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ABSTRACT 

 

The assembly of poems is increasing day by day on internet. A prodigious amount of data 

sets available on the Internet. However, labeling poems is a very important task. The work 

in this paper is aimed to find a tagging solution using Bidirectional Long Short-Term 

Memory Recurrent Neural Network (BLSTM-RNN) that appeared to be very effective for 

modeling sequential data. To improve the specific functions cautiously optimal for each 

task, our solution only uses single set of task-independent features. Utilizing task specific 

information and advanced feature engineering, our proposal delivers almost state-of-the-

art performance in predicting tagging tasks. 
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CHAPTER 1 

 

INTRODUCTION 
  
1.1 Introduction 

 

Poem is a type of composition or artistic writing that attempts to stir a reader's imagination 

or emotions [1]. There are thousands of poems from different poets, the writer in the online 

platform. It is very essential to sort them based on their genre and keywords. We need to 

extract the data from online; however, most of the tools or methods are created for gaining 

information from the article, and poems that are not very effective at all. For poems, our 

focus is to ensure a better tagging so that people all over the world can easily find any poem 

regarding their choice. The noisy nature of user tags makes tag prediction a truly 

challenging task. 

As an introduction to this thesis, this chapter aims to provide some context to explain some 

of the motivations and challenges regarding the tag prediction of the poem. Section 1.2 

describes some of the circumstances behind the appearance of the problem, and why it 

should be solved. Section 1.3 follows with a description of the problem, and what has been 

done to solve it. Section 1.4 presents the main objectives our thesis seeking for 

accomplished. Lastly, Section 1.5 provides an outline of the rest of the paper. 

 
1.2 Motivation 

 

There are thousands of poems from different poets, the writer in the online platform. It is 

very essential to sort them based on their genre and keywords. We need to extract the data 

from online; however, most of the tools or methods are created for fetching information 

from the article, and poems that are not very effective at all. For poems, our focus is to 

ensure a better tagging so that people all over the world can easily find any poem regarding 

their choice. 
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1.3 Context 

 

1.3.1 Tag prediction 

 

Tag prediction is the task of predicting a set of tags from the given content. It is closely 

related to that of automatic text annotation, especially in the research field, where the line 

between them seems to be largely obscured. One difference worth pointing out is that 

automatic text annotation’s main goal of attaining categorization opts for tags at a higher 

semantic level, rather than accounting for the users’ individual differences in tag 

conceptuality. This noisy nature of user tags makes tag prediction a truly challenging task 

and remains an unsolved problem. 

 

1.3.2 Definition of Tag 

 

Most definitions of the word tag share a similarity; that it is a label designed to provide 

information about someone or something. In Social Networking and Media, these are 

called hashtags because of the hash character ’#’ used in front of them. These tags allow 

for content categorization and marking which makes it available for later retrieval. 

However, since the problem of tag prediction is looked at from the angle of using social 

media and some other archive like the poem, the fact that what is attempted to predict is 

something user-generated to be more specific. This creates a random variable in the process 

of predicting tags of content because one has to deal with the individual’s interpretation of 

what an object is or means. For example, a necklace to some might be only "necklace", 

while to others the label "heirloom" may apply as well. Hung et al. (2008) [2] define tags 

as the semantic concepts that an object activates in a cognitive sense, which is the definition 

stuck to throughout the thesis. 

 

1.4 Research Questions 

 

The goal of being able to extract usable knowledge and predict tag accurately from user-

generated poems is formalized into the following main research question: 

 

RQ: How to predict poem tags from the given dataset? 
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To help answer this question and accomplish the research goals, three sub-questions are 

defined: 

 

RQ1: How to predict tags using BLSTM-RNN? 

RQ2: How to use word-embedding models to help predict tags? 

RQ3: What source of the text is better for training the word embedding models? 

 

1.4 Expected Outcome 

 

 

 Being able to predict the tag of poems more accurately using deep learning models. 

 Finding out the most used tag of poems in terms of different genres and categories 

of poems. 

 

 
1.5  Layout of Report  

 

Our thesis report is organized as follows:  

 

 Chapter One includes introduction to our project, motivation, research questions, 

and expected outcome. 

 Chapter Two includes “Background”, related works, research summary, and 

challenges. 

 Chapter Three includes Research Methodology. 

 Chapter Four includes Experimental Results and Discussion. 

 Chapter five includes Summary and Conclusion. 
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CHAPTER 2 

 

BACKGROUND STUDY 
 
2.1 Introduction 

 
 

To gain some perspective on the research field and its main challenges, a literature survey 

is performed on tag prediction based on poem classification. First, the works considered 

the most similar to the work in this thesis are discussed in section 2.2. In Section 2.3, we 

will give a summary of our related works. In the challenges section, we will discuss how 

we can increase our accuracy. 

 

2.2 Related Works 

 

There are several works have done relating to our research. Kumar et al. (2014) [3], 

categorized poems by tag using machine-learning algorithm NB, KNN, SVM accuracies 

and got 80.00, 87.50, and 93.25% respectively. Ertugrul et al. (2018) [4] state about movie 

genre classification using BLSTM. Pylyp, A., & Shakhovska (2019) [5] mentioned their 

paper about the Auto-Tagging system for articles. However, the matter of fact that there is 

no specific work on predicting tag from poems using Deep learning approaches. Different 

types of statistical algorithms and machine learning are useful for classifying text 

documents such as k-Nearest Neighbor, Naïve Bayesian, and Support Vector Machine [6]. 

T. Joachim (1998) [7] showed about text categorization using Support Vector Machine and 

got an accuracy of 86.4%. The difficulty of classifying texts such as poems is less. 

Malaysian poem [8] is ranked using the conventional machine-learning algorithm e.g. 

support vector machine. 
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2.3 Research Summary 

 

Table 2.1: Summary of the related work 

 

SL Author Methodology                       Description Outcome 

1 Kumar et al. Using machine-

learning algorithm 

NB, KNN, SVM 

Classifying Tag of 

poems 

NB 80.00, KNN 

87.50, and 

SVM 93.25% 

2 Ertugrul et al. BLSTM, Logistic 

Regression 

Classifying Genre 

of movies 

Micro f1 score 

67.61 

3 Pylyp, A., & 

Shakhovska 

LSTM Auto-Tagging 

system for articles 

Accuracy 

98.06%  

4 T. Joachim SVM Text Categorization Combined 

Accuracy of 

86.4% 

5 Logan et al. Radial Basic 

Function (RBF) 

To classify theme 

of poem and 

differentiate 

between text and 

poem. 

Discussed lyrics 

and poem. 

 

 

 

2.4 Challenges 

 
The main challenge for our thesis was not only a huge number of data collection but also 

make sure that the data is in its purest form. We have collected a thousand data of poems 

and intended to run a deep learning model. This is quite challenging for us to fit our 

model to such a small number of a dataset. 
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CHAPTER 3 

 

RESEARCH METHODOLOGY 

 
 

3.1 Introduction 

 

In this section, we will discuss the research subject and instrumentation, data collection 

procedure, data processing, proposed methodology, statistical analysis, and 

implementation requirements. Firstly, in the research subject and instrumentation, we will 

discuss our topic. In the data collection procedure, we have discussed how we collected 

our data. Next, in the data processing part, we have discussed how we pre-processed it for 

our model. Then in the proposed methodology, we briefly addressed the algorithms and 

methodology that were used for this classification. Consequently, in the statistical analysis, 

we highlighted a few statistical methods and flow charts of the project. Finally, the chapter 

is closed by a clear concept about what we used for the project. 

 

 

3.2 Research Subject and Instrumentation 

 

Our research subject is to find appropriate tagging solution for poems. There are many 

poems stored in websites and archives. Sorting those poems by their genre, keywords, and 

tags could be very helpful. We have collected & preprocessed data from poetry foundation 

[9] website. We have created scraper tools, which automatically collect data of text 

documents from the websites. 

 

3.3 Data Collection Procedure 

 

An assembly of 1000 poems from a famous website, poetry foundation [9] taken for the 

experiment. More than 225 labels of the poem are attainable on the Internet. It is 

troublesome to consider all labels of poems for this research. Therefore, our data set has 

the highest 28 labels. On average, we have analyzed Eight tags per poem. 
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3.4 Data Format and Statistical Analysis 

 

Data Format 

 

Table 3.1: Format of the data set 
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Data Statistics 

 

 Table 3.2: Data Statistics 

 

Number of Instance Class 

911 Poems 

174 Number of Unique Tags 

  

 

3.4.1 Data Preprocessing 

 

After data collection, we need to preprocess it again. We have removed the punctuation, 

brackets, and stopwords so that while we train the model so that we could find maximum 

accuracy. Finally, data preprocessing was done in two-part; denoising and normalization. 

 

Denoising 

 

Denoising is a process by which we can remove any kind of Html tags and brackets that 

could have gathered with the dataset. It generally happens when we scrap data from 

different websites.  

The pseudo code for denoising are: 

1. Import Regular expression Library 

2. Start a function cleaned.split() 

3. cleaned=re.sub('[^A-Za-z]+', '', i) 

4. appending cleaned by fil.append(cleaned) 

 

Normalization   

 

Data normalization is a process by which data attributes are organized in a data model or 

dataset. Data normalization increases data consistency and reduces or eliminates data 

redundancy. Data normalization also helps to object-to-data mapping. For our dataset, we 

used two functions, one for removing punctuations and other for stop words.   
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Stop words are those words that are need to be filtered before or after NLP (natural 

language processing) data. Stop-words are normally known as the most common words. 

For our poem tag classification, we have created a list of these stop words we have to 

eliminate. The list is given below. 

 

Table 3.3: Stopwords of Poems 
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Data Visualization 

 

We have visualized data by showing frequency of top 20 tags. Some of the tags we have : 

['activities', 'age', 'ancestor', 'ancestors', 'animals', 'architecture', 'arts', 'birth', 'birthdays', 

'body'] 

 

 

 Figure 3.1: Frequency of top 20 tags of poem 

Our data consist of a maximum of 28 tags per poem, a minimum of 1 tag per poem: 1, 

and an average number of tags per poem: 8.068057. The number of unique tags is 174.  

 

Figure 3.2: Number of tags in the poem 
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3.5 Proposed Methodology    

3.5.1 Methodology 

 

Predicting the tag of poems can be done in a few different ways. For our thesis, we have 

chosen a deep learning approach to predict tags. We first used IF-TDF for the numeric 

representation of the poem dataset. After that, we split our dataset into two part, training 

and testing part. For training and testing, we have used the BLSTM algorithm. Following 

figure 3.3 explain about our methodology used in our research. 

 

 

 

Figure 3.3: Methodology for tag prediction using BLSTM 

 

TF-IDF  

 

TF-IDF is known as a term frequency-inverse document frequency. TF-IDF weight is a 

statistical measurement normally used to describe how important a word is to a text 

document in a dataset. The importance increases proportionally to the number of times a 

word appears in the text document but is canceled out by the frequency of the word in the 

dataset. Which is It doesn't take into account the fact that the word might also be having a 

high frequency of occurrence in other text documents. TF-IDF handles this issue by 

multiplying the term frequency of a word by the inverse document frequency. The term 

frequency is calculated as follows: 
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        Term frequency =  
(number of Occurrence of a Tags)

Total Tags in a document
           ……………….. (1) 

 

And the Inverse Document Frequency is calculated as follows:  

 

              IDF (word) = 
Total number of poems

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑒𝑚𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑡ℎ𝑒 𝑡𝑎𝑔𝑠
       ……………….. (2) 

 

3.5.2 Deep Learning Algorithm 

 

Long Short Term Memory (LSTM): 

 

LSTM [10] is one of the RNN architectures that are widely used. Unlike RNN, It has 

advantages that it does not have vanishing gradient problem and long-term dependency as 

LSTM uses multiple gates to carefully regulate the amount of information that will be 

allowed into each node state.  It consists of three gates, an input gate, an output gate and a 

forget gate (ft). Forget gate (ft) controls the extent of forgetting memory from the last time. 

The input gate (it) is devised to control the extent of memory to keep flowing. 

The figure 3.4 shows the basic cell of an LSTM model. 

 

 

 

Figure 3.4: An LSTM network. The network consist five input units, a hidden layer composed of 

two LSTM memory and three output units. Each memory consist of four inputs but only one output. 

All connections of the left are drawn and other connections are skipped for keeping simplicity. 
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Bidirectional LSTM and Recurrent Neural Network (BLSTM-RNN) 

 

A bidirectional LSTM (BLSTM) [11] propose around two independent layers to gather 

information from the past and future histories. It seems common to expect BLSTM to be 

an very efficient model for tagging tasks in NLP. To further enhancement of performance 

of our approach without disturbing the universality, we have introduced word embedding, 

that is a real-valued vector associated with each word. An inner presentation is considered 

containing syntactic and semantic information and has given a very pleasant feature for 

different NLP tasks [11]. Word embedding can be gained by training a neural network 

language model [12] or a recurrent neural network. Following Figure 3.5 explained about 

bidirectional LSTM network. 

 

 

 

Figure 3.5: Bidirectional LSTM 

 

For a given time step t, the minibatch input is Xt ∈ Rn×d number of examples: n, number of 

inputs:  d ) and the hidden layer activation function is ϕ. In the bidirectional architecture, 

we assume that the forward and backward hidden states for this time step are Ht (f) ∈ Rn×h 

and Ht (b) ∈ Rn×h respectively. Here h indicates the number of hidden units. We compute 

the forward hidden state and backward hidden state updates as: 

 

 

Outputs 

 

 

Backward Layer 

 

Forward Layer 

 

Inputs 
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Forward,      Ht (f) = ϕ (XtW(f)+Ht−1W(f)+b(f)     ………….(3) 

Backward,    Ht (b) = ϕ (XtW(b)+Ht+1W(b)+b(b)  ..……...…(4) 

  

Here, the weight parameters  W(f) ∈ Rd×h, W(f) ∈ Rh×h, W(b) ∈ Rd×h, and W(b) ∈ Rh×h, and 

bias parameters b (f) ∈ R1×h and b(b) ∈ R1×h  are all model parameters. 

 

Then we concatenate the forward and backward hidden states Ht (f) and Ht (b) to obtain the 

hidden state Ht ∈ Rn×2h and feed it to the output layer. In deep bidirectional RNNs, the 

information goes on as input to the next bidirectional layer. Lastly, the output layer 

computes the output Ot ∈ Rn×q (number of outputs:  q): 

 

                                   Ot = Ht Whq+bq                        ………………………… (5) 

  

Here, the weight parameter Whq ∈ R2h×q and the bias parameter bq ∈ R1×q are the model 

parameters of the output-hidden layer. The two directions can have different numbers of 

hidden units. 

 

3.5.3 Tagging System 

 

The schematic diagram of the BLSTM-RNN based tagging system is illustrated in Figure 

3. Given a sentence w1, w2… wn with tags y1, y2... yn, BLSTM-RNN is first used to predict 

the tag probability distribution o (wi) of each word, then a decoding algorithm is proposed 

to generate the final predicted tags y1′, y2′... y′n. following figure 3.6 explained about 

BLSTM based tagging system. 



© Daffodil International University 
15 

 

 

Figure 3.6: BLSTM based tagging system 

 

 

BLSTM-RNN for tagging 

 

The usage of BLSTM RNN has shown in Figure 3.6. Here wi is the one hot representation 

of the current word which is a binary vector with dimension |v| where v is the vocabulary. 

To lessen |v|, each letter of the input word is transferred to its lowercase. 

 

Figure 3.7: Usage of BLSTM for tagging 

 

The upper case info is kept by introducing a three-dimensional binary vector f (wi) to 

indicate if wi is full lowercase, full uppercase or leading with a capital letter. The input 

vector Ii of the network is computed as follows: 

                              Ii = W1wi + W2 f (wi)…………………. (6) 
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 Where W1 and W2 are weight matrixes connecting two of the layers. W1wi is known as 

the word embedding of wi that is a real-valued vector with a much smaller dimension than 

wi. In practice, to reduce the computational cost, W1 is implemented as a lookup table, 

W1wi is returned by mentioning to wi’s word embedding stored in this table. It outputs the 

tag probabilities distribution of word wi. 

 

Embedding 

 

To make a classifier using natural language, and embedding methods are needed. In this 

study, Word2Vec is used. However, because of the shortage of samples, a pre-trained 

Word2Vec model has to be used. The word-embedding dimension we use is 300. When 

we embedding words in the dataset, we skip the words that are not in the Word2Vec model. 

The following figure explains our model with embedding. 

 

Figure 3.8: BLSTM working model 

 

 

 

 

 

 

 



© Daffodil International University 
17 

 

3.6 Implementation Requirements 

 

After reviewing all the necessary statistical or theoretical concepts and methods, we 

created a list of Hardware, Software and developing tools we need for predicting Tag of 

poems. The probable necessary things are:  

 

Hardware/Software Requirements 

 

 Operating System (Windows 7 or above) 

 Ram (more than 4 GB) 

 Web Browser (preferably chrome)   

 

Developing Tools   

 

 python 3.7 

 Anaconda 

 Jupyter notebook 

 NLTK 

 Pandas 

 Sklearn 
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CHAPTER 4 

 

EXPERIMENTAL RESULTS AND DISCUSSION 

 
 

4.1 Introduction    

 

In Chapter four, we will discuss the descriptive analysis of our project. We will state our 

experimental result and finally, we will close the chapter with a summarization of result. 

 

4.2 Experimental Results 

 

BLSTM-RNN: 

 

To measure the effectiveness and accuracy of the algorithms we run the BLSTM model c

onsisting of maximum length = 500 and batch size = 256. We divide the dataset into traini

ng (60%), and test (40%) subsets.  

We got the following result after 10 epochs, 

Loss: 0.5955 

Accuracy: 0.9397 

Value loss: 0.5096 

Value accuracy: 0.9976 

 

The following figure explained about our result. 

 

 
 

Figure 4.1: Result of predicting tags with respect to actual tags 
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4.3 Descriptive Analysis   

 

Word cloud Analysis 

 

We could find the most used tag for poems by this process. We can easily determine those 

words that helped us to predict tags by a simple process. Now let us have a look at the most 

used tags in our dataset. 

 

 
Fig 4.2:  image plot of mostly used tag in our dataset 

 

 

4.4 Summary 

 

After getting the accuracy by using the Bag of Words and Term Frequency-Inverse 

Document Frequency for vector representation and from our deep learning algorithm, we 

trained our data and determined the prediction of tags, which is the more similar to the 

actual tag in our research dataset. We achieved 93.97% accuracy for BLSTM algorithms. 

However, the data seems overfitting to our model, so we could prepare the dataset more 

accurately. Also, there is a need to increase the size of the dataset for statistical significance. 

More preprocessed data will also help to achieve better accuracy for predicting tags. 
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CHAPTER 5 

SUMMARY AND CONCLUSION 

 

5.1 Summary of the Study    

 

Our main target was to build a model that will help to predict the tag of poems. We took 

the deep learning approach based on BLSTM for predict tag. This system avoids 

involving task-specific features; instead, it utilizes word embedding learned automatically 

from the text. In this approach, we vectorize the poem then we split the data for training 

and testing. Following that, our BLSTM got 93.97% accuracy. 

 

5.2 Conclusions 

 

Our main goal was to build a model that helps predict the Tags of poems. We adopted a 

Bi-LSTM-based deep learning approach to predict the mark. This system avoids engaging 

important features; instead, it uses the foundational word automatically learned from the 

text. In this approach, we draw the poem and then divide the data for training and testing. 

After that, we achieved Bi-LSTM modulation with an accuracy of 93.97%. We tried to 

design a model that could be a solution for the label and this approach could be easily 

applied to different labeling tasks. This study attempted to identify an effective deep 

learning algorithm. Our results suggest that Bi-LSTM with word combinations is an 

effective marking solution and deserves further exploration. 

 

 

5.3 Recommendations   

 

Few recommendations for poetry tagging are: 

1. Create a large dataset for high accuracy 

2. Try to clean and better word-embedding model for preprocessing data and better 

accuracy 

3. Find and list all the stop-words and this will help to increase the accuracy. 
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5.4 Implication for Further Study 

 

Few implications that possible in further studies are: 

 

1. Adding more categories of poems and the style of the writing can be added for 

more information and better result. 

2. Using other deep learning algorithms like Gated Recurrent Unit (GRU), 

Hierarchical Attention Networks can apply on this dataset; can get a better 

understanding of which model give us the best and higher accuracy. 
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