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Abstract 6 
Recommendation systems play an extremely important role in e-commerce; 7 
by recommending products that suit the taste of the consumers, e-commerce 8 
companies can generate large profits. The most commonly used 9 
recommender systems typically produce a list of recommendations through 10 
collaborative or content-based filtering; neither of those approaches take 11 
into account the content of the written reviews, which contain rich 12 
information about user’s taste. In this paper, we evaluate the performance of 13 
ten different recurrent neural network (RNN) structure on the task of generating 14 
recommendations using written reviews. The RNN structures we study include 15 
well know implementations such as Multi-stacked bi-directional Gated 16 
Recurrent Unit (GRU) and Long Short-Term Memory (LSTM) as well as novel 17 
implementation of attention-based RNN structure. The attention-based structures 18 
are not only among the best models in terms of prediction accuracy, they also 19 
assign an attention weight to each word in the review; by plotting the attention 20 
weight of each word we gain additional insight into the underlying mechanisms 21 
involved in the prediction process. We develop and test the recommendation 22 
systems using the data provided by Yelp Data Challenge.  23 

 24 
Introduction: 25 
The rise in popularity of review aggregating websites such as Yelp and Trip-Advisor has led 26 
to an influx of data on people’s preference and personality. The large repositories of user 27 
written reviews create opportunities for a new type of recommendation system that can 28 
leverage the rich content embedded in the written text. User preferences are deeply ingrained 29 
in the review texts, which has an amble amount of features that can be exploited by a neural 30 
network structure. In this paper, we conduct a comparative study of ten different recurrent 31 
neural network recommendation models.  32 
 33 
A well-known issue with models that attempt to make prediction for a particular user base on 34 
that user’s data is the inherent data sparsity. A typical user tends to generate only a small 35 
amount of data, despite the large overall size of the corpus. Many innovative methods have 36 
been invented to resolve the data sparsity issue [1][2][3]. Since our interest is to supply the 37 
model with adequate data in order to capture the user preferences, we decide to find the 38 
nearest neighbors for a given user base on their preferences and train the model using the 39 
reviews from all the users in the nearest neighbor cluster.  40 



To create the input to our RNN models, we convert each word in the review text into 41 
distributed representation in the form of word vector; each word vector in the review 42 
document serves as input to a hidden layer of the RNN [4]. The output of the model is a 43 
prediction of the probability that a user will like the particular restaurant associated with the 44 
input review. Each cluster of users has its own model trained using the reviews in the 45 
corresponding cluster. 46 
 47 
We employ a bottom-up approach to create different RNN structures. We begin by examine 48 
the performance of two RNN architectures (GRU and LSTM) that curb the vanishing 49 
gradient problem [7][8], next we enhance our models ability to capture contextual 50 
information by adding bi-directionality, lastly, we increase our model’s interpretability of 51 
complex relationships by stacking multiple hidden layers. In addition to implementing known 52 
model structures, we also create a new attention-based RNN model that collects signals from 53 
each hidden layer of the RNN and combine them in innovative ways to generate prediction.  54 
The attention-based model addresses the issue of reliance on the last layer to capture 55 
information embedded in all previous layers; this model also assigns an attention measure to 56 
each word in the review, the attention measure indicates the amount of attention the model 57 
allocates to each word.  58 
 59 
1  Related work 60 
The RNN is an extremely expressive model that learns highly complex relationships from a 61 
sequence of data. The RNN maintains a vector of activation units for each time step in the 62 
sequence of data, this makes RNN extremely deep; the depth of RNN leads to two well 63 
known issues, the exploding and the vanish gradient problem [7][8].  64 
 65 
The exploding gradient problem is commonly solved by enforcing a hard constraint over the 66 
norm of the gradient [9]; the vanishing gradient problem is typically addressed by LSTM or 67 
GRU architectures [10][11][12]. Both the LSTM and the GRU solves the vanishing gradient 68 
problem by re-parameterizing the RNN; The input to the LSTM cell is multiplied by the 69 
activation of the input gate, and the previous values are multiplied by the forget gate, the 70 
network only interacts with the LSTM cell via gates. GRU simplifies the LSTM architecture 71 
by combing the forget and input gates into an update gate and merging the cell state with the 72 
hidden state. GRU has been shown to outperform LSTM on a suite of tasks. [8][13] 73 
 74 
Another issue inherent in the uni-directional RNN implementation is the complete 75 
dependency of each layer’s output on the previous context. The meaning of words or 76 
sentences typically depend on the surrounding context in both directions, capturing only the 77 
previous context leads to less accurate prediction. An elegant solution to this problem is 78 
provided by bi-directional recurrent neural networks (BiRNN), where each training sequence 79 
is presented forward and backward to two separate recurrent nets, both of which are 80 
connected to the same output layer. [14][15][16] 81 
 82 
Recent implementation of multiple stack RNN architecture has shown remarkable success in 83 
natural language processing tasks [18]. Single layer RNNs are stacked together in such a way that 84 
each hidden state’s output signal serves as the input to the hidden state in the layer above it. Multi-85 
stacked architecture operates on different time scales; the lower level layer captures short-term 86 
interaction, while the aggregated effects are captured by the high level layers [17].  87 
 88 
The latest development of incorporating attention mechanisms into RNN enables the RNN model 89 
to focus on aspects of a document that it believes to deserve the most amount of attention. The 90 
attention mechanism typically broadcast signals from each hidden layer of the RNN, and make 91 
prediction using the broadcast signal. Attention-based models have produced state of art results in 92 
a wide range of natural language and image processing tasks. [19][20][21][22] 93 



 94 
In this paper we evaluate all model structures mentioned above on the task of generating 95 
recommendation based on review text. We also implement a novel attention-based model that has 96 
never been studied before. 97 
 98 
2  Dataset  99 
We used the dataset publicly available from the Yelp Dataset Challenge website.[1] The 100 
dataset provides five JSON formatted objects containing data about businesses, users, 101 
reviews, check-ins and tips. We only used data from business, user and review JSON objects. 102 
The business object holds information such as business type, location, category, rating, and 103 
name etc. The review object contains star rating and review text. The yelp corpus contains 104 
2225134 reviews for 77445 businesses written by 552339 different users. We reduced the 105 
size of the corpus to 1231275 reviews from 27882 different eateries (cafes, restaurants and 106 
bars).  107 
 108 
To overcome the inherent data sparsity in individual user data, we cluster users into groups 109 
base on their preferences using k-nearest neighbor method described in [2]. We focus our 110 
experiment on a cluster that contains eight prolific reviewers with 4800 reviews, we divide 111 
this review dataset into training-set (4000 reviews), validation-set (400 reviews) and test-set 112 
(400 reviews). Each word in the review documents is converted into a 300 dimensional word 113 
vector representation using the pre-trained GloVe dataset [5]. 114 
 115 
In order to simplify the implementation of our RNN models, we normalize each review to 116 
200 words; this is accomplished by stripping words that come after the 200th word in reviews 117 
with more than 200 words, and padding reviews with less than 200 words using repetition of 118 
the last sentence in the review. The number 200 is chosen base on statistics collected from 119 
the review corpus: 120 

• 63% reviews ~ +/-25 from 200 words 121 
• 7% reviews had less than 150 words and 13% has more than 250 words.  122 
• Overall 80% of the reviews have between 150 to 250 words. 123 

The above statistical observation indicates normalizing review text to length 200 should not 124 
significantly alter the information contained in most of the documents. The ideal approach is 125 
to build RNN models that can dynamically handle variable review length, in the interest of 126 
time, we decide to leave this implementation as part of future improvement. 127 
  128 
3  Technical  Approach and Models 129 
 130 
3 . 1   G e n e r a l  A p p ro a c h   131 
We implement ten different RNN models, each model takes reviews of a restaurant as input 132 
and classify the restaurant as favorable or unfavorable for a user.  133 
We divide the restaurant reviews into the following two categories: 134 
 Favorable :  reviews with 4 or 5 star ratings 135 
 Unfavorable :  reviews with 1 or 2 star ratings 136 
 137 
Each word vector in the review text is feed into a hidden layer of the RNN model; the final 138 
output goes through a soft-max function and returns a probability for each class label. We 139 

                                                
[1] https://www.yelp.com/dataset_challenge  



used the cross-entropy loss as the cost function to train the model; the true class labels are 140 
represented as one-hot vector. 141 
 142 
In practice we must develop a different model for each cluster, and generate a prediction that 143 
applies to all users in a cluster. To limit the scope of this comparative study, we only develop 144 
models for the cluster described in the data section. 145 
 146 
3 . 2   M o d e l  S e l e c t i o n   147 
 148 
We first compare the performance between GRU and LSTM on this specific prediction task, 149 
the result indicates the GRU structure performs slightly better than LSTM[1]. Using the GRU 150 
as the RNN cell, we implement single, double, triple, and quadruple stacked bi-directional 151 
model; the same implementation procedure is also employed to implement four stacked bi-152 
directional attention-based structure. (Figure 1) 153 
 154 

 155 
Figure 1: Model Selection Flow 156 

 157 
 158 
3 . 3   B i - d i re c t i o n a l  R N N  ( B i R N N )  M o d e l  D e s c r i p t i o n   159 
 160 
BiRNN consists of forward and backward RNN structure (GRU cell). In the forward RNN, 161 
the input sequence is arranged from the first word to the last word, and the model calculates 162 
a sequence of forward hidden states.  The backward RNN takes the input sequence in reverse 163 
order, resulting in a sequence of backward hidden states. To compute the final prediction, we 164 
average the output from RNNs in both direction and then apply linear transformation to 165 
generate the input to the softmax prediction unit. (figure 2) 166 
 167 
The multi-stack BiRNN is constructed by stacking single layer BiRNN on top of each other. 168 
The hidden state of each previous layer serves as input to the hidden state above it.  169 
Intuitively, every layer treats the memory sequence of the previous layer as the input 170 
sequence, and compute its own memory representation [18][22]. To compute the final 171 
prediction, we average the output from the last layer’s RNNs in both direction and follow the 172 
same prediction scheme described above. (figure 2) 173 

                                                
[1] We are using tanh as the activation function for all our experiments 



 174 

 175 
Figure 2: BiRNN with GRU Cell 176 

 177 
3 . 4   A t t e n t i o n  M e c h a n i s m  M o d e l  D e s c r i p t i o n    178 
 179 
A standard RNN model must propagate dependencies over long distance in order to make the 180 
final prediction. The last layer of the network must capture all information from the previous 181 
states to make the prediction, this may make it difficult for the neural network to cope with 182 
long document size.  In our case, we fix the review length to 200 words, which is quite long. 183 
To overcome this bottleneck of information flow we implement an attention mechanism 184 
inspired by recent results in natural langue and image processing tasks. [19][20][21][22] 185 
 186 
The attention-based model utilizes the same base BiRNN structure described in section 2.3, 187 
the hidden state of each forward and backward GRU unit is concatenated into a single output 188 
vector, this concatenated vector is transformed into a scalar value via a set of attention 189 
weight vectors. The resulting scalar value from each hidden state is concatenated into a new 190 
vector, this vector goes through an additional projection layer to generate the final 191 
prediction. (figure 3) 192 
 193 
Intuitively, the attention-based BiRNN implements a mechanism of attention in the model. 194 
Attention weight vectors transform each hidden state into a scalar value that represents the 195 
amount of attention the model pays to the input word in the hidden state. Plotting the 196 
attention value of each word in the document reveals that the model tends to make correct 197 
predictions when it focuses more on the expressive words. (more discussion in the result 198 
section) 199 
 200 
 201 



 202 
Figure 3: Attention Based BiRNN with GRU cell 203 

 204 
 205 
4 Experiments  & Results  206 
 207 
4 . 1  E v a l u a t i o n  M e t r i c  a n d  H y p e r - P a r a m e t e r  Tu n i n g  208 
 209 
We use an off the shelf support vector machine (SVM) as the baseline for our model[1]. We 210 
collect a total of 4800 review documents from 8 users, each word in the review is converted 211 
into 300 dimensional vector representation using GloVe [5].  We use cross-validation to train 212 
each model; roughly 80% of the data is used as training set, 10% is used as validation set 213 
and the remaining 10% is used as test set. Mini-batch gradient descent (batch size 50) is used 214 
as the search algorithm. All hypermeters are tuned using the validation set. The final 215 
accuracy for each model is measured as the percentage of correct prediction on the test set. 216 
 217 
For single layer, uni-directional LSTM and GRU we consider hidden activation unit size [64, 218 
128, 256], learning rate range [0.001, 0.005, 0.0001, 0.0005], dropout range [1, 0.9, 08, 0.6]; 219 
in the case of LSTM we also consider forget bias range [0.1, 0.3, 0.5, 0.8, 1]. For Bi-220 
directional GRU we consider hidden layer size [64, 128, 256], learning rate range [0.001, 221 
0.005, 0.0001, 0.0005], dropout range [1, 0.9, 08, 0.6]. For attention based bi-directional 222 
GRU we consider hidden layer size [64, 128, 256], learning rate range [0.001, 0.005, 0.0001, 223 
0.0005], dropout range [1, 0.9, 08, 0.6] (The bolded underline value represents the 224 
parameters selected). Adapting selected hyper-parameters, we measure the prediction 225 
accuracy for different level of stacks. (Table 2) 226 
 227 

                                                
[1] We use SVM implementation from sklearn library (python). We use the SVC implementation of SVM, which internally 
is based on libsvm. The Kernel is ‘rbf’ and penalty parameter is set to 1.0. We use default values provided by the library 
for all the optional parameters like: degree=3, gamma=0.0, coef0=0.0, shrinking=True, probability=False, tol=1e-3, 
cache_size=200, class_weight=None, verbose=False, max_iter=-1, random_state=None 



4 . 2   G R U  V. S .  L S T M  228 
GRU and LSTM have similar performance, both of them performs slightly better than the 229 
SVM baseline.  (Figure 4, table 1) 230 

 231 
Figure 4: Epoch V.S. Accuracy for GRU and LSTM 232 

 233 
 Train Accuracy Validation 

Accuracy 
Test Accuracy 

SVM 87.25 82.00 76.25 

GRU 99.60 93.25 82.75 

LSTM  93.70 87.00 81.74 

Table 1: GRU V.S. LSTM V.S. SVM 234 
 235 

4 . 3   M u l t i - s t a c k  B i R N N  V. S  A t t e n t i o n - B a s e d  M u l t i - s t a c k  B i R N N   236 
As expected, BiRNN out-performs uni-directional RNNs, and multi-stacked BiRNN out-performs 237 
the single stack BiRNN.  We observe that the accuarcy does not always increase as we increase 238 
the number of stacks, this may due to the fact that aggeration of deeper meanings is optimally 239 
captured in certain depth. Attention-based model shows very similar accarucy measurement 240 
compared to BiRNN, especially in stack three; this is an indication that three stack structrue 241 
captures the best aggregate effect. To make the final prediction in the BiRNN setup, we are 242 
averaging the output of RNN from both directions, thus, the BiRNN model does not surfer the 243 
issue of reliance on a single layer to capture all previous information; this could be the reason for 244 
the slight better performance of the BiRNN model. (table 2) 245 

 246 
 STACK 1 STACK 2 STACK 3 STACK 4 

Bi-directional RNN 85.25 86.00 87.50 87.00 

Bi-directional RNN 
with Attention 

82.75 84.25 87.00 85.25 

Table 2: BiRNN and BiRNN-attention test accuracy per stack 247 
 248 

4 . 4   P a i d  A t t e n t i o n  249 
The attention model transforms the output of each hidden state into a scalar value via a set of 250 



attention weights, each scalar is then used to generate the final prediction. The scalar value 251 
produced from each hidden state can be interpreted as the attention paid by the model to each 252 
input word in the hidden state. Fgure 5 shows a correctly classified review with the top 10 words 253 
ranked by attention-value colored in green, their size is proportional to their attention-value. We 254 
observe that the model paid large amount of attention to expressive and meaningful words. Figure 255 
6 shows an incorrectly classified review with the top 10 words ranked by attention-value colored 256 
in green, their size is proportional to their attention-value. We observe that the model paid larger 257 
attention to inexpressive and meaningless words. This is a general trend we observe in all reviews 258 
studied, the attention model tends to make correct prediction when it pays large amount of 259 
attention to expressive words, and it tends to make incorrect prediction when it spends most of its 260 
attention on inexpressive words.  261 

 262 
Figure 5     Figure 6 263 

 264 
5   C o n c l u s i o n  a n d  F u t u re  w o r k  265 
In this paper, we showed that neural network model is effective in predicting user perference base 266 
on their reviews, we also demonstrated that multi-stack bidirectional RNN model and attention-267 
based RNN model produce more accurate prediction compared to single stack uni-directional 268 
RNN model. Our experimental data indicated that increasing number of stacks does not always 269 
imporve the model’s performance. Our novel implementation of attention-based model produced 270 
attention demands for each word that provided additional insight into the classification problem. It 271 
would be interesting to conduct a close up study of attention demand for each word in the review 272 
corpus. 273 
  274 
We believe the performce of the model can improve significantly using RNN implementation that 275 
can handle variable review length, additionally, the yelp review corpus for restaurants contains 276 
more than one million reviews, we used only a very small fraction of those, increasing our training 277 
data size will surly improve the prediciton accuarcy. Furthermore, it would be interesting to 278 
predict more than just two class labels, for instance we could expand the label class to like, neutral 279 
and unlike. Another idea that is worth pursuing is to create an ensemble of neural networks for this 280 
task, the prediction can be generated using a linear combination of the output from each model in 281 
the ensemble set.  282 
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