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Abstract. The ever-growing volume of documents available online have 

compelled the need for smart text summarization systems and due to their state-of-

the-art performances, deep learning approaches for text summarization has gained 

momentum recently. The objectives of this paper are threefold; first, we present a 

comprehensive review of the state-of-the-art approaches in automatic 

summarization research. Next, we provide an overview of the databases available 

for training and benchmarking the text summarization algorithms. Furthermore, we 

discuss the available evaluation measures for quality assessment of system 

generated summary. A performance comparison of the methods demonstrates that 

Convolutional Neural Network (CNN) based approach achieve better accuracy for 

extractive summarization whereas, for abstractive summarization, Deep Recurrent 

Generative Networks (DRGN) provides state-of-the-art results. 
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1. Introduction 

There are billions of documents available online such as news, scientific articles, and 

blogs that contain longer pieces of text which can be summarized to provide short and 

meaningful information to the users. The text summary can be extractive or abstractive; 

in extractive the summary is generated by selecting salient sentences of the document 

and in abstractive, a summary is generated by paraphrasing the key concepts of the 

document. The main purpose of this survey is to provide a review of three major 

aspects of text summarization research including recent approaches, databases and 

evaluation measures. To the best of our knowledge, no such survey is available 

discussing all this at one place. The major contributions of this paper include: 

 A survey of most influential work (based on yearly citations1) based on deep 
learning (DL) approaches for automatic text summarization. 

 A review of well-known research databases for training and evaluation of 

summarization algorithms. 

 An overview of available famous evaluation measures to benchmark the quality 

of system generated summary against the ground truth data. 

                                                        
1 Obtained from Google Scholar 



The rest of the paper is organized as follows: Section 2 describes summarization 

algorithms for text. In Section 3, the databases are discussed. Next, we explain the 

available evaluation measures in Section 4. Afterwards, we provide a comparative 

analysis of discussed methods in Section 5, followed by conclusion in Section 6. 

2. Deep Learning based Automatic Text Summarization Approaches 

In Table 1, we provide the summary of the automatic summarization algorithms.  

Table 1: Summary of deep learning based approaches 

Authors DL  Summary of Approaches 

    Cheng et al.  

[10] 

CNN, 

RNN 

Authors proposed a hierarchical framework which makes use of CNN to generate 

sentence representation and RNN to represent the document. 

Nallapati et 

al. [12] 
RNN 

The model consists of a two-layer bi-directional GRU-RNN sequence model for 

extractive summarization of documents. 

Cao et al. 

[6] 
CNN 

The CNN is used to generate sentence embeddings and pooling applied with attention 

mechanism to combine sentence embeddings to form document embeddings in same 

latent space. 

Cao et al. 

[8] 
CNN 

Authors developed a novel system called PriorSum that applied the enhanced 

Convolutional Neural Networks to capture the summary prior and concatenated them 

with document dependent features under a regression framework. 

Yin and Pei 

[5] 
CNN 

The CNN based Language models are used for sentence representation and an 

optimization based on prestige and diversity is used to generate the summary. 

Cao et al 

[7] 
R2N2 

Their approach is based on Recursive Neural Networks to rank sentences for multi 

document summarization. 

Kageback 

 [11] 

RAE, 

FFNN 

Authors exploited continuous vector representations for semantically aware sentence 

representations to generate an optimal summary. 

Rush et al 

[3] 
NNLM 

They utilized Neural attention model with a contextual input encoder to generate 

abstractive summaries. 

Chopra et 

al.[4] 
RNN 

Authors proposed a novel convolutional attention-based conditional recurrent neural 

network model for abstractive sentence summarization. 

Nallpati et 

al. [1] 
RNN 

The encoder consists of bidirectional GRU-RNN and decoder consists of unidirectional 

GRU-RNN with an attention mechanism over source hidden states. 

Ma et al.[9] NPLM Authors proposed a Neural Document Model based on Word and paragraph vectors. 

Li at al. 

[13] 

VAE, 

DRGN 

To improve the performance and quality of abstractive summarization, the approach is 

based on the sequence to sequence oriented encoder-decoder framework equipped with 

a latent structure modeling component of Variational Auto-Encoders. 

DL- Deep Learning, CNN- Convolutional Neural Network, RNN- Recurrent Neural Network,  

VAE-Variational Autoencoder,  NNLM-Neural Network Language Model,  

DRGN-Deep Recurrent Generative Decoder,   NPLM- Neural Probabilistic Language Model 

3. Datasets for Text Summarization Research 

Since deep learning systems require an enormous amount of data for training, many 
authors utilized Gigaword dataset [16] for abstractive as well as extractive 

summarization. Recently CNN and DailyMail news datasets [15] emerged as good 

source for training and testing purposes. DUC (Document Understanding Conference) 

datasets [14] such as DUC 2001, DUC 2002, DUC 2003, DUC 2004, DUC 2005, DUC 

2006, and DUC 2007 are the benchmark datasets available in the literature for reporting 

accuracies on different summarization tasks. 

4. Evaluation Measures 

The evaluation approaches can be broadly divided into intrinsic and extrinsic [17] and 

various different types of measures under these categories are presented in Table 2 & 3. 



 

5. Performance Comparison of Text Summarization Algorithms 

In this section, we conduct a performance analysis of deep learning based text 

summarization systems and report their ROUGE scores obtained from literature in 

Table 4. For the task of single document extractive text summarization, Cheng at al. 

[10] reports the best system on DUC 2002 single document summarization task. For 
DUC 2004 multi-document summarization, the language model based method of Yin 

and Pei [5] achieves the best result. For abstractive text summarization on DUC 2004 

and Gigaword both, the Deep Recurrent Generative Networks proposed by Li et al.[13]  

Table 4: Performance Comparison Deep Learning based Text Summarization Systems 

Approaches 
Single/ 

Multi/Sentence 

Extractive/ 

Abstractive 

Evaluation 

Dataset 
Rouge-1 Rouge-2 Rouge-L 

Rouge-

SU4 

Cheng et al. [10] 

single 

abstractive CNN, DailyMail 42.20 17.30 - 34.8 

extractive DUC2002 47.40 23.00 43.5 - 

SummaRunner 

[12] 

abstractive CNN, DailyMail 42..20 17.3 34.4 - 

extractive 
DUC2002 47.40 24.0 43.8 - 

Kageback [11] Opinosis 34.72 5.89 - 12.38 

Nallpati et al.[1] 

abstractive 

DUC 2004 28.35 9.46 24.59 - 

CNN, DailyMail 32.49 11.84 29.47 - 

DRGN[13] 
DUC2004 31.79 10.75 27.48 - 

Gigaword 36.27 17.57 33.62 - 

Attsum[6] 

multi   extractive 

DUC 2005 37.01 6.99 - - 

DUC 2006 40.90 9.40 - - 

DUC 2007 43.92 11.55 - - 

Cao et al[8] 

DUC 2001 35.98 7.89 - - 

DUC 2002 36.63 8.97 - - 

DUC 2004 38.91 10.07 - - 

Yin and Pei [5] 
DUC 2002 51.01 26.97 - 29.4 

DUC2004 40.90 10.70 - 14.9 

Cao et al[7] 

DUC2001 36.91 7.87 - - 

DUC2002 37.96 8.88 - - 

DUC2004 38.78 9.86 - - 

Ma et al.[9] 
DUC2006 42.19 9.31 - 15.17 

DUC2007 43.42 10.50 - 16.24 

Rush et al[3] 

       sentence abstractive 

DUC 2004 28.18 8.49 23.81 - 

Gigaword 31.00 12.65 28.34 - 

Chopra et al.[4] 
DUC2004 28.97 8.26 24.06 - 

Gigaword 33.78 15.97 31.15 - 

Table 2: List of intrinsic evaluation measures 

S.No Intrinsic Evaluation 

1 

T
ex

t 

Q
u

al
it

y
 

M
ea

su
re

s Grammaticality 

2 Non-Redundancy 

3 Reverential Clarity 

4 Structure and Coherence 

5 

C
o

n
te

n
t 

 

E
v

al
u

at
io

n
 

Precision, Recall and F-score 

6 Relative utility 

7 Cosine Similarity 

8 Unit overlap 

9 Longest common subsequence 

10 n-gram matching (ROUGE) 

11 Pyramids 

12 LSA-based measure 

 

 

 

 

 

 

  Table 3: List of extrinsic evaluation measures 

S.No Extrinsic Evaluation 

1 Document Categorization 

2 Information retrieval 

3 Question Answering 

 



perform better than other approaches [1, 3, 4]. 

6. Conclusion 

In this paper, we presented a review of deep learning based famous text summarization 

systems, benchmark databases for training and evaluation, and well-known measures 
for summary quality assessment. We also provided an analysis of accuracies of various 

text summarization methods and reported their ROUGE scores obtained from the 

literature. One of the major findings of this study is that people have exploited all 

major deep learning techniques for summarization task such as auto encoder, CNN, 

RNN. It is also observed that the CNN based approaches provide good accuracy for 

extractive summarization, and RNN techniques give better results for abstractive 

summarization. Another key observation is that mainly the news datasets are available 

and used in various researches, thus performance in other domains is still questionable.  
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