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A New Hybrid Based on Long Short-Term Memory Network 
with Spotted Hyena Optimization Algorithm for Multi-Label 
Text Classification  
 

 In the LSTM network, the Skip-gram method is used to 
embed words into the vector space.  A k -gram algoritmus 
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3.1.  
 

Ahhoz, 
- alapismeretekre, amely lefedi az 

 
 

 

adott, 
minden esetben 

 
 

 dokumentum. Ahhoz, 
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 ahol nagy 

adathalmazzal, 
gas 

olyan rendszert   
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4. A adathalmaz 
 

 
1  

-  

 
 

- be, 

olyan magyar nyelven is e dokumentumra, 
az adatait, azaz a celex1  amellyel be lehet 

 

-
lex.europa.eu/legal-

tagek, amelyeket ki 

f adathalmazzal, 

 
1 A celex -on, ami minden nyelven azonos. 
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 Oversampling 2   
 Undersampling 3azaz alul   
 

  
[7] 

 

5.2.1.  Undersampling 
 

 

 
 

5.2.2.  Oversampling 
 
Ebben a

 

 
 

5.2.3.  SMOTE 
 
A SMOTE egy olyan  

tjuk azt az adathalmazt, 

 
2  
3  
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hagynunk, 
 SMOTE 

 
 

 
tartalmaz, illetve olyan is, - lene 

modell. 
 

5.3.  
 

Azok az adatok, 

esetemben sz
 

 

ki
 

 
szavak, amelyek 

egy nyelvben nagyon nagy men

 
 

 amelyek nem egy 
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6  
 

6.1.  
 

hiszen csak azo vissza, 

 
 

dokumentumokra is, 
 

. 
[3] 
 

6.2. Word2Vec 
 

 
 

hogy 
rtelmesen befejezni. 

 One-Hot4 

keletkeznek, amelyek mindegyike egy 
 

 [26] 
 
 
 

 
4 Olyan vektorok, amelyek csak 0- nak -es karaktert
hordoz . 



18 
 

6.3. Doc2Vec 
 
A Doc2Vec  dokumentum 

Doc2Vec 
 

 
2013- word2vec, 

doc2vec, 

 

[4] 
 

a skip-

Itt minde
 [25] 

 
A Doc2Vec is, 

el, 
Doc2Vec-

-
Doc2Vec 

tech
  

 

6.4. BERT 
 

 
 

BERT is a method of pre-training language representations. Pre-training refers to how 
BERT is first trained on a large source of text, such as Wikipedia. You can then apply the 
training results to other Natural Language Processing (NLP) tasks, such as question 
answering and sentiment analysis. With BERT and AI Platform Training, you can train a 
variety of NLP models in about 30 minutes.  
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Vagyis e  
 

 BERT  
- ch

meg. I ami 
. 

Ezen tech   

 
K ch

ez   
 
Az magyar , 

transzformerre, amely magyar 

 amellyel 
 

rendelkezik.  
 

 

6.5.  
 
A 
szempontokat fog

 
 
Vannak olyan  

transzformereket, 
 volna, 

hiszen egy specifiku  

feladattal, 

sunk le, 
a

ch  
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A Doc2Vec 

 amely jogi adatokkal van 

M
mivel ezt a tech

 
 

megfele
 

  korpusszal. Ezesetben 
,  

 

Amennyiben  
. 

  hogy ugyan azt a dokumentumot kapjuk-e vissza. 
 

is, 

  tudjuk vonni a 
 

 
az is , 

az a 
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7. Csoport  
 

7.1.  
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          9, 
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         11, 
'Energia':           12, 

        13, 
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     15, 
      16, 
     17, 
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         20, 
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8  
 

8.1.  
 

 ami azt jelenti, hogy 
valam

 [8] 
 

rend, 

 [8] 
 

 
vonatkozik egy dokumentum. A 

 
 

 egy Doc2Vec modellt kell 
  tudjuk 

ahhoz
 

 
 

 8.2.  
 

8.2.1. TensorFlow 
 

TensorFlow is an end-to-end open source platform for machine learning. It has a 
comprehensive, flexible ecosystem of tools, libraries and community resources that lets 
researchers push the state-of-the-art in ML and developers easily build and deploy ML 
powered applications.  
 
Vagyis a TensorF , 

-
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- n 
mivel jobban feladatra 

-
megtanulni, a Keras-al szemben bon

 [9] 
 

8.2.2. Keras 
 

Keras is a deep learning API written in Python, running on top of the machine learning 
platform TensorFlow. It was developed with a focus on enabling fast experimentation. 
Being able to go from idea to result as fast as possible is key to doing good research.
[20] 
 
Vagyis a -

- TensorFlow 
 

 
The core data structures of Keras are layers and models.  

 
 

Mindezek mellet n  is. [9] 
 

 
: 

 

 Dense: 
 

 
 

 

28] 

 
bizonyos 
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 Ami azt jelenti, ho

 Dropout 

  [27] 
 

: 

 
 

 Relu: Relu 
mezetten a 0-

 

 Sigmoid: 
- -

ki
 

 

8.2.3. PyTorch 
 

prototyping to pro  [21] 
 
Vagyis a PyTorch -t 

feladatokra. A PyTorch 

jelenti, 
dinamikusakat juk.  
A PyTorch ezek mellett 

 
 

8.2.4.  
 

TensorFlow 
Tensorflow-  

Ez le a modell e   



25 
 

 
Ehhez  z 
a nyelv, amelyet az , 

 
 

8.3.  
 
A TensorBoard 

 
  

 is Tensorflow-al, hiszen ahhoz 
-al is. [18] 

 

8.4. Rendszerterv 
 
A fela

lyen, 

modellnek, 
 

 

adatok 80%- - nak 
 

is, 
. Ezeknek olyan adatoknak kell  

  
 

 
 

Doc2Vec 
mivel, 

, a
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 Doc2Vec 
 

 
 

lesznek azok,  
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Mivel a rendszert rengetegszer kell majd letesztelni, nem csak  
e. 

 
Doc2Vec 

-

d  
 
Fontos, hogy 

Doc2Vec 
 arra, hogy 

. Ezeket a ki
 

 

 
 

mivel 
, itt 

. 
N

g , hogy 
Doc2Vec  

dom 
majd kirajzolni diagrammokra. 
Emellett , amivel 
adatokat,  

lleket. 
 

, h
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8.5.  
 

. 
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8.5.1.  
 

 

 
 

 
 

8.5.2.   
 

. Nagyon  

 
[  

elebb van a 0-hoz, 
 [24] 

 

8.5.3. Confusion matrix 
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 tek, hogy 
 

 
mivel nem tudok teljesen kie

 
[23] 
 

-
szt halmaz elemeinek 

vagyis ebben az esetben lenne a modell 100%-  

.  
 , 

kisebb,  
 

8.5.4. F1 pon
 

 
Ebben az esetben 

s 
 

volna besorolnia. 
- - 100-zal felszorozva 

kaphatunk, -
 [24] 
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4  

 
 tek a stop szavak, mivel ezek 

olyan szavak, amelyek a magyar 
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word_tokens: Egy adott dokumentumnak a szavai  
return: A  
 Ez a m is, 
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Doc2Vec 
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8 bra:  

 

9.4.  
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. Ez Doc2Vec 
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9.5. Modell   
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 fog vagy sem 
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Ebben az esetben SMOTE-ot 
 

 

 A modell 100 korszakon  
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nem -

 
 

  
 

 83,63% 

 0,4060 
 

 3,03% 

 0,7303 
 
 
 
 
 
 
 
 

9.5.3.   
 

 
   

 100 

 
92,22% 83,63% 

 
0,2159 0,4060 

 
74,09% 73,03% 

 
0.8986 0,7303 

teszt halmazon a 
 

46% 42% 

1  
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9.6.  
 

 getRootFolderPath(): 
 

 getClassCsv(): -t. 

 getTestClassCsv(): 
 

 loadDoc2VecModel():  

 loadLegalPredictModel():  

 getAllTrainDataPath():  

 readAllTrainingData():  

 readDataByCount(count): 
 

 writeVectorisedDocumentsToTXT(vectorList, classIdxList, isTrain): 

 

 loadVectorisedDocuments(isTrain): 
dokumentum vektorokat. 

 getDocVectorsCSVPath(): 

 getClassIndexCSVPath():  

 IsTestDocVectorFilesExists(): 

 IsDocVectorFilesExists(): -e a dokumentum 

dokumentumokat. 

 laodStopWordsIfNeed(): 
 

 deleteStopWords(word_tokens): 

 

 documentNumberInClasses(): 
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 Confusion M trix: 

 
 ListBox: orrendben rendezve 

tartozhat a dokumentum. 
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13. Summary 
 
The aim of my project was to create a system that can decide on a European Union legal 
document that in which class it can be classified, according to a chapter code, with the 
greatest precision while investing the least possible human effort. 
I have examined several techniques that may have been considered for developing a 
neural network-based classification system, like the one I wanted to build. I compared 
these and selected the most ideal libraries and techniques for the task. 
I developed several methods so that I could use them to obtain the teaching documents 
related to the topic and to connect the appropriate classes to them. 
I chose a document transformation technique that was able to transform my documents 
into numerical vectors with sufficient efficiency and in terms of the data set available to 
me. 
After that, I set myself the goal to achieve the best possible accuracy and performance 
with the model. I also evaluated these using several different techniques used in neural 
networks. For this purpose, I created a simple client application, which is used to test the 
model and also to test and demonstrate its real operation. 
 
The highest accuracy of the model reached 46% for the 20 given classes. For some 
classes, where the model was fitted more precisely to the class-specific properties, this 
number could be almost doubled. If we want to decide randomly, that is, to guess which 
class to classify a given document, we have a mathematical probability of 5% chance that 
we will hit that particular class correctly, so it is obvious that our model performs better 
that. 
 
From this, I conclude that the model and the project itself are functional and could be 
used. However, other difficulties encountered could greatly affect the accuracy in a 
negative direction. For example you can take the inequality and quality of the data, which 
is quite difficult to change substantially, but as a future goal it is certainly possible to 
work on. 
 
The load time of the model is minimal, as it takes about 10 seconds, which of course only 
counts when you want to start the application. Thus, the system can be used well in 
practice. If the application is already running, then from there on the system can return 
its own prediction on a document without even looking at it for a moment, almost 
completely negligible, within 1 second. Think about how much this 10 or 1 second is 
compared to what it takes for an average person to read through a given document, 
interpret its content, and make a decision about which class to classify that document to. 
In addition, we also assume that our subject has an understanding of the legal texts, so 
that they are the least likely to make an error. 
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Overall it can be stated, that I managed to implement everything I stated in the 
specifications and my project proved to work well. 
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