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Abstract—The range of text analysis methods in the field of
natural language processing (NLP) has become more and more
extensive thanks to the increasing computational resources of
the 21% century. As a result, many deep learning-based solutions
have been proposed for the purpose of authorship attribution,
as they offer more flexibility and automated feature extraction
compared to traditional statistical methods. A number of solu-
tions have appeared for the attribution of English texts, however,
the number of methods designed for Hungarian language is
extremely small. Hungarian is a morphologically rich language,
sentence formation is flexible and the alphabet is different
from other languages. Furthermore, a language specific POS
tagger, pretrained word embeddings, dependency parser, etc.
are required. As a result, methods designed for other languages
cannot be directly applied on Hungarian texts. In this paper, we
review deep learning-based authorship attribution methods for
English texts and offer techniques for the adaptation of these
solutions to Hungarian language. As a part of the paper, we
collected a new dataset consisting of Hungarian literary works of
15 authors. In addition, we extensively evaluate the implemented
methods on the new dataset.

Index Terms—authorship attribution, authorship analysis, sty-
lometry, deep learning

I. INTRODUCTION

Manual authorship attribution methods can be traced back
to the 15" century, where the humanist Lorenzo Valla proved
that the donation letter to Donatio Constantini was a forgery
[1]. Furthermore, many of Shakespeare’s dramas are proven
to be written with the collaboration of other authors, such
as The Noble Kinsman and VIII. Henry dramas, much of
which are written by John Fletcher. The collaboration of the
two authors was only an assumption of linguists until proven
by automated analysis of authorial style markers [2]. Thus,
authorship analysis was first used to examine the authors of
literary texts, however, these methods are used in the fields
of criminal linguistics, continuous authentication, plagiarism
detection, examination of online messages, etc.

Stylometry encompasses all methods of text categorization
based on style, be it categorization by author, genre, or even
era. Exactly what we mean by “style” and which parts or
properties of the text make up the author’s style elements
are not entirely obvious, as this may vary depending on the
subject matter, era, age of the author and other factors. With
the evolution of natural language processing and new machine
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learning techniques, it is possible to extract features that go
unnoticed to the human eye [3].

Traditional statistical methods provide extremely accurate
results in the field of authorship analysis, but their major
drawback is the strong relation of the model design and
the data structure. In contrast, deep learning-based solutions
automatically discover the author’s fingerprint [3].

Deep learning-based solutions have been designed for au-
thorship attribution of English texts, but are not directly
applicable on Hungarian texts. The further discussed methods
operate on character-level and word-level. Word-level data in
the introduced solutions are word embeddings and syntactic
labels obtained from a morphological parser.

Hungarian language is morphologically rich contrary to the
English language, which means that the syntactic information
of a unit is expressed at word-level [4]. As a consequence, the
syntactic relations in a sentence cannot be expressed with the
same tags in both languages. In addition, Hungarian language
has an extended alphabet of 40 letters, some of which are
multi-character letters. Furthermore, word embeddings trained
on English corpora cannot be applied on Hungarian words.
In this paper, we provide a solution for some of these issues,
which will be further discussed in other chapters.

II. RELATED WORK

Style markers can be divided into four different categories:
lexical, syntactic, semantic and content-dependent style mark-
ers [5]. In this paper, the lexical and syntactic features are
used for authorship attribution.

The lexical features are considered to be the simplest
and most intuitive style markers, such as word frequencies,
vocabulary richness, character n-grams, etc. The text, which is
divided into tokens cannot be interpreted by an algorithm in its
original form, the tokens are represented as a series of vectors.
Several methods exist for vectorization of tokens, some of
which are one-hot encoding, distributional semantic models,
embeddings, etc. In the case of one-hot encoding, the tokens
are represented as categorical data. The main drawback of this
method is the problem of dimensionality, as it produces sparse
vectors with large dimensions [6]. The distributional models
create a high-dimension vector space through a statistical
analysis of context in which the tokens occur [7]. The problem
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of the dimensionality is not solved with distributional models,
however, the cosine distance of words used in a similar context
is reduced, vectors of similar words are closer, thus, words are
not treated as categorical data in contrary to one-hot encoding.
The most common method used for word represantions are
word embedding models. Word embedding models are deep
learning-based models, that eliminate the problem of large
dimensionality and produce a dense vector representation. The
vector coordinates of word embeddings are inherited from the
weights of the hidden layer of the word embedding model [8].
Transfer learning is often used in word vectorization tasks, as
the generic meaning and context of words is usually uniform
across different topics. The pretrained word embedding models
are further trained with the training data of a particular task
for adapting the vector space [9], [10].

The basic idea of using syntactic features is that people
usually subconsciously form sentences with the same syntactic
structure. Compared to lexical features, the extraction of
syntactic style markers require a deeper, language-dependent
analysis, which is achieved with morphological analysers and
text parsers. Some commonly used syntactic features are POS
(Part-of-speech) tags, constituency trees and dependency trees.
Part of speech (POS) reveals the role of the word within a
grammatical structure, for e.g. noun, verb, etc. POS tags mark
up a word in a corpus corresponding to a POS, reflecting
its role in a sentence. In addition to POS tags, parse trees
are often used as syntactic features, which are structures that
highlight the syntactical relations of words or sub-phrases
according to a formal grammar. Main types of parse trees are
constituency and dependency trees. While constituency trees
extract the hierarchical structure of a sentence, dependency-
trees capture the dependencies between words in a sentence.
Dependency tree is often represented as a directed graph,
where the nodes represent the words and the direction of
the connection expresses whether a certain node is a child
or parent of the connected node [11].

POS taggers, dependency and constituency parsers cannot
be used for cross-language parsing, as these tools use the
grammar of a certain formal language. This is the main
drawback of using syntactic style markers for authorship
attribution of Hungarian texts, as designing such a method
requires a morphological analyzer developed for Hungarian
language.

The methods used in natural language processing have
undergone rapid development with the advent of machine
learning [12]. Much of the initial solutions are based on
statistical methods that use lexical features. Initially, solutions
were developed that performed the analysis by examining a
single lexical characteristic. Later, multidimensional statistical
methods appeared, which performed more complex and thus
more accurate analysis. Such procedures include cluster anal-
ysis, Support Vector Machines, Nearest Shrunken Centroids,
Burrows Delta [3]. The procedures have been very successful
in the field of authorship attribution, however, the precise
design of the features has posed major obstacles to achieving
further progress. In case of these methods, the structure of the

data highly impacts the design of the model. These difficulties
are overcome by deep neural networks, where there is no need
to design features, the network itself learns the appropriate
representation from the data using the many hidden layers
[13], [14]. For these reasons, we analyse and review methods
implemented with deep neural networks.

A. Character-level models

Convolutional neural networks have been very successful in
processing imagery data, but they are also excellent for one-
dimensional structures. Patterns can be discovered on such
data, thus convolutional neural networks are often used for
authorship attribution [15]. Convolutional neural networks for
text classification were first used by Kim [16]. The method
used static and non-static word embeddings of texts as input
data. Zhang et al [15] were the first to use character-level
convolutional neural networks for text classification. [15].
Zhang et al. proposed two different models, one with a larger
and one with a smaller convolutional filter. They further
evaluated the method examining the following criteria: should
we treat uppercase and lowercase characters as different data
or not. They compared the proposed method with other text
classification methods on the same datasets, including existing
non-character convolutional models and the most common
statistical methods used in natural language processing, such
as the bag-of-words and bag-of-ngrams model. In the proposed
method Zhang et al. used section length of 1014 characters and
an alphabet consisting of 70 characters, where the characters
were vectorized as one-hot encodings. Zhang et al. used
multiple convolutional layers with the same number of filters,
but different kernel sizes. They used 256 filters in the smaller
model, while the larger model contained 1024 convolutional
filters. Following the convolutional layers, they used a max-
pooling method, the result of which is the input of fully-
connected layers. They also used 2 dropout modules for the
purpose of regularization [15]. The methods were evaluated on
6 different datasets. Most datasets contained newspaper articles
or forum questions, and the use case was topic classification.
For the measure of method effectiveness, the errors were used.
The method performed best on larger datasets. Traditional
statistical methods outperform Zhang et al. method on smaller
datasets, however, on larger datasets the method proved to be
significantly more accurate.

Ruder et al. [17] evaluated and compared the method of Kim
[16] and Zhang et al. [15] for the task of authorship attribution.
The datasets used for evaluation consisted of emails, movie re-
views, blogs, twitter posts of 10 and 50 authors. The maximum
length of the data was set to 500 words or 3000 characters.
For the measure of effectiveness, the F1 score was used. From
all of the convolutional models reviewed, the character-level
CNN produced the best results and outperformed word-level
CNNs with an average F1 score of 65.02% for 50 authors.

B. Syntactic models

POS tags are an excellent style marker for authorship
attribution, as they capture the sentence formation patterns
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of an author. Some methods using this type of data are the
methods of Hitschler et al. [18] and Jafariakinabad et al [19].
Hitschler et al. proposed a method where the model is word-
level and its inputs are concatenated vectors of POS tags
and static word embeddings. Their basic idea was to use the
POS tags and the most frequent n words of the language in
conjuction as an input of a convolutional network to capture
which words are often used by the author in what form [18].
The model was based on the design of Kim’s model [16]
with a few modifications the most significant of which are
the elimination of an extra channel and the use of not only
the word representation, but POS tag as well. The method
uses the Stanford POS tagger as morphological analyzer and
the POS tags are represented as one-hot encodings. The word
embeddings of most frequent n words are used, while other
words are treated as unknown. The examined n thresholds
are 1,000, 5,000, 10,000, 50,000, N/A. The first layer of
the network is an embedding layer, which is used to reduce
the dimensionality of the data and capture word similarities.
The next layer is a convolutional layer consisting of 100
filters with 3 different kernel sizes. Dropout module was
used on the layer for regularization. The convolutional layer
is followed by a max-pooling module, subsequently, fully-
connected layers. One of the datasets used for evaluation is the
PAN 2012 dataset, containing writings of 14 authors. The data
is divided into segments of 1,500 words, with shorter segments
discarded. The proposed method achieved the best results with
a threshold of n = 50,000 word frequencies. Surprisingly, using
the word embeddings of the full dictionary results in less
accurate results. However, generally increasing the value of n
results in greater accuracy among the examined n values. The
accuracy of the method on the PAN 2012 dataset is 78.57%.

Jafariakinabad et al. [19] proposed a model whose inputs
are only the extracted POS tags. In contrary to the previous
method, Jafariakinabad et al. treats POS tags as a time-
series data. The model allows a hierarchical analysis of the
document, as the inputs of the method are POS tags grouped
into sentences. The method uses the POS tagger of the NLTK
package. The sentence representation is extracted with a CNN
or LSTM encoder, where the former learns short-term and
the latter long-term dependencies. The sentence encoder is a
bidirectional LSTM unit, which extracts the author-specific
syntactic patterns of a sentence. Finally, with an attention
mechanism, the sentences, which most represent the style of
an author are rewarded giving document representation as a
result. [19]. The dataset used for evaluation is the 14-author
dataset of the PAN 2012 project, where the data is divided into
100 sentence long segments. The model achieved an accuracy
of 78.76%.

C. Word-level models

Chen et al. [20] propose methods that similarly to the
previously discussed method, treats the text as time series
data, thus LSTM and GRU networks are designed. One of the
suggested methods uses the static word embedding of words
as input data, while the other uses a sentence representation.

In the second method, the sentence representation is a vector
containing the average corresponding values of word embed-
dings within a sentence [20]. The method was evaluated on the
C50 dataset, which contains corporate or industrial newswire
stories of 50 different authors. The accuracy of the method on
the mentioned dataset was 69.1% [20].

III. METHODOLOGY

In the previous chapter we presented the working principle
of deep learning-based methods. As our research goal is the
authorship attribution on Hungarian texts, we evaluated some
of the discussed methods on a Hungarian dataset. The process
is discussed in this chapter.

A. Dataset

There are no available annotated Hungarian corpora suitable
for authorship attribution. For this reason, we created our own
dataset containing literary works of 15 Hungarian authors.
The data collection, cleaning and labeling is automated, we
developed a tool specifically for this task. The source of our
dataset is the Magyar Elektronikus Konyvtdr (MEK), which
is the oldest Hungarian electronic library. The designed tool,
given a set of authors searches literary works in HTML format
and downloads them if available. As the actual text of a writing
is usually displayed in a distinct style, noise filtering is easily
achieved. For example, title, author, publisher information are
displayed with bold style, contents table items are a tags and
they have an href attribute, page numbers are aligned to center
of the page, while the actual prosaic text is justified. Using
these observations, we create a set of rules, which exclude
texts of a certain style from the HTML page of the literary
work.

Only original, single-author literary works are downloaded
excluding poems and dramas. The full dataset consists of 155
MB size textual data of 183 authors. However, after data
balancing, the available text decreased dramatically. Because
of this, we use only the 15 most prolific authors for evaluation.
The size of the reduced dataset is 58 MB, and it consists of
roughly 200 100-sentence length sections per author.

B. Method evaluation process

The methods are implemented in python in keras, tensorflow
frameworks. We use an early stopping mechanism to avoid
overfitting. As a consequence, the models are taught through
different number of iterations. Hereinafter, as accuracy, we
refer to the validation accuracy achieved in the iteration where
the validation loss is the lowest. The training and validation
data rate is 9:1. The methods were evaluated considering
section lengths of 5, 30 and 100 sentences.

C. Character-level methods

We implemented the method of Zhang et al. [15] and
adapted for Hungarian language. As the method is based on a
character-level convolutional architecture, only minor changes
were made on the original implementation. The alphabet of
the English language is different from the Hungarian alphabet

000163



L. Gulyas Oldal and G. Kertész * Evaluation of Deep Learning-based Authorship Attribution Methods on Hungarian Texts

and it contains multi-character letters. Therefore, the alphabet
was extended and we replaced the multi-character letters with
special characters, thus all Hungarian letters are encoded by
different characters. Another adaptation is an optimization of
the original method, which is representing the characters as
embeddings as opposed to one-hot encodings. This way, vowel
and consonants are usually far apart in the vector space, which
captures the context of the characters.

D. Syntactic methods

We implemented the method of Jafariakinabad et al, which
uses the POS tags of words grouped into sentences as input
data. As the POS taggers are designed for a certain language,
the POS tagger used by Jafariakinabad et al. cannot be used on
Hungarian texts. As a consequence, the feasibility of syntactic
methods depend on availability and quality of Hungarian
morphological analyzers. In addition, as the formal grammars
of Hungarian and English language are very different, separate
tag sets must be used for POS tagging. We used the mag-
yarlanc [21] toolkit for POS tagging and dependency parsing.
The tool outputs the following data for each word respectively:
Index in a sentence, original form of the word, lemma, POS
tag, additional morphological properties, id of the parent node,
dependency label [21]. The tagset used by the toolkit is the
UD (Universal Dependencies) tagset, while Jafariakinabad et
al. use the tagset of Penn Treebank. With UD annotations, a
POS tag and additional morphological properties are assigned
to each word. In the case of Penn Treebank tags, each
word is charactirezed by only POS tags. The difference of
the two approaches can be attributed to different degrees
of morphological richness between Hungarian and English
language. As the mentioned tagsets have different sizes and
approach to tagging words, in our method we use the POS
tag in conjuction with the dependency label extracted with the
magyarlanc toolkit. The model of Jafariakinabad et al. does
not require further adjustments for applying the method on
Hungarian texts.

IV. RESULTS

The evaluation process of Zhang et al’s method on Hun-
garian texts is displayed on Fig. 1, where N is the length of
input data. The method showed greatest accuracy on shorter
text segments of 5 sentences. Increasing the size of the input
results in less accurate results. The achieved accuracies for 5,
30 and 100 sentence length sections are respectively 52.42%,
35.37%, 34.28%.

The process of training the method of Jafariakinabad et al.
on Hungarian texts is shown on Fig. 2. The method proved
to be more accurate on longer segments of data, increasing
the size of the input results in greater accuracy. The achieved
accuracies for 5, 30 and 100 sentence length sections are
respectively 35.95%, 59.74%, 59.31%.

The process of training is displayed on Fig. 2. The method
achieved the greatest accuracy of 59.74%, 59.31% on longer
text segments of 30 and 100 sentence lengths respectively.
The results of the evaluation are displayed in Table I, where
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Fig. 1: Training, validation accuracy and loss during training
of Zhang et al. method
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Fig. 2: Training, validation accuracy and loss during training
of Jafariakinabad et al. method

Z refers to the method of Zhang et al, while J refers to the
method of Jafariakinabad et al.

V. DISCUSSION
The discussed methods are reviewed with respect to:
o Style markers and required tools
The main advantage of character-level solutions is the
language-independent design of the model. As long as a
character represents a letter or other symbols, the method
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TABLE I: Results of method evaluation on Hungarian data

N =5 N =30 N =100
data size 3900 653 199
per author
method Z 1] Z 1] Z 1]
number of epochs 14 10 12 13 9 18
accuracy (%) 5242 3595 | 3537 59.74 | 34.28 59.31

is easily adapted to other languages. This is not the case
with syntactic models, as they require a language specific
morphological analyzer.

o Neural network architecture and training circumstances
Zhang et al. use convolutional neural networks, while
Jafariakinabad et al. use GRU and LSTM units in their
model. Convolution consists of simple algebraic opera-
tions, thus parallel execution of operations is extremely
effective. This is not the case with LSTM or GRU
units, as temporal dependencies of the input data requires
sequential execution. This causes the training to be much
slower on a graphics card as opposed to convolutional
neural networks [22].

o Length of input data
The method of Zhang et al. outperforms Jafariakinabad
et al. syntactic model on shorter segments of 5 sentences,
while the syntactic model achieved greater accuracy on
longer data of 30 and 100 sentences.

o Dataset size
The effectiveness of some methods lies in the use of ex-
tremely large datasets, which is the case with the method
of Zhang et al. As there are no available large Hungarian
datasets for authorship attribution, it is unknown how
increasing the dataset size affects the effectiveness of
methods. Jafarikinabad et al. evaluated their method on
a much smaller dataset compared to Zhang et al. and
achieved similar results.

o Accuracy
The method of Zhang et al. achieved the best accuracy of
52.42% on smaller text segments, which were 5 sentence
long as displayed in Table I. On longer text segments,
the method of Jafariakinabad et al. outperformed the
character-level method. The achieved accuracy on 30
sentence long segments were 59.74%-t, while using 100
sentence length segments it was 59.31%.

VI. CONCLUSION AND FUTURE WORK

In this paper we introduced the state of the art methods for
authorship attribution and propose adjustments for adaptation
to morphologically rich languages, such as Hungarian. We re-
viewed methods that operate on characters, syntactic units and
words. In the paper we evaluate some of the analysed methods
on an automatically obtained annotated Hungarian dataset of
literary works collected with a tool designed specifically for
this task.

The evaluated methods of Zhang et al. and Jafarikinabad et
al. show best results considering different aspects. The method
of Zhang et al. achieved best accuracy on small data segments,

while the method of Jafariakinabad et al. showed best results
on longer texts.

Our future work is focused around the evaluation and
adaptation of methods, which use word embeddings as input
data, such as the method of Hitschler et al. and Chen et al.
Our long-term future work will be centered around open-set
authorship verification with metric-learning methods.
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