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Dynamic Personalized Search Based on RNN with Attention Mechanism
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Abstract  Traditional search engines always return the same result when facing the same query
for different users. Therefore, when a user issues an ambiguous query, the search result can’t
fully meet the user’s demands. Personalized search is a practicable method to solve this problem.
It has been proven to be able to improve the search quality of search engines. The majority of
existing personalized search algorithms re-rank the original results by comparing the similarity
between documents and user profiles built based on historical user behaviors. These behaviors
contain a wealth of information to reflect the user personalized preferences. However, most of
them generally believe that user interests are stable and unchanged for a long time, which is
inconsistent with the actual situation. In this paper, we argue that user information needs might
dynamically change over time and sometimes the user information needs are random. Therefore,
the users’ recent search behaviors and the historical queries that are more similar to the current
query contribute more to personalization than the others. This paper will take advantage of deep

learning in feature extraction to build better user profiles. To solve the problem of dynamicity
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of user information needs, we use recurrent neural networks to construct the user personalized
preferences from his behaviors in history in order to model the dynamicity of user interest. With
the aim of getting more accurate personalized preferences, we not only model user interest utilizing
recurrent neural networks, but also assess the importance of each user interest based on the user’s
situation at this moment. The user’s situation is modeled by another recurrent neural networks,
thereby affecting the user’s interests by gate control units. Based upon the consideration of
randomness of information needs, we use the attention mechanism to dynamically assign different
weights to different user interests based on their similarities to the current query. In contrast, to
previous user interest modeling methods, the user models built in this paper hinge on the current
search query. In other words, the attention mechanism allows us to dynamically adjust the user
model to a theme that is more suitable for the current query based on topic similarity. Finally,
given a candidate document, we calculate the personalized score by comparing the similarity
between the user interest feature vector and the document, and then combine the relevance score
which indicates the relation between the document and the query to get the final score. The list of
documents sorted according to final score is the personalized search results. Experimental results
show that our personalized search model outperforms traditional non-personalized search methods
and existing personalized search models. Compared to the SLTB personalized search model, our
model has increased by 2. 7% in MAP, which demonstrates that deep learning helps to build user
profiles better. In addition, through comparative experiments, we prove the correctness of our
basic ideas and the effectiveness of the attention mechanism. The model proposed in this paper
improves the results on non-navigational queries to a greater extent. This improvement confirms
the validity of our model on ambiguous query.

Keywords personalized search; recurrent neural network; attention mechanism
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Personalized information retrieval aims to search results
according to the user’s interests and characteristics and return
the document lists related to the user’s needs. It has been

proven to be able to improve the search quality of search
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engines.

Most existing personalized search algorithms re-rank the
original results by computing the similarity between documents
and user interests. To build a proper user profile, lots of
researchers made use of the topic features of user historical
behavior to model user topical interests, or counted the clicks
of documents in history; In a word, The more detailed the
user profile is, the better effect of the personalized model
has. However, most of the existing research work ignore the
dynamicity and randomness of user interests.

In order to solve this problem, we leverage the recurrent
neural network and attention mechanism to build user profile,
with the aim of learning the evolution of user interest over time
and dynamically assign different weights to different user

preference based on the current query. Experiments show

that our personalized search model with deep learning
outperforms existing personalized methods.
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