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Abstract—Document Classification is a Natural Language Processing task, which generally uses 
deep neural networks to extract features from full textual information. The extracted features 
may or may not be relevant for classification of a document. We propose a framework to 
address the classification of long documents from coarse level to finer level by combining 
recurrent attention mechanism. It constructs the discriminative features with fewer words. The 
main idea is to train the recurrent neural network which focuses its attention on distinct parts 
of the document. It includes reinforcement learning agent at the word level for emitting the next 
block location to be glimpsed. Convolutional neural network (CNN) is used to extract glimpsed 
features from focused words. Both sentence and document representation can be obtained from 
word level and sentence level respectively. Experiments conducted on our collected 5-class 
arXiv papers dataset, the proposed method surpass the existing methods with less observed 
words.  
 
Index Terms— Document classification, deep learning, recurrent attention mechanism, deep 
reinforcement learning. 

I. INTRODUCTION 

Document classification is a task of assigning pre- defined labels to text. It is a classic problem of information 
retrieval. Documents generally consist of structured textual information such as journal papers, books, business 
reports etc. Document classification is necessary for identifying and preventing the inappropriate content present 
in the document from distribution among people. With the advent of deep learning, document classification 
methods have been proposed, such as the convolutional neural networks, recurrent neural networks to 
comprehend text representations. In the first place, convolutional neural networks were mostly used for deep 
learning exploration. Hoa T et al [1] shows that deep models give better performance than shallow and wide 
convolutional neural networks when the input is a sequence of characters. Kim [2] proposed a new model by 
altering the CNN architecture; it extracts the relevant words of a sentence and converts them into vectors for 
classification. There are certain limitations exist with CNN. After additional exploration, new model like RNN 
or LSTM is perceived for remembering information for long period. Zhou et al [3] have combined both CNN 
and  RNN  architectures  into  new model called C-LSTM for document modeling. It outperforms both CNN and  
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LSTM; achieve excellent results on sentiment classification. Although, these approaches have been effective for 
short text classification. 
Although, the document comprises textual data, but document classification cannot be considered as the 
summation of the different text classification results. Sentiment classification and topic labeling is mainly 
intended for short text. But for lengthy textual documents such as novels, academic journals etc., directly 
employing the deep learning based methods would not be suitable. Because a long document would produce the 
very large word vector which burdens the memory. 
In order to overcome the above limitation, the recurrent attention learning is combined with the deep learning 
and reinforcement learning is introduced. It requires only few glimpses to extract the meaningful features for 
classification [4]. It does not focus its attention from coarse level to finer level in a document. 
Because the documents have a hierarchical structure, a document representation can be constructed by first 
creating representations of sentences and then aggregating them. An attention mechanism is included in the 
document hierarchical structure to pay more or less attention at both words and sentences in order to obtain 
document representation for classification [5]. This hierarchical attention network does not extract the most 
relevant parts from a lengthy document. Then in this regard, how to classify the lengthy documents by learning 
optimal policy through attention mechanism from coarse level to finer level is essential to design an effective 
model for classification. 
In this paper, we propose a new model for document classification which does not make use of complete 
information present in the document; instead it only uses few glimpses to construct the distinguishing features 
for classification. For the purpose to determine the best position of glimpses, we confront this issue as 
reinforcement learning problem. We aim to obtain better classification accuracy by training a smart agent, which 
regulates how to glimpse the next position within a document and get better document representation. Our 
objectives are, to design a framework based on hierarchical attention mechanism and reinforcement learning for 
lengthy document classification, to classify the documents based on the designed framework and to analyze the 
performance of existing methods with the proposed method.  
Our main contribution is the hierarchical recurrent attention learning framework with policy network. We train a 
smart agent in order to find the most distinguishing blocks of words for classifying the lengthy documents from 
coarse level to finer level that improves the classification accuracy. We conduct experiments on datasets; the 
results show that our model outperforms the baseline models.  
The paper is arranged as follows: in section 2, we summarize the literature related to our work. Section 3 
presents the proposed method framework and details of each of the module. Section 4 presents the classification. 
In section 5, we discuss about the experiments that is datasets and implementation details. Section 6 presents the 
results and discussion. Section 7 presents the conclusion and future work. 

II. RELATED WORK  

Document Classification is essential to assemble documents for extraction, exploration, selection and annotation. 
Traditional methods used for feature extraction such as  bag of words (BOW)[6], n-grams[7], term frequency-
inverse document frequency (TF-IDF)[8] which represents the document as feature vectors. The classification 
algorithms such as Naïve Bayes [9], Support vector machine [10]; logistic regression [11] uses the feature vector 
as input and predicts the document class label as output. Though the traditional methods are simple and robust, 
but unable to capture the contextual information or the order of words which effects the classification accuracy, 
and also lengthy document have the problem of sparsity. The distributed word to vector (Word2Vec) [12] 
representation captures the semantic information of words.Word2Vec is an embedding model which is trained on 
the adjacent words over big corpus and employed by neural networks. GloVe [13] is another method of word 
embedding which is based on global matrix factorization and local context window. Both Word2Vec and GloVe 
generates word vectors with quiet differences. Recently, deep learning models [14] are developed for numerous 
text classification problems comprising news categorization, question answering, natural language inference, 
sentiment analysis, topic classification etc. which automatically extracts the features from input text. 
Convolutional Neural Networks (CNN) has achieved great success in the field of Computer Vision. CNN has 
also been applied to the field of natural language processing.  For example, Xiang et al. [15] have applied 
ConvNets on characters, a sequence of characters are converted to some fixed size vectors. Analysis shows that 
the character level ConvNet is an implicit method for classification. But CNN is only suitable for short text 
classification. Recurrent Neural Networks (RNN) have been successfully applied for sequential data. RNN based 
models captures word dependencies. For example, Lai et al [16] have proposed a RNN model which bags the 
contextual information and constructs the textual representation using CNN. A variant of RNN called LSTM 
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[14] is used to capture long term dependencies in text. It also tackles the gradient vanishing and exploding 
problems. For example, Wang et al [17] have proposed a classification model based on CNN and LSTM which 
connects the extracted local features effectively and improves the classification accuracy. A sequence-to-
sequence model comprises of an encoder-decoder architecture [18]. Attention has been successfully applied to 
NLP tasks. Attention mechanism [19] allows the model to pay attention to only specific parts of the input. 
Recently, Yang et al [5] proposed a hierarchical attention networks. It has two distinguishing characteristics: (1) 
a hierarchical structure which reflects the hierarchical structure of documents (2) two levels of attention (at both 
word and sentence). It performs remarkably better than previous models but cannot be applied to lengthy 
documents. Seq2seq models [20] experience the problem of exposure bias and instability between train/test 
estimation. These problems can be addressed by combining the Reinforcement Learning (RL) methods with 
seq2seq models that remembers long-term memories. Liu et al [21] proposed a new framework based on 
cognitive technique of reading called JUMPER, which represents the text classification as a sequential decision 
process. It has the property of making decision whenever the affirmation is sufficient, reduces the reading by 30-
40% and achieves the better classification accuracy. Jun He et al [4] proposed a new approach for document 
classification which needs only the few glimpses of word blocks. It employs the RL agent along with recurrent 
attention learning. An agent is trained to control the consequent glimpses of locations in a long document to 
make the correct predictions. However, it is limited to only word representation.  Distinct from existing methods, 
our paper represents document classification as a sequential decision approach. It is similar to the controller in 
Jun He et al [4] and hierarchical structure in Yang et al [5] which is not applicable to lengthy document. We 
propose a new decision making model which pays attention from coarse level to finer level in a document and is 
trained by reinforcement learning. 

III. THE PROPOSED MODEL  

The proposed system is influenced by both recurrent attention model (RAM) [22] and hierarchical attention 
network (HAN) [5]. It employs a smart agent to regulate the attention for next glimpse part related to the context 
and policy that is learned through experience. It chooses the more appropriate words blocks that constitutes the 
attributes of the document. The overall framework of proposed model is shown in figure 1. It consists of various 
modules at both word level and sentence level. A document is divided into subsamples by choosing several word 
blocks from it.  
Consider that a document consists of S sentences si, where each sentence consist of Wi words. Then, wit depicts 
the words in the ith sentence. 

A. Glimpse Module 
At each time interval, the glimpse module perceives a set of words identified and converted into word vectors 
through embedding layer at the location	݈ܿ݋௧ 	. A glimpse module is basically a convolutional neural network 
(CNN) which consists of convolutional layer and max pooling layer. The word vectors are mapped to get feature 
vector݋௚ . 

B. Word Level 
This level consist of two parts: a word encoder and a word attention layer, which are recurrent module and 
attention module respectively. The word-level attention module consists of a PolicyNet which is basically a 
reinforcement learning agent. We represent the details of all distinct modules below: 

I. Recurrent Module 
At time step t, the recurrent module takes the feature vector ݋௚  generated by the glimpse module as input, then 
combines ݋௚ with its hidden state ℎ௧ିଵ to induce its next state vector ℎ௧ according to LSTM mechanism as 
shown below: 

a) LSTM based encoder 
Long Short Term Memory has three gates, they are input gate, output gate and forget gate. The forget gate looks 
at the previous hidden state ℎ௧ିଵ	and input	ݔ௧	. In the cell state, for each value it produces number between 0 and 
1. ௧݂  closer to 1 denotes retain the information. ௧݂  closer to 0 denotes omit the information. 
The input gate has two layers, they are a sigmoid layer and a tanh layer. First, a sigmoid layer decides which 
values will be updated and then a tanh layer creates a vector for new values,		ܥ௧෩  which could be added to state.  
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Figure 1: The Proposed Model Framework 

Multiply both ௧݂   and old state to forget the values. By adding  ݅௧ × ௧෩ܥ , a new candidate values are obtained, 
which decides on how much update in state value is required.Finally, the output gate decides what to output 
based on cell state, ouput is the filtered version. First, the sigmoid is executed. Then, the cell state is passed 
through tanh and multiplied with the ouput of  the sigmoid, which leads to the next hidden state ℎ௧ according to 
LSTM as shown in Equation (1). 

⎩
⎪
⎪
⎨

⎪
⎪
⎧ ௧݂ = 	 ௢൫ߪ ௙ܹ ∙ ൣℎ௧ିଵ,݋௚൧ + ௙ܾ൯

݅௧ = ௢൫ߪ ௜ܹ ∙ ൣℎ௧ିଵ,݋௚൧+ ܾ௜൯
෪	௧ܥ = tanh൫ ௖ܹ ∙ ൣℎ௧ିଵ, ௚൧݋ + ܾ௖൯

௧ܥ = ௧݂ ∗ ௧ିଵܥ + ݅௧ ∗ ௧෩ܥ
௧݋ = ௢൫ߪ ௢ܹ ∙ ൣℎ௧ିଵ,݋௚൧+ ܾ௢൯

ℎ௧ = ௚݋ ∗ tanh(ܥ௧)

                                (1) 

a) Word Encoder                            
In word encoder, a BiLSTM is used to get word annotations by summing up information from both forward and 
backward word directions. Annotation represents the contextual information. The BiLSTM consists of forward 
LSTM, which scan the sentence si from first word to last word and backward LSTM scans from last word to first 
word as shown in Equation (2). 
 

ℎሬ⃗ ௜௧ = ሬሬሬሬሬሬሬሬሬሬሬ⃗ܯܶܵܮ ൫݋௚௜௧൯, ݐ ∈ [1,ܶ] 
ℎ⃖ሬ௜௧ = ,௚௜௧൯݋ሬ⃖ሬሬሬሬሬሬሬሬሬሬ൫ܯܶܵܮ ݐ ∈ [ܶ, 1]    

ℎ௜௧ = [ℎሬ⃗ ௜௧ , ℎ⃖ሬ௜௧] 
  

(2) 
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For a given word wit, an annotation is obtained by combining both the forward and backward hidden states. ℎ௜௧  
sum up the whole sentence information surrounded by wit . 
2) Attention Module: 
Here, attention mechanism is introduced to gather the informative words that are important to form a sentence 
vector. 
a)  Word Attention 
It is basically a policy network called PolicyNet, where a deep reinforcement learning agent is employed to 
sample the word block of the document to be glimpsed next.  
b) PolicyNet 
A deep neural network (DNN) acts as a policy network which takes action by emitting the location ݈ܿ݋௧	after 
examining present glimpsed feature ݋௚  and its hidden stateℎ௧. It utilizes the hard attention mechanism to extract 
important phrases or words in a lengthy document. It is designed as a partially observable markov decision 
process (POMDP) [23] including reward scheme. It is accompanied by RAM.   
At each time interval, a policy network gains an observation st (loct) from the environment, which is the 
glimpsed feature ݋௚, then the policy network takes an action at by emitting the next location using the bellman’s 
equation shown in Equation (3). 

ܳ൫ݏ௧ ,ܽ௧  ൯ = ܳ൫ݏ௧ , ܽ௧  ൯+ ௧ାଵݎൣߙ + ,௧ାଵݏ)௔ܳݔܽ݉ߣ ܽ) − ܳ൫ݏ௧ ,ܽ௧  ൯൧      (3) 

Where ߙ is the learning rate, which determines how much previous Q-value retained for the new Q-value for the 
same state-action pair at a next time interval. ߣ is the credit assignment attribute which is assigned to states and 
actions. 

 
Figure2: Policy Network 

Upon taking an action, the policy network acquires a latest observation st+1 and a reward signal rt+1. The 
intention of the policy network is to maximize the reward [24] defined as shown in Equation (4). 

ܴ = 	∑ ௧்ݎ
௧ୀଵ                                            (4) 

At each time step, after obtaining the feature vector from the word encoder, we combine the representation of the 
factual words to construct a sentence vector. Particularly, as shown in Equation (5). 

௜௧ݕ = tanh	( ௪ܹℎ௜௧ + ܾ௪) 

௜௧ߙ = 	 ୣ୶୮	(௬೔೟
೅௬ೢ)

∑ ୣ୶୮	(௬೔೟
೅௬ೢ)೟

                             (5) 

௜ݏ = ෍ߙ௜௧ℎ௜௧
௧

 

௜௧ݕ  is the hidden representation obtained by feeding ℎ௜௧  to one layer perceptron. The importance of the word is 
measured as the similarity of ݕ௜௧  with the context vector ݕ௪, the context vector is the effective  representation of 
informative words [25] and it is randomly adjusted and mutually learned through training. An importance weight 
௜௧ߙ  is obtained through softmax function. Subsequently, a sentence vector ݏ௜ is computed which is a summation 
of attention weights.    
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C. Sentence Level 
This level consist of two parts: a sentence encoder and a sentence attention layer, which are recurrent module 
and attention module respectively.  
1) Recurrent Module( Sentence Encoder) 
After getting the sentence vectors ݏ௜, the document vector is obtained in the same way. Here, sentences are 
encoded using BiLSTM as shown in Equation (6). 

ℎሬ⃗ ௜ = ሬሬሬሬሬሬሬሬሬሬሬ⃗ܯܶܵܮ ,(௜ݏ) ݐ ∈ [1, ܵ] 
ℎ⃖ሬ௜ = ,(௜ݏ)ሬ⃖ሬሬሬሬሬሬሬሬሬሬܯܶܵܮ ݐ ∈ [ܵ, 1] 

																															ℎ௜ = [ℎሬ⃗ ௜ , ℎ⃖ሬ௜]                           (6) 

The sentence annotation ℎ௜ is obtained by concatenating ℎሬ⃗ ௜ and ℎ⃖ሬ௜ . It summarizes the surrounding sentences of 
sentence i but yet put attention on sentence i .  
2) Sentence Attention 
Sentences are indications of correct classification of a document. We again take advantage of the attention 
mechanism and initiate a context vector ݕ௦ at sentence level, which is used to quantify the significance of the 
sentences. 

௜ݕ = tanh	( ௦ܹℎ௜ + ௦ܾ) 

௜ߙ = 	
exp	(ݕ௜்ݕ௦)
∑ exp	(ݕ௜்ݕ௦)௜

 

ݒ = ∑ ௜ℎ௜௜ߙ                                       (7) 

 is the document vector that represents the summary of the sentences as shown Equation (7). Likewise, the ݒ
context vector at sentence level ݕ௦ is randomly adjusted and mutually learned through training. 

IV. ALGORITHM 

The pseudo code for the proposed system is given below: 
Input: Document D 
Output: The probability of predicting category for document D 

1. Initialize the module parameters [࢓࢘ࣂ,࢓ࢍࣂ  for recurrent ࢓࢘ࣂ ,for glimpse module ࢓ࢍࣂ] [࢓ࢇࣂ,
module, ࢓ࢇࣂ for attention module], no._of_ glimpse G and maximum iterations Max.  

2. for i=0,1,2,…Max do 
3. for j=0,1,2,…G do 

a. Derive words around the location ࢚ࢉ࢕࢒ and use word embedding to obtain the word 
vectors.  

b. Use the glimpse module ࢓ࢍࢌ൫∙ ห࢓ࢍࣂ൯ which is basically CNN, to extract the feature 
vector	ࢍ࢕. 

c. Input ࢍ࢕ to the recurrent module ࢓࢘ࢌ(∙  .࢚ࢎ	to obtain a new hidden state (࢓࢘ࣂ|
d. Predict the next location ࢚ࢉ࢕࢒ା૚ using attention module with reinforcement learning 

using	࢚ࢎ. 
4. End for. 
5. Obtain the representation ࢏ࡿ of glimpse with the input ࢍ࢕ in the recurrent module. 
6. End for. 
7. Obtain the representation d of document D with the input	࢏ࡿ. 
8. Employ the softmax classifier on document representation d. 
9. If predicted label is correct get reward=1 otherwise get none reward. 

V. CLASSIFICATION  

The high level representation called document vector v is obtained after integrating all the sentence 
representations, which is used as input by softmax classifier for classification as shown in Equation (8). 

݌ = )ݔܽ݉ݐ݂݋ݏ ௗܹݒ + ܾௗ)                     (8) 
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After T time intervals, if the predicted category is correct, a positive reward r=1 is given, otherwise reward =0 is 
given. Thus, our intention is to maximize the expected cumulative reward of the policy network by finding the 
optimal policy. 

VI. EXPERIMENTS 

We determine the significance of our approach by conducting experiments on the collected dataset.  

A. Data Sets 
We gathered different classes of papers from arXiv dataset for long document classification. The papers 
comprising cs.AI, cs.CV, cs.DS, math.ST and math.GT, and the sum of documents per class is 2995, 2525, 4136, 
3025, 3065 respectively as shown in Table I. 
All pdf documents are converted to text format, then text files are preprocessed and kept only relevant words 
useful for classification. The documents were diminished to the first 5000 words. 

B. Implementation details 
1. Configuration 
 The propose model is implemented by Tensorflow 2.3 and were trained on NVIDIA Titan X GPU with 32 GB 
system memory. 
2. Embedding 
The word embedding used is GloVe. We choose to represent each word with 100-dimension due to memory 
constraints. 

TABLE I: DATA INTERPRETATION: TOTAL NUMBER OF DOCUMENTS IN EACH CLASS AND AN AVERAGE NUMBER OF WORDS IN EACH 
DOCUMENT 

 

 
 
 
 
 
 
 
 
 
 

3. Hyper parameters 
Our proposed model is trained using the Adam’s optimization technique. For the convolutional neural network, 
the kernel sizes ranging from 2 to 4, with 128 convolutional kernels are used. Each BiLSTM cell is set to 256. 
The learning rate is 0.001.  

VII. RESULTS AND DISCUSSION 

A. Baseline Model 
We utilize the proposed HAN model in the literature [5] as first baseline model. Another baseline model used is 
recurrent attention learning with reinforcement learning [4].We compare our model with these baselines by using 
the classification accuracy as performance metric. 

B. Results Analysis 
For each model, it is demonstrated that more words the model is exposed to, more the classification accuracy  
is. If we define window size as 40, then the total number  of words considered for HAN model are 80, 160 and 
320. For the second baseline model, the glimpses taken are 1, 2 and 4 glimpses which observe 80,160 and 320 
words respectively. Our model also takes 1, 2 and 4 glimpses and observes 80,160 and 320 words respectively. 
 Table II show the classification accuracy obtained for the baseline models and our proposed model. The window 
size 20 is applied for all the models, from the below table , we can understand that the total number of words 
extracted is more, means more word blocks are sub-sampled which is related to number of glimpses taken. The 
experimental   results  demonstrate  that  the  more  number  of  words observed  means  the  better  classification  

Class Name Number of 
documents 

Average 
words 

cs.AI 2995 6212 

cs.CV 2525 5630 

cs.DS 4136 7439 

math.ST 3025 6983 

math.GR 3065 6642 
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TABLE II: COMPARISON OF BASELINE MODELS WITH THE PROPOSED MODEL 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

accuracy obtained. Because, for a given window size the words have local correlation and the Significance is 
substantial. Therefore, we can state that for fixed window size and varying glimpses, the observed words varies 
and gives the better experimental results. 

C. Performance Analysis 
The comparison of our proposed model (HAN-RL) and the baseline model is shown in the below figure 3.  

 
Figure3: Classification Accuracy on 5-Class arXiv dataset 

We can observe that the results of our model are better than the baseline model on the chosen arXiv dataset. By 
fixing the window size as 40, and varying the number of glimpses as 1, 2 and 4, the observed words varies and 
thus the classification accuracy differs substantially. It shows that the RAM mechanism applied for hierarchical 
attention mechanism is well trained and can locate the most significant group of words within a lengthy 
document. 

VIII. CONCLUSION AND FUTURE WORK 

This paper introduces a new model for classification of lengthy documents using convolutional neural networks 
(CNN), recurrent neural network (RNN) and hard attention mechanism. Our model focuses its attention from 
coarse level to finer level by employing a smart agent that is capable of locating the most discriminative blocks 
of words. Our model significantly improves the classification accuracy compared to the two baseline models 

Method Observed 
Words 

Glimpses Accuracy 

Baseline Model 
(HAN) 
 

80 - 67.33 

160 - 72.52 

320 - 74.86 

Baseline Model 
(Recurrent Attention 
Learning-RL) 

80 1 75.44 

160 2 78.34 

320 4 79.31 

Our Model 
(HAN-RL) 

80 1 78.51 

160 2 80.34 

320 4 88.00 
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with less observed words. In our future work, we plan to apply different window sizes, glimpses and improve the 
policy network using optimization methods [26]. 
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