interface

3.4.2.1 Functionality
For the user interface, I have decided to go with a simple implementation of a notepad-like style, that has two boxes of text, one for the input, and one for the output. The interface allows the user to paste the desired input text into the text box, or to open a text file that contains the input - file which would be read and its contents automatically placed into the input text-box. I believe this approach to be a very intuitive and straightforward way for the user to get their desired output. They just need to select a text, copy it, paste it in the application and then press one button, wait one second and there's their summary. 
The UI allows users to save the computed summary into a text file in order to maybe read it later, or save their findings if they are trying to research a topic. Due to the amazing API and tutorials provided by PyQt5, it proved to be quite easy to also implement a printing function. The user can choose to print the summary on paper directly from the application and read it in physical format, if that is easier for them.
The summary function is implemented both through a direct button in the tool-bar, and through a drop-down menu-bar which opens multiple options for the summary. These options are: top 20% sentences, top 5% sentences, top 10 sentences and top 3 sentences. I believe it's very important for the user to be able to choose how many sentences they want to extract. A variable can be given by the fact that some people will maybe want a very concise and short summary, while others will still want a few details. Another variable is the length of the initial text. If it only contains 20-30 sentences, a summary of 3 sentences would be a better option than a summary of 10 sentences. For users who don't want to bother with such details, they can choose the 20% option.
While I have a very simple and modest user interface, I believe it is sufficient for achieving the task at hand, and that it provides a simple and intuitive approach for the users to fulfill their needs. That being said, there is without doubt a lot of room for improvement, which I intend to work on in the future.
The starting of a python program can be pretty difficult for someone who has no programming experience. They would have to install the python language, install all required libraries such as numpy and pyqt5 and then run the program through a batch file, start it through python from the console or make a setting for files with the ".py" extension to be run as scripts directly, instead of opened with an editor. An inexperienced user may get annoyed with all of those requirements and maybe even doubt the safety of the program. Thus, I researched the problem online and found out that one of the best solutions is to use pyinstaller, which is a program that builds a windows executable file from the python script, including all of its external dependencies (libraries such as numpy) in one executable file, which only needs to be sent to the user and then pressed double click on.

3.4.2.2 UI Implementation
Choosing to build the back-end in python for the reasons given above, I believe it is most sensible to also build the interface in python, as this is the easiest way to link them together; just import the back-end class from the UI code file and call the function to compute the summary when the button from the UI is pressed.
The implementation architecture is relatively simple. I have a `MainWindow` class which will be tied to the `QApplication` object in the "main" function of the project. The `MainWindow` consists of nine methods and a few other initialized objects of helper classes. The first thing that we have to do is set the geometry of the UI, which means how big it will be in regards to resolution, and where on the screen it will appear. The screen can be interpreted as a cartesian system, with the y axes upside down and the (0,0) point in the upper left corner. Thus, assuming most users have a 1920/1080 resolution, I decided on a geometry of `setGeometry(0, 0, 600, 400)` which means the application will start in the upper left corner, and will have a width of 600 pixels and a height of 400. The next building blocks of the application are the `QPlainTextEdit` objects, which represent the two main windows in which the user writes (pastes/opens) the input and reads the output. The two "widgets" are inserted into the `QHBoxLayout` object which simply arranges them left to right. The input box is on the left, and the output box on the right. Next are the tool-bar and the menu. The tool-bar contains the open file, save file, print and summary actions. The Menu contains more options for the summary. The summary is computed through the object `Summarizer()` which is an instance of the class defined in the backed file.
The open action allows the user to open a given text file, and the program will automatically read the contents of that file and load them into the input `QPlainTextEdit` box. 
The save action will save the computed summary at a given path on the disk - if the summary is not computed yet, the contents of the file will be empty. If the path does not exist, the "save as" action will be called, in which a new file is created, and if the file already exists on the disk, then it will be overwritten.
The print action opens a pop-up which lets the user choose their printer and their printing options in case they want a physical format of the summary.
The backend is linked to the UI through a simple mechanism. We use lambda functions that are connected to the "summary" actions from the toolbar and the menu bar. This is achieved by using the PyQt5 API. example: 
`summary_action10.triggered.connect(lambda : self.get_summary(10,False))`
where `self.get_summary` is defined as follows:
`def get_summary(self, nr, p):
    	    summary = self.summarizer.get_summary(self.editor.toPlainText(), nr, percent = p)
    	    self.editor2.setPlainText(summary)`
The way it works is by calling the summarizer's get_summary function, which returns a string containing the most important sentences, and then showing them in the second `QPlainTextEdit` box. The percent parameter is a boolean parameter which switches the option to return a percent of the initial number of sentences or a given, predefined number. `nr` is the number of sentences that have to be returned, either in percent format or in count format.

4. Testing and evaluation
The formulation of a clear error function in order to evaluate the model can be quite difficult in our case. We could try to manually extract the most important sentences of a text and then see how different the algorithm's ranking is compared to our manual ranking. We would validate the model against human labeling. But we would need a significant amount of data in order to achieve an accurate result. Creating this data-set by hand could take hundreds of hours. If we had the data-set, one way to compute this error function could be: take the manually constructed ranking of sentences, extract the model's ranking and then take each sentence and its rank and calculate a difference for the top 50% sentences or so. We would only need the top 50% because the accuracy of the algorithm does not matter for the lower ranking sentences and taking them into account could result in a worse error function. The way in which we would compare the two rankings is the following: We go through each sentence from the manual ranking and then see how far away the model calculated that sentence to be. 
Example:
· manual ranking of sentences:         30, 10, 5, 100, 31, 1 ...
· algorithm's ranking of sentences:   10, 5, 30, 100, 31, 2, 1
· then the difference would be:         2 + 1 + 1 + 0 + 0 +1 =  5
We could further divide the score to the total number of sentences in order to avoid higher accuracy scores for smaller texts.
We can subtract this score from 1 and then that's our accuracy. Another way would be to simply count the number of correctly ranked sentences, but that would count a sentence that is misplaced by only one index to be as non accurate as a sentence being placed 100 ranks away.
If we had such a data-set, we could also tune the hyper-parameters of our distance function. At the moment we assume each feature in our n-dimension vector to have the same relevance as all the others, when in reality some words - which represent features - may be significantly more relevant than the others.
As such, given our lack of a complex data-set, I decided to manually appraise the model. I run a reasonable amount of articles through the algorithm, I read and understood them, and then I checked if the output summary matches the main ideas of the text, which it does. I can make the affirmation that, according to my anecdotal and empirical evidence, the constructed model brings satisfactory results with a good accuracy.



5. System Requirements
5.1 System Requirements
	The project is designed to work on any computer. It is not a resource-heavy algorithm that will consume all CPU usage which can only work on high end computers. The most complex operation is calculating the cosine of two relatively large vectors, which can take up to 10-20 seconds for very large texts, but generally is done in less than 2 seconds. The highest time complexity in the project is O(n^2*m), when the algorithm wants to calculate the cosine between each vector. There is one vector for each sentence and each vector has a size equal to the number of words in the text. Thus, if n is the number of sentences and m is the number of words, the time complexity of our algorithm is O(n^2*m). As the memory consumption of the project, we only require O(t+n*m) extra memory, where t is the size of the text (number of letters), in order to store a copy of the original text, to split the text into sentences and to create some data structures for every word and sentence in the text (n is the number of sentences and m is the number of words).

5.2 Software requirements
The user is not required to install any additional program, as I have used the application pyinstaller in order to create a windows executable and relieve the user of the need to install the extra libraries that I used or to install python. If the user is using a Mac or Linux machine, unfortunately I have not implemented a way to run the project directly through an "executable", but that is for my future work.

5.3 Hardware requirements
The user only requires a working Windows Laptop or computer in order to run the application.

6. Risk Analysis
Given the fact that my project is relatively simple and does not involve complex pipelines or software architectures, relies only on a minimal amount of outside libraries, runs on a single thread and on a single machine, I can say that it's fairly stable and that I have not encountered any crashes so far. I have stress tested it with huge inputs, and as long as the text's size is reasonable (not 100GB of text), the program behaves well. If the program somehow crashes, the computed summary will be lost unless it was saved. Using backups to automatically save it could hinder the users so I decided not to. It's the same principle used in most other text editor programs. If you don't save your work in progress from your Microsoft Word document and somehow it crashes, you lose your progress. Therefore, I implemented a way for the user to save their computed summary or even print it.


7. Conclusion
The project I worked on was relatively simple, but considering my level of knowledge and experience when I started working on it, I think that it was a reasonable challenge and a big learning experience for me. I learned a lot about NLP (natural language processing) techniques, I learned how a summary can be extracted from an article, by using algorithms, which seemed almost magical and impossible at first. I also had the big opportunity to revisit highschool mathematics and relearn vectors, matrices, angles between vectors, dot products. I had the opportunity to put into practice a lot of computer science concepts, such as graphs, caches, matrices, dictionaries and many other things.
This was the biggest project that I have worked on so far, and I learned so much on the journey of building it, and I am so grateful for having the opportunity to go through such a learning journey. Thank you.

8. Future Work
While I have achieved my original goal of researching and implementing a project capable of outputting the summary of a given text, there is a lot of room for improvement and new features. One such feature would be the functionality of opening a text directly from an URL link. To do this I would have to make a get request to the website and somehow extract only its text from the article. Another idea would be to implement this project as a Google Chrome add-on and allow the user to directly extract the summary of an article, maybe allow them to select the portion of the text that they want to summarize.
Improving the current user interface is without a question one of the future objectives, as it currently is only a very simple and basic interface, which allows no customization. I also intend to research a way to make the project be able to run without installing dependencies (external libraries and the python programming language) on linux or mac machines. I would also like to implement a way to open .doc or .pdf files directly from the interface. There is one current functionality problem: the algorithm is built on top of the assumption that the text is grammatically correct and does not have wrong punctuation. I want to find a way to overcome this and try to transform an incorrectly written text into a correct one before outputting the summary.
Now that I have started to develop a basic understanding of the natural language processing techniques used to summarize text, I would like to dive deeper into this subdomain and read more research and try other, better and more sophisticated techniques for computing a summary.
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10.2 Gantt charts
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