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Abstract
Deep neural networks have been widely used in various language processing tasks.

Recurrent neural networks (RNNs) and convolutional neural networks (CNN) are

two common types of neural networks that have a successful history in capturing

temporal and spatial features of texts. By using RNN, we can encode input text to a

lower space of semantic features while considering the sequential behavior of words.

By using CNN, we can transfer the representation of input text to aflat structure to be

used for classifying text. In this article, we proposed a novel recurrent CNN model to

capture not only the temporal but also the spatial features of the input poem/verse to

be used for poet identification. Considering the shortcomings of the normal RNNs,

we try both long short-term memory and gated recurrent unit units in the proposed

architecture and apply them to the poet identification task. There are a large number

of poems in the history of literature whose poets are unknown. Considering the

importance of the task in the information processing field, a great variety of methods

from traditional learning models, such as support vector machine and logistic re-

gression, to deep neural network models, such as CNN, have been proposed to

address this problem. Our experiments show that the proposed model significantly

outperforms the state-of-the-art models for poet identification by receiving either a

poem orasingleverseas input. Incomparison tothestate-of-the-artCNNmodel,we

achieved 9% and 4% improvements in f-measure for poem- and verse-based tasks,

respectively.
.................................................................................................................................................................................

1 Introduction

Poetry is one of the most important kinds of literature

all around the world. When it comes to ancient poet-

ry, identifying the poet from his/her poems is essen-

tial. There are many ancient Persian poems whose

poets are unknown or misidentified because of the

lack of evidence which reveals the real poet

(Bagherizad, 2015). Moreover, with the advance of

social media, plagiarism has increasingly become a

rampant issue. As a result, we need a reliable approach

to address these problems.

Each poem is a creative sequence of words through

which the poet conveys his/her message. If we scru-

tinize different poems of a poet, we will find out that

the content and style are good representations for a
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poet (Hoorn et al., 1999; Rakshit et al., 2015).

Consequently, having extracted features of a poem,

we will be able to identify the poet with a certain de-

gree of confidence.

Authorship identification using latent features is

one of the well-known fields of natural language proc-

essing. Having extracted, processed, and analyzed

content features, experts try to use machine learning

algorithms to identify the author. Poet identification

is one of the sub-fields of the authorship identification

in which we can use some other features including

rhyme and prosody (Shahmiri and Ghidary, 2006).

These features can be manually extracted (Shahmiri

and Ghidary, 2006) or can be extracted using a deep

neural network (Waijanya and Promrit, 2018).

In this research, we identify a poet using either a

verse or a poem. As it is shown in Fig. 1, each poem

consists of several verses.1 The main reason for classi-

fying verses is that in the history of Persian poetry, we

have a large number of poems which have several

versions of a single verse. Therefore, classifying verses

would be helpful in this case. Moreover, in some cases

the whole poem is not available and only a small part

of it is accessible for poet identification.

In this article, we focus on the poet identification

problem and propose a novel recurrent convolutional

neural network (R-CNN) which outperformed all the

state-of-the-art models. We use a word embedding to

feed poems/verses to the first part of the model which

is a recurrent neural network (RNN). In the next part,

we use convolutional neural network (CNN) to pro-

cess the representations created by the RNN. Finally,

we make use of a fully connected and softmax layer to

classify the poems/verses.

The structure of the article is as follows: in Section

2, we review the related works in the poet identifica-

tion problem, then in Section 3, we propose our R-

CNN model and the motivation behind it. Next, in

Fig. 1 Difference between a poem and a verse
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Section 4, the dataset, baseline models, experiment

settings, comparison to other algorithms, and the

results were described in detail. Finally, we draw a

conclusion in Section 5.

2 Related Works

In one of the earliest works in this field, Hoorn et al.

(1999) used letter sequence to identify poets. They

believed that letter combinations are unique to the

style of poets. Based on this belief, they used n-gram

of letters as a representation. Finally, they used classi-

fication and clustering algorithms including neural

networks, naive bayes, and k-means to identify poets.

They obtained an accuracy of 85% on the dataset with

two poets and 70% on the dataset with three poets.

In another research, Shahmiri and Ghidary (2006)

designed twenty-three manually extracted features in

three different categories for Persian poems to distin-

guish poems from Shahnameh, the world’s longest

epic poem written by a single poet named Ferdowsi.

They used decision tree as their baseline model and

feed-forward neural network as their proposed

method. They identified poems of Shahnameh with

the accuracy of 100%.

Rakshit et al. (2015) used four different categories

of features, including orthographic, syntactic, phon-

emic, and lexical to classify poems based on their sub-

ject and poets. They used support vector machine

(SVM) and naive bayes algorithms to classify the

poems of four different poets. The system identified

poets with the accuracy of 92%.

Finally, in one of the most recent works of the poet

identification task, Waijanya and Promrit (2018) pro-

posed a model using CNN to identify poets of Thai

poems. They extracted features automatically using

CNN and fed them to a fully connected layer followed

by a softmax layer. The accuracy was 100%, 80.22%,

72.92%, and 57.32% for two, three, four, and five poets.

3 Model

In this section, we present our proposed R-CNN model

for the poet identification task. The model has three

major parts: recurrent layers, convolutional layers, and

fully connected layers. The first two parts of the model

capture semantic features of the input text. The last part

uses the extracted features to predict the poet. The

architecture of our model is presented in Fig. 2.

The proposed model is used for poet identification

either from a whole poem or from a single verse.

Therefore, the input of the network is a poem/verse

D, which is a zero-padded sequence of word embed-

ding vectors x1; x2; x3; . . . ; xn; i.e. in the ðn� kÞ input

matrix, the rows are words and columns are dimen-

sions of the word embeddings. Since the number of

words in different input texts is different, the matrix is

zero-padded.

The output of the network is the corresponding

poet of the input D. In our model, pðajD; hÞ is the

probability that poem/verse D belongs to poet a,

where h is the parameters of the network.

3.1 RNN part of the model
In the first part of the model, we use a recurrent archi-

tecture to extract temporal features of the input. The

structure of these models are suitable to process texts

because they extract the context of variable-length

inputs by applying a transition function to their in-

ternal hidden state vector ht of the input sequence

(Elma, 1990). A function f of the current input xt

and the previous hidden state ht�1 is used to compute

the activation of the hidden state ht at time-step t

ht ¼
0 t ¼ 0

f ðht�1; xt Þ otherwise

�
(1)

It is common to use function f as the composition

of an element-wise non-linear function like ReLU

(Nair and Hinton, 2010), tanh (Khater et al., 2002),

and sigmoid.

The most important problem of this model is the

vanishing or exploding gradients, which makes it al-

most impossible to capture long-distance correlations

in the input sequence (Hochreiter et al., 2001). There

are two approaches to address this issue, namely long

short-term memory (LSTM) and gated recurrent unit

(GRU), which will be discussed in the following

sections.

3.1.1 LSTM

LSTM (Hochreiter and Schmidhuber, 1997) was pro-

posed specifically to tackle the problem of learning

RCNN for poet identification
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long-term correlations in an input sequence. The dif-

ference between LSTM and traditional RNN is that it

maintains a cell inside it which updates and exposes its

content only when it is necessary.

A LSTM unit is shown in Fig. 3.2 LSTM units at

each time step t are a collection of vectors in R
d

including the number of LSTM units d, an input

gate it, a forget gate ft, an output gate ot, a memory

Fig. 2 Model overview of R-CNN architecture for poet identification
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cell ct, and a hidden state ht. (Liu et al., 2016). The

LSTM transition equations are as follows:

it ¼ rðWixt þ Uiht�1 þ Vict�1Þ; (2)

ft ¼ rðWf xt þ Uf ht�1 þ Vf ct�1Þ; (3)

ot ¼ rðWoxt þ Uoht�1 þ VoctÞ; (4)

~c t ¼ tanhðWcxt þ Ucht�1Þ; (5)

ct ¼ f i
t � ct�1 þ it � ~c t ; (6)

ht ¼ ot � tanhðctÞ; (7)

where xi is the input at the current time step, r is the

logistic sigmoid function and � denotes element-wise

multiplication. It is obvious that the forget gate controls

the memory of the cell, the input gate controls the

amount of update of each unit, and the output gate

controls the output process of the current hidden state.

In our model, we use three stacked layers of LSTM.

In the first layer, we have 128 LSTM units and in each

of the two following layers, we have sixty-four LSTM

units. Each of these three layers has ReLU as their

activation function. To address the problem of over-

fitting, we use a dropout technique not only between

the layers of LSTM but also between time steps of the

network (Gal and Ghahramani, 2016). This technique

is called variational RNN.

Having captured temporal features of the input

vector, we form an intermediate matrix which will

be used by the next part of the model. To form the

matrix, unlike traditional text classification models

that use a fully connected network following an

RNN to predict the output, we unroll the output of

the last LSTM layer to form a matrix of shape ðn� 64Þ
in which n is the number of the input words.

3.1.2 GRU

GRU is another model proposed by Cho et al. (2014)

to address the problem of learning long-term correla-

tions in an input sequence. This model is a simplified

version of LSTM in which the control gate has been

removed to decrease the number of parameters and

the running time of the model.

A GRU unit is shown in Fig. 4.3 As LSTM units,

GRU units at each time step t are a collection of vec-

tors in R
d including the number of GRU units d, an

update gate z, a reset gate r, and a hidden state ht

(Chung et al., 2014). The GRU transition equations

are as follows:

zt ¼ rðWzxt þ Uzht�1Þ; (8)

rt ¼ rðWr xt þ Ur ht�1Þ; (9)

~ht ¼ tanhðWhxt þ Uhðrt � ht�1ÞÞ; (10)

ht ¼ ð1� zÞht�1 þ zt
~ht ; (11)

where xi is the input at the current time step, r is the

logistic sigmoid function and� denotes element-wise

multiplication. The GRU unit does not control the

amount of the exposure of its current state. In other

words, the GRU unit exposes the whole state at each

time.

In our model, for the implementation of the GRU

network, we use the same architecture as LSTM, and

produce the same matrix shape ðn� 64Þ in the

output.

Although, we might think that the performance of

the GRU unit is less than the LSTM unit because of its

simplification, in some tasks and datasets the GRU

even outperforms the LSTM unit (Chung et al.,

2014). In general, there is no concrete rule about the

superiority of either of these two gating units (Chung

et al., 2014).

3.2 CNN part of the model
In the next part of our proposed model, we use CNN

to capture the spatial features of the input vector

Fig. 3 A schematic view of an LSTM unit

RCNN for poet identification
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(Kim, 2014). The second part of our model in Fig. 2

shows the architecture of the CNN model.

A convolution operation on h consecutive input

vectors starting from tth uses a filter Wf 2 R
h�m to

output a scalar feature (Lee and Dernoncourt, 2016)

which is defined as follows:

ct ¼ ReLUðWf � Xt :tþh�1 þ bf Þ; (12)

where Xt :tþh�1 2 R
h�m is the matrix whose ith row is

xi 2 R
m, and bf 2 R is a bias term.

This part of the model consists of two different

filter sizes: ð10� 64Þ and ð10� 128Þ. First, we con-

volve the intermediate matrix with 128 filters of size

ð10� 64Þ with ReLU activation function, followed

by a max pooling layer to select the important fea-

tures and reduce the dimension of the matrix. We

carry out the same process with sixty-four filters of

size ð10� 128Þ and thirty-four filters of size ð10�
64Þ as well.

CNN is one of the most complicated models in

terms of time complexity. It has a huge amount of

computations which makes it slow to learn from the

training dataset. To address this issue and increase the

stability of the model, a batch normalization technique

(Ioffe and Szegedy, 2015) has been used in this part.

We have shown the dimension of each intermedi-

ate matrix in Fig. 2 to make it easy to follow. All of the

convolution and max-pooling layers use a valid pad-

ding. Consequently, a max pooling layer decreases the

dimension of its input by a factor of two.

Having extracted the spatial features of the input

using the CNN part of the model, we flatten the out-

put matrix to feed it to a fully connected layer.

3.3 Fully connected and softmax layer
In this part, which is the final part of the model, using

the previously computed and flattened semantic fea-

tures, the fully connected part with sixty-four units,

ReLU activation function, and dropout layer of rate

0.5 tries to predict the output pðajD; hÞ. Finally, in the

last part, we have a fully connected layer with softmax

activation. It converts the output numbers into

probabilities.

pi ¼
expðxiÞPn

k¼1 expðxiÞ
; (13)

where xi is the ith element in the output vector of the

previous layer.

4 Experiments

4.1 Dataset
To evaluate our model, we used the Persian poem

database Ganjoor.4 For tokenization, converting

pseudo-space to space, and any character level correc-

tion, we have used Hazm,5 a Persian pre-processing

library in Python. The database includes 63,791 poems

from seventy-two distinct poets which includes

1,649,240 verses, 11,767,829 tokens, and 328,444

types.

We selected a specific style of Persian poetry named

Ghazal (Asgari et al., 2013) from the dataset. By doing

so, we made the prediction task harder for our model,

because the model had to distinguish poets from a

poem/verse itself rather than the style of poem.

Poets who have been selected for each dataset are

shown in Table 1.

For the poet identification task, we used eight dif-

ferent chunks of this dataset, half of which was poem

based and the other half was verse based. Number of

poets, poems, verses, types, and tokens for these eight

Fig. 4 A schematic view of a GRU unit
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subset of the dataset is shown in Table 2. In all data-

sets, the number of instances for different poets are

balanced. The proportions of data for train, valid-

ation, and test sets are 70%, 10%, and 20%, respect-

ively, and the evaluation is done using five-fold

validation technique.

To build the vector representation of words, we

pre-trained the word2vec continuous skip-gram

model with the Persian Wikipedia dataset including

678,355 word tokens. To train the word2vec model,

we have used the window size of five with ten itera-

tions and 300 vector length. Then, we used the whole

Ganjoor dataset to fine-tune the model.

4.2 Baseline models
In this section, we introduce the baseline models to be

used to compare with our proposed method. To this

end, we used two traditional models and one deep

neural network model for poet identification.

The first model which is used for this purpose is

SVM (Cortes and Vapnik, 1995). Kernel-based SVMs

are successfully used in a vast range of applications

including text (Joachims, 1998) and image (Chapelle

et al., 1999) classification. Although it is successfully

used in practice, its fit time complexity made it hard to

scale to large datasets, because it is more than

quadratic. We use the RBF kernel, and to support

the multi-class classification, the one-vs-one scheme

is implemented. To feed the data to this model, we use

averaged word2vec (Le and Mikolov, 2014) continu-

ous skip-gram.

The second model that is used to compare with our

proposed model is multinomial logistic regression

(Böhning, 1992), which is a generalization of logistic

regression for multi-class support. As the SVM model,

for this model, we use averaged word2vec continuous

skip-gram.

Finally, as the last baseline model, we use one of the

most recent proposed models in poet identification.

The model is a CNN based model which has been used

for identifying the poet of Thai poems by Waijanya

and Promrit (2018).

4.3 Experiment settings
We used the sklearn library for SVM and multinomial

logistic regression. For neural network implementa-

tions including the CNN model and our proposed

model, we made use of Keras framework.

For SVM, we use the following hyperparameters:

1.0 C, RBF kernel, and degree three. For multinomial

logistic regression, the hyperparameters are: 1.0 C, lbfgs

solver, and multinomial as the multiclass option. For the

CNN model, we use the proposed architecture by

Waijanya and Promrit (2018), adam (Kingma and Ba,

2015) as the optimizer, and the categoricalcrossentropy as

the loss function. Finally, for the proposed method

which is shown in Fig. 2, we use the adam optimizer

with categoricalcrossentropy loss function.

4.4 Results and discussion
As we mentioned in Section 4.1, we have eight differ-

ent evaluation scenarios to evaluate the proposed

method. These datasets fall into two major categories:

based on poem and based on verse. Each of these two

Table 1 List of poets in each dataset

Types of datasets Poets

Datasets with two poets Attar Nishapuri and Saib Tabrizi

Datasets with three poets Attar Nishapuri, Saib Tabrizi, and

Hakim Nazari

Datasets with five poets Fayz Kashani, Attar Nishapuri, Saib

Tabrizi, Khaqani, and Hakim

Nazari

Datasets with ten poets Rumi, Fayz Kashani, Attar Nishapuri,

Saib Tabrizi, Sanai, Saadi Shirazi,

Khaqani, Hakim Nazari, Awhadi

Maraghai, and Anvari

Table 2 Statistical information about datasets

Poem-based dataset Verse-based dataset

List of poets in each dataset Poems Tokens Types Verses Tokens Types

Dataset with two poets 2,000 215,113 18,296 10,000 69,541 10,147

Dataset with three poets 3,000 350,636 25,421 15,000 104,904 13,436

Dataset with five poets 5,000 578,971 37,910 25,000 173,256 19,724

Dataset with ten poets 10,000 1,151,642 61,392 50,000 341,119 31,107

RCNN for poet identification
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categories has four different subcategories with ten,

five, three, and two poets. The result of our experi-

ments is shown in the Tables 3–6.

As can be seen from the results, the proposed

method outperformed all other models not only in

poem-based evaluation but also in verse-based.

Table 3 Poet identification result among ten poets

Poem-based prediction Verse-based prediction

Models Precision Recall F-Score Precision Recall F-Score

SVM 0.53 0.31 0.28 0.34 0.33 0.33

Logistic regression 0.65 0.66 0.65 0.36 0.37 0.37

CNN (Waijanya and Promrit, 2018) 0.74 0.66 0.66 0.36 0.34 0.35

R-CNN with GRU 0.78 0.78 0.78 0.41 0.41 0.40

R-CNN with LSTM 0.80 0.78 0.78 0.43 0.42 0.42

Bold values indicate the best result for each metric.

Table 4 Poet identification result among five poets

Poem-based prediction Verse-based prediction

Models Precision Recall F-score Precision Recall F-score

SVM 0.68 0.58 0.52 0.56 0.56 0.56

Logistic regression 0.84 0.84 0.84 0.59 0.59 0.59

CNN (Waijanya and Promrit, 2018) 0.80 0.73 0.73 0.61 0.60 0.60

R-CNN with GRU 0.94 0.94 0.94 0.67 0.66 0.66

R-CNN with LSTM 0.93 0.93 0.93 0.67 0.65 0.65

Bold values indicate the best result for each metric.

Table 5 Poet identification result among three poets

Poem-based prediction Verse-based prediction

Models Precision Recall F-Score Precision Recall F-Score

SVM 0.87 0.87 0.87 0.73 0.72 0.72

Logistic regression 0.93 0.93 0.93 0.75 0.76 0.75

CNN (Waijanya and Promrit, 2018) 0.95 0.95 0.95 0.77 0.77 0.77

R-CNN with GRU 0.99 0.99 0.99 0.80 0.80 0.80

R-CNN with LSTM 0.98 0.98 0.98 0.80 0.80 0.80

Bold values indicate the best result for each metric.

Table 6 Poet identification result among two poets

Poem-based prediction Verse-based prediction

Models Precision Recall F-Score Precision Recall F-Score

SVM 0.96 0.96 0.96 0.90 0.90 0.90

Logistic regression 0.97 0.97 0.97 0.91 0.91 0.91

CNN (Waijanya and Promrit, 2018) 0.99 0.99 0.99 0.93 0.93 0.93

R-CNN with GRU 0.99 0.99 0.99 0.94 0.94 0.94

R-CNN with LSTM 0.99 0.99 0.99 0.94 0.94 0.94

Bold values indicate the best result for each metric.
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Considering the average of f-measures in different set-

tings for the number of poets, in poem based datasets,

we have 9%, 8%, and 26% improvement in compari-

son to CNN, multinomial logistic regression, and

SVM, respectively. In verse based datasets, we

achieved 4%, 4%, and 8% improvements in compari-

son to CNN, multinomial logistic regression, and

SVM, respectively.

Comparing evaluations for different numbers of

poets, we can see that, although some baseline mod-

els have relatively high performance on datasets

with a few numbers of poets (two and three poets),

they could not achieve reasonable results for a

higher number of poets. The proposed method,

however, has remarkable results on datasets with

five and ten poets. For poem based datasets, we

have 16%, 11%, and 45% improvements on average

for f-measure in comparison to CNN, multinomial

logistic regression, and SVM, respectively. For verse

based datasets, the proposed method outperformed

CNN, multinomial logistic regression, and SVM

with 5%, 4%, and 7% f-measure improvements on

average, respectively.

As mentioned in Section 3, in our proposed model,

two different RNN units, namely LSTM and GRU,

have been used. Based on the results of these two

gaiting models, we observe that there is no significant

difference between the two models. Our experiments

on two-tailed t-test on all eight different datasets

proved that both LSTM and GRU can be used in the

model, and we cannot make a strong deduction about

their difference in this task.

Comparing the three baseline models, the worst

model among all these algorithms is SVM. As it is

shown in all the above tables, the SVM model has a

very poor performance, especially on datasets with five

and ten poets.

The superiority of the CNN and R-CNN models is

evident. They have more parameters. As a result, they

are more flexible and powerful than SVM and logistic

regression.

Regarding the comparison between SVM and lo-

gistic regression, while logistic regression optimizes

the log-likelihood function, SVM tries to find an op-

timal hyperplane categorizing examples. Moreover,

logistic regression can regularize the model in a great

variety of ways, which made it suitable to be applied to

data whose features might not be correlated.

5 Conclusion

In this work, we conducted comprehensive research

on the poet identification task either based on poem

or verse and proposed a novel R-CNN architecture

that outperformed all other state-of-the-art models

on the Persian poem database named Ganjoor. The

model uses its recurrent part to extract temporal fea-

tures and its convolutional part to extract the spatial

features which make it the envy of the models in poet

identification task.

For the recurrent part of our model, we tried both

LSTM and GRU units and showed that both models

could be used in this architecture with no significant

difference.
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