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Abstract: The recent trends in recommender systems have 
focused on modeling long-term tastes as well as short-term 
preferences. The various recurrent architectures have used for 
sequence modeling in recommender systems, since each state is a 
combination of current and previous layer output recurrently. 
Although the Recurrent Neural Networks (RNNs) have the ability 
for modeling both long-term and short-term dependency to some 
extent, the monotonic nature of temporal dependency of RNN 
reduces the effect of short-term interests of the user. Thus final 
interests of the users can’t be predicted from the hidden states. 

We propose a Two Phase- Attention Gated Recurrent Context 
Filtering Network (2P-AGRCF) for dealing with user’s long-term 
dependency as well as short-term preferences. The first phase of 
2P-AGRCFN is performed in the input level by constructing a 
contextual input using certain number of recent input contexts 
for handling user’s short-term interests. This can handle the 
correlation among recent inputs and leads to strong hidden 
states. In the second phase, the contextual-hidden state is 
computed by fusing the attention mechanism and the hidden state 
at current time step, which leads to the effective modeling of 
overall interest of the user on recommendation. We experiment 
our model with YooChoose DataSet and it shows efficacy in 
generating personalized as well as ranked recommendations. 

Keywords: Deep Learning, Context aware recommender 
system, sequence aware recommender system, Gated Recurrent 
Unit, Recurrent Neural Networks. 

I. INTRODUCTION 

The scope of sequence aware modeling has increased 
along with the rapid growth of internet usage, since there are 
many applications which have data of sequence nature. The 
user’s behavior in such applications (e.g., web page 

recommendation, movie recommendation, purchase 
recommendation, click prediction, etc.) is in the form of 
chronological sequence order and the next behavior can be 
predicted by analyzing those sequences. This is known as 
sequence aware recommendation. Taking YouTube for 
instance, after a user watches a movie; the set of movies that 
the user might have a chance to watch in the immediate 
future is predicted. 
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Conventional sequential modeling and prediction methods 
usually focus on Markov Chains [1-3]. However, the 
underlying strong Markov assumption has difficulty in 
modeling more complex patterns among various features. 
 Later, with the emergence of various deep learning 
techniques and their success in major application area, the 
RNNs (Recurrent Neural Networks) become more and more 
popular for sequence aware recommender systems. They 
have achieved promising performance on various tasks, for 
example, location prediction [5], next-basket 
recommendation [4], multi-behavioral modeling and 
prediction [8], and product recommendations [6-7]. The 
common strategy employed in these RNN methods is that 
the final hidden state of the RNN has considered as the 
representation for the user’s overall interest and then by 
using this, recommendations to users are computing. 
In recommender systems, a better recommendation should 
capture both the long-term user-taste and short-term 
sequential effect [1-2]. They have referred as long-term 
dependency and short-term interest in this work. The hidden 
state of RNN has both characteristics in nature and is very 
suitable for recommendation systems. With the help of gated 
activation function in Gated Recurrent Unit [10], or Long-
Short Term Memory [9], RNNs can effectively model the 
long-term dependency. Due to this efficiency, it can keep 
the long time connection of previous information in the 
hidden state. RNN has the recurrent structure and they 
utilized transition matrices of fixed size, thus RNN holds an 
assumption that with the input time steps, temporal 
dependency has a monotonic change [11]. That is the 
current item or hidden state is more significant than the 
previous one. This assumption is reasonable on the whole 
sequence and it also enables hidden state for capturing the 
short-term interest of the user to some grades. 
There is a problem that the RNN’s the monotonic 
assumption limits the short-term interest of the user. 
Because of this problem, the aforementioned common 
strategy is not sufficient for better recommendation. First, 
short-term interest should discover correlations among items 
within a local range. This will make the recommendation 
very responsive for the coming behaviors based on recent 
behaviors [12]. Next, for short-term interest in recommender 
systems, it is not possible to say that for any one hidden 
state or item has to be given more significance among other 

previous states [9]. The correlations are more complicated, 
but the monotonic assumption cannot well differentiate 
prominence of the a number of recent factors. For example, 
when a user buys clothes online, he might buy it for 
someone else. The weight of preference should be less for 
those behaviours.  
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Take another example; consider the sequence of three meals 
in a day. The connection may be closer among breakfasts 
instead of between breakfast and lunch or dinner. Hence, the 
short-term interest has to be cautiously inspected and it is 
necessary to incorporate with the long-term dependency. 
 

This paper proposes a Two Phase Attention Gated Recurrent 
Context Filtering network model to address the above 
problem. It is greatly energizing the short-term interest that 
is represented in each hidden state, and make a non-linear 
combination of short-term interest and long-term 
dependency for obtaining overall interest of the user. The 
outline process of the model is shown in Fig. 1. 

 
Fig. 1. Overall architecture for recurrent sequential modeling. 

The first phase of our 2P-AGRCFN is conducted on the 
input to make hidden states stronger. When we input the 
current item to GRU, we also input a contextual input 
containing information of previous inputs. Inspired by a 
learning framework for word vectors in Natural Language 
Processing (NLP) [13], we use both context filtering and 
contextual attention mechanism for finding users overall 
interest. First we integrate the dense embedding of the one-
hot input representation of item input with context 
information. Then collect several recent inputs as the 
contextual information at each time step. Then the attention 
mechanism is accordingly introduced to assign appropriate 
weights to select important inputs. Sum of these weights is 
considered as the contextual input. The second phase of our 
2P-AGRCFN is on the hidden state to make a fusion of 
recent hidden states. Each time, the user’s overall interest is 

a combination of the current hidden state and a contextual 
hidden state. Encouraged by the global context memory 
initialized by all hidden states with average pooling in a 
Computer Vision (CV) work [11], we use several recent 
hidden states to construct local contextual information. It is 
used to establish the current contextual hidden state via 
attention. Finally, the BPR framework [14] and BPTT 
algorithm[15] are used for learning the parameters of 2P-
AGRCFN. The key contributions of the work are listed as 
follows: 
 We propose 2 Phase GRU network for context aware 

SARS (Sequence Aware Recommender systems) which 
can combine the long-term dependency and short-term 
interest of the user.  

 We are employing contextual filtering-based attention 
modeling to deal with the monotonic assumption of 
RNN methods. This has the ability to focus on critical 

information automatically, which greatly strengthens 
the short-term interest of the user. 

 Experiments carried out on the real-world dataset 
(YooChoose) reveal that the 2P-AGRCF network has 
high performance and it outperforms the existing 
contextual modeling methods. 

II. RELATED WORKS 

In this section, we briefly summarizes the works related to 

sequential recommendation, contextual modeling and 
attention mechanism, since those works forms the base and 
leads to the proposed 2P-AGRCF Network.  
Sequential methods: The previous sequential methods 
mainly focus on Markov chains [1]. Recent emergence of 
RNN based methods has more efficiency in handling 
sequences than the traditional methods. For recommending 
next basket, the representations on previous baskets are fed 
into RNN [2]. Next behavior of a user can predict more 
accurately by incorporating more external information to the 
RNN model [16]. For example, information about time 
interval and geographical distance increases the 
performance of the, RNN in location prediction [5]. The 
Log-Bi-Linear [17] and RNN methods are combined in 
RLBL model for making multi-behavioral prediction [8]. 
Furthermore, extensions of RNN like Gated Recurrent Unit 
(GRU) [10] and Long Short Term Memory (LSTM) [9] are 
greatly developed; as long-term dependency can be 
effectively hold by them [18]. Here, our proposed network 
relies on GRU. 
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Contextual Modeling:  
the importance of contextual information has been already 
proven on different tasks. In the area of NLP, while learning 
word vectors, the basis of the prediction of next word is the 
sum or concatenation of recent input words [13]. About 3D 
action recognition, GCA-LSTM network applies all the 
hidden states in ST-LSTM [19] to initialize global context 
memory by average pooling [11]. The patch is commonly 
used in scene labeling as input.  
Surrounding patches has been used to make contextual 
representation of each referenced patches in Episodic 
CAMN model [20]. GBD-Net proved its efficiency in 
identifying objects using different contextual regions and 
resolutions and won the object detection challenge in 2016 
[21]. 
Context-Attention: In recent years, massive works got 
benefited from the attention mechanism which is inspired by 
the perception of human. It makes the model efficient by 
giving the capability to concentrate selectively on certain 
important parts and construct weighted sum according to the 
importance. On the other hand, the traditional max-pooling 
and mean-pooling mechanisms are failed in allocating credit 
values for individuals appropriately [22]. Attention 
mechanism first introduced for exploring the space directly 
in the image of handwritten digits in MNIST database1 [23]. 
Along with contextual modeling, Episodic CAMN also 
utilizing the attention mechanism also for selecting the 
relevant patches [20]. For Neural Machine Translation 
(NMT) introduced attention mechanism in the area of NLP 
[24]. The problem of alignment and translation of 
conjectures and words to the vector with fixed length in the 
basic encoder-decoder structure is effectively solved by 
attention mechanism [10]. Another interesting work of NMT 
proposes a global attention model and a local attention 
model [25]. Besides, attention-based LSTM is proposed to 
automatically attend different parts of a sentence for 
sentiment classification [26]. 

III. PROPOSED 2P-AGRCF NETWORK 

The proposed Two Phase Attention Gated Recurrent 
Context Filtering (2P-AGRCF) Network is introduced in 
this section. Firstly, problem is formulated, then we present 
our model and training methods used to train the model. 
A. Problem Formulation 
For formulating the problem of sequence aware 
recommendation, Purchase history of users is taken. 
Let                 is the set of users and   

              is the  item’s set. Then           
         

       is 
taken as a sequence of paired inputs of each users purchase 
history in time order. One-hot encoded form of item id and 
context vectors are represented as     and    respectively at 
time steps t=1….T. Then our aim is to predict and 
recommend the items/products which a user may have 
chance to buy in future. For this, we define the joint 
probability distribution and it is decomposed using chain 
rule as follows. 
                                 
                         

 
                                                 (1) 

Thus, modeling next item (  ) probability, using the given 
items and corresponding context sequence {(x<t, c<t)} and 
the current context   , has become our task. The contextual 
attention mechanism has also performed by inputting recent 

previous contexts for making it suitable for improving the 
user’s short term interests along with long term dependency. 
B. Model 
We consider the recurrent architecture with 3 modules as 
shown in Fig. 2. They are input module for emphasizing 
user’s short terms interest, recurrent GRU unit for modeling 
the user sequences and the output module for relieving the 
monotonic assumption problem and for combining user’s 
long-term dependency and short-term interests to obtain 
current users overall interest. 
Input Module:  
The one-hot input representation of item input is mapped 
into a dense embedding and then it has integrated with 
context information. Then the contextual attention modeling 
is performed on that integrated input. 
  
                                                                      (2)                                                                                                                                                        

            
                                                               (3)    

                                                                                                             
Where        return the dense embedding vector of item   , 
       integrates context information into item 
representation. Then this basic context is passed to the 
context attention modeling stage of the input. 
 The first phase of our 2P-AGRCF network is performed on 
this integrated input    . This phase is to model the complex 
relationships amongst recent items and prominently improve 
the capability of short-term interest of the user in each 
hidden state. This process is depicted in the lower part of 
Fig.2. 
For instance, current time step is taken as t. Let   

  be the 
context matrix of recent    inputs, where    is number 
recent previous inputs into consideration called as window 
width. Then applying attention mechanism, a vector    
consisting of   weights and a weighted sum   

  
automatically reserving important information in   

 .     
  

has updated iteratively in each time step of GRU. For 
constructing the context matrix in the beginning of a 
sequence, zero vectors are used, since enough inputs will not 
available at that time.  
   

                             
                                  

(4)                                                                        
                    

    ,         
                            (5)                                                                     

               ,                     
                            (6)                                                               

  
       

    ,                         
                                  (7)                                    

Where d is the size of the input vector,     is the weight 
vector and    is the matrix for attention.   

  is the contextual 
attention-based input. 
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Fig. 2. Working of Proposed Model at     time step. Recent    input is used to strenghthen the current hidden state. 
Context of recent    hidden states is used to construct users overall interest. 

Recurrent Module:  

In the module, we add   
  to the basic GRU and rewrite the 

formula as 
              

                                             (8)                                                                                             
              

                                             (9)                                                                                              
                  

                                (10)                                                                        
                                                               (11)                                                                             
Where V formed by           is the transition matrix for   

 ,  
and U by           is the transition matrix for   . Through 
this method,    contains both original input(    and critical 
information obtained from recent set of inputs   

  . Thus in 
each hidden state, the short-term interest is enhancing 
greatly. For guaranteeing the modeling of the original long-
term dependency in   ,    is still fed into the GRU unit. 
However,   and   

  are together results in that    , even 
though it is of highest weight while considering the multiple 
input items in    

 . We can see that this structure still 
follows the monotonic assumption of RNN, which will 
impede the modeling of complex correlations between 
items. So we further executing the same attention modeling 
mechanism in the outputs of the hidden layers also. 
Output Module:  
The second Phase of 2P-AGRCF network is for further 
relieving the problem of monotonic assumption and 
combine both long and short term dependency to obtain 
overall interest of the current user. The upper part of 
Fig.2.illustrates the attention based-modeling mechanism in 
hidden state outputs. 

Like   
  contextual attention-based hidden state   

  is 
constructed as: 

   
                             

                               (12)                                                                        

                    
     ,        

                            (13)                                                                   

                 ,                 
                            (14)                                                                

  
       

        ,                    
                                   (15)                                                                      

where    
   denotes the matrix of contexts last    number of 

hidden states. The computations carried out on both   
  and 

   
  are same.  Thus resultant   

    gives the short-term 
interest within     time steps of the current user. 
The non-linear combination of   

  and    as given in 
equation (16) is the final representation.  
  

               
     ,       

                                    (16)                                                                   
Where E and F are embedding matrices and   

  represent the 
users overall interest. 
Network Learning:  
For training the 2P-AGRCFN model, the BPR framework 
and BPTT algorithm is used. BPR has already shows its 
efficiency in training RNN models[4-5, 8]. Let the user is 
denoted by u, p represents the positive items and q 
represents the negative items, then the training set is formed 
by these triples: 
                          }                        
(17)                                                                                                                                                                                     
Where u denotes the user, the positive and negative items 
are represented by p and q respectively. 
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 The positive item p is chosen from the history of the user    
, while from the rest of the items, q is selected randomly. 
Then based on current user’s overall interest, preference for 
positive and negative items are computed. The preference at 
the     time step is: 
   

   
   

 
        

 
     

 
                                                

(18)                                                                          
Where     

  represents next positive inputs and      
  

represents the negative inputs.  
The objective function is: 

                                  
  

 
               

(19)                                                                         
Where  ={ X, U, V, W, b,   ,   ,   ,   , E ,F} is the 
parameter set. X denotes item’s latent features. U is the 
matrix made by   ,   , and    ,  used in modified GRU and 
similarly W, V and b are formed. The regularization 
parameter is    ≥0 . Then, the 2P-AGRCF Network is 
learned by the BPTT and stochastic gradient descent. 
 During the test process, from the fixed parameter Θ, final 
overall interest of each user   

  has to be recomputed. We 
first redo contextual attention modeling on the input at each 
time step, and the modeling on hidden state only needs to be 
made at the last time step on     to obtain   

 .Then we 
acquire   

  using the following equation. 
  

 = tanh (E   + F  
  ),                                                     (20)                                                                            

Where E and F are embedding matrices. 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 

The experiments conducted on the real-world dataset and its 
results are discussed in this section. First, we describe the 
dataset used for experiments and the metric for evaluating 
the model and then the baseline methods. Then we compare 
2P-AGRCFN and the baseline methods in terms of the 
evaluation metrics. 
A. Experimental Settings 
Dataset: We Experiments on publicly available YooChoose 
DataSet [32] from RecSys Challenge 2015. It is a collection 
of sessions of user clicks and purchases on multiple e-
commerce websites over a period of 6 months from April 
2014 till September 2014.It contains 8M training sessions, 
295K validation sessions, 173K test sessions and 37K 
number of distinct items. The contextual features included in 
this data set are time, time difference and event type. These 
contextual features are represented as one-hot encoded 
vectors. 
Evaluation Metrics: For evaluating the model, the metrics 
such as Recall, MAP (Mean Average Precision) [27] and 
NDCG (Normalized Discounted Cumulative Gain) [12] is 
used. The first one is used for the evaluation of unranked 
result set and the latter two are used for evaluating ranked 
retrieval sets. Top-k recommendations where k = 5, 10, 15 
are considered for evaluating the model. The top-bias 
property of MAP and NDCG makes it significant to 
recommender systems [28]. Besides, the global performance 
is evaluated by using AUC (Area Under the ROC Curve) 
[29]. Among the user sequences, the training set is chosen as 
the top 80% and the testing set contains the remaining 20%. 
Also, the duplicate items are removed in each user’s test 

sequence. 

Baseline methods: We compare 2P-AGRCF with several 
comparative methods: 

 GRU [4]. GRU is a gated variant of RNN, to model 
the long term dependency. It doesn’t consider any 

contextual information.  
 GRU-LS [30]. It deals with long and short- term 

sequential recommendations by using single and 
stacked GRUs. 

 CGRU [31]. It utilizes external information and 
incorporates contexts in both input and output 
layers by conjoining context and item embeddings. 
 

B. Result Analysis and Discussion 
Our proposed complete network is abbreviated as 2P-
AGRCF-   -   , where    and    are values of window 
widths. When performing the contextual attention only on 
the input, the sub-network is abbreviated as 2P-AGRCF-
    and when it is performed only on the hidden state, the 
sub-network is abbreviated as or 2P-AGRCF-   . Using 
uniform distribution, parameter Θ is set as [−0.5, 0.5] and 

for all methods, the dimensionality d = 20 and learning rate 
α = 0.01 are initialized and the regularizers,     = 0.001 is 
set for all parameters.  
Within the 2P-AGRCF, both the sub-network (only on input 
and only on hidden state) performances are nearly same, and 
the sub-network on hidden state is somewhat better than the 
other. The sub-networks performance is as shown in fig.3. 
For two sub-networks, the difference is small on Recall, 
while on MAP and NDCG, there is an obvious difference. It 
is found that window width      and      is better for 
our data base. 
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Fig. 3. Evaluation of window widths on two sub-networks on recommending top 5,10, and 15 items 

We set the window width based on the performance from 
the sub-networks; generally, it will get better results, but it 
does not give assurance for the best. In our data set the 
combination of      and      is best. Table-I 
illustrates performances all baseline methods and all 2P-

AGRCFN variations and compared them on the dataset. 
Overall the proposed 2P-AGRCF network is very effective 
and significantly improves the performance while 
comparing to the baseline methods.  

 
Table-I: Evaluation of different methods on the Data Set 

Method   @5   @10   @15   AUC   

  Recall   MAP   NDCG   Recall   MAP   NDCG   Recall   MAP   NDCG   

GRU[18]  0.4788 0.5861 0.0889 0.2112 0.616 0.1001 0.1245 0.6284 0.1794 66.2292 

GRU-LS[32]  0.5514 0.6264 0.2171 0.3025 0.6445 0.2026 0.2146 0.6926 0.3328 66.0889 
CGRU[29]  0.6442 0.6668 0.3456 0.3842 0.6529 0.3054 0.2732 0.7568 0.4779 65.9376 

2P-AGRCF-x3-h2  0.6936 0.7071 0.4735 0.3992 0.7012 0.5217 0.393 0.821 0.6399 65.8084 

2P-AGRCF-x3-h3  0.6762 0.7193 0.477 0.4554 0.7885 0.5179 0.3727 0.8274 0.645 65.7348 

2P-AGRCF-x3-h4  0.6793 0.7183 0.4734 0.5522 0.7878 0.5159 0.3833 0.8273 0.645 65.7482 

2P-AGRCF-x2-h5  0.7157 0.7317 0.5274 0.6136 0.8073 0.5711 0.453 0.8503 0.7022 65.7085 

2P-AGRCF-x3-h5  0.735 0.7379 0.5574 0.6709 0.8178 0.6143 0.534 0.8617 0.7545 65.785 

2P-AGRCF-x4-h5  0.735 0.742 0.5684 0.6917 0.8153 0.6054 0.4834 0.8571 0.7411 65.77 
2P-AGRCF-x5-h5  0.7661 0.7581 0.6187 0.7092 0.8389 0.6599 0.5208 0.8799 0.788 65.855 
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Fig. 4. Performance comparison of each GRU variations in terms of the values of evaluation metrics @5, @10, @15 

recommendations 
Fig. 4 compares the effectiveness and performance of the 
proposed method variations as well as the baseline methods 
on top-k (k=5, 10, 15) recommendations in terms of the 
metrics Recall, MAP, NDCG and AUC. It is clear that the 
complete 2P-AGRCF obtains the best performance on the 
four metrics, 2P-AGRCF performs in its own way. On 
evaluation metric Recall, the proposed model has great 
improvement, but it is visibly getting lesser from Top-5 to 
Top-15. On the other hand, On the improvements on MAP 
and NDCG are quite stable and very. In most cases, there 
are almost 50% improvements. 2P-AGRCF has the ability to 
can capture the complex correlations effectively amongst 
several adjacent items and select more interested items. In 
2P-AGRCF, we are incorporating temporal contexts with 
contexts filtering as well as recent context with attention 
modeling. This gives improvements in results while they are 
used alone may be a possible way to obtain the 
improvement. 

V. CONCLUSIONS 

The proposed Two-Phase Attention-Gated Recurrent 
Context Filtering (2P-AGRCF) network is focused on 
solving the problems and improves the performance of the 
sequence Aware RSs. 2P-AGRCFN can relieve the problem 
of monotonic temporal dependency of RNN. The 
hierarchical architecture is effective for obtaining overall 
interest of the user and also it overcome the problem of 
monotonic assumption of RNN in dealing with Short-term 
interest by acquiring non-monotonic weights independently 
with time. This greatly enhances the performance in 
modeling the short-term interest of the user. Experiments on 
the data set verify the performance of the 2P-AGRCF 
Network for sequence aware recommendation. 
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