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Abstract
Rapid development of various social sites make the user to share 
the multimedia content .The metadata generated by user not only 
help the large scale society to share and organize this content 
but also provide the use full information to improve the retrieval 
management. This paper explains the social need of multimedia and 
purpose a method to personalize the image search considering the 
user and query relevance. This method used a ranking based multi-
correlation Tensor Factorization method to perform annotation 
prediction and again we introduce User specific topic modeling 
to map the query relevance and user performance.
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I. Introduction
To investigate on user preference and perform user modeling, the 
popular social activity of tagging is considered. Collaborative 
tagging has become an increasingly popular means for sharing and 
organizing resources, leading to a huge amount of user-generated 
annotations. Online photo sharing websites, such as Flickr, Picasa, 
Zooomr and Pinterest allow users as owners, taggers, or commenters 
for their contributed contents to interact and collaborate with 
each other in a social media dialogue. Various researchers have 
investigated the applicability of social annotations to improve 
web search [6]. Recently, social annotations are employed for 
automatic evaluation of personalized search [2-3]. 
A fundamental assumption is that, the users’ tagging actions reflect 
their personal relevance judgement. For example, if a user tagged 
“festival” to an image, it is probable that the user will consider 
this image as relevant if he/she issues “festival” as a query. 
Illustrated by this, the intuition of this paper is that if the users’ 
annotations to the images are available, we can directly estimate 
the users’ preference under certain queries. The fact is that the 
original annotations available are not enough for user preference 
mining. Therefore, we transfer the problem of personalized image 
search to users’ annotation prediction. Moreover, as queries and 
tags do not follow simple one-to-one relationship, we build user-
specific topic spaces to exploit the relations between queries and 
tags. Given the large and growing importance of search engines, 
personalized search has the potential to significantly improve 
searching experience.
Compared with non-personalized search, in personalized search, 
the rank of a document (web page, image, video, etc.) in the 
result list is decided not only by the query, but by the preference 
of user. Fig. 1 shows a toy example for non-personalized and 
personalized image search results. The non-personalized search 
returned results only based on the query relevance and displays 
jaguar car images as well as wild cat on the top. While personalized 
search consider both query relevance and user preference, therefore 
the personalized results from an animal lover rank the leopard 
images on the top. This provides a natural two-step solution 
scheme. Most of the existing work [2-5] follow this scheme and 
decompose personalized search into two steps: computing the non-

personalized relevance score between the query and the document, 
and computing the personalized score by estimating the user’s 
preference over the document. After that, a merge operation is 
conducted to generate a final ranked list.
In recent years, extensive efforts have been focusing on personalized 
search. Regarding the resources they leveraged social annotations 
[4,8] etc.), context information (time, location, etc.) and social 
network [1, 3] are exploited. For the implementation there are 
two primary strategies, query refinement and result processing. 
In the following we review the related work by the strategy they 
used. Query Refinement, also called Query Expansion, refers 
to the modification to the original query according to the user 
information. It includes augmenting the query by other terms and 
changing the original weight of each query term [6]. Utilized the 
search context information collected from users’ explicit feedback 
to enrich the query terms.  Proposed five generic techniques for 
providing expansion terms, ranging from term and expression 
level analysis up to global co-occurrence statistics.

II. Implementation
Implementation is the stage of the project when the theoretical 
design is turned out into a working system. Thus it can be 
considered to be the most critical stage in achieving a successful 
new system and in giving the user, confidence that the new system 
will work and be effective.
The implementation stage involves careful planning, investigation 
of the existing system and it’s constraints on implementation, 
designing of methods to achieve changeover and evaluation of 
changeover methods.

III. Main Modules

A. Module Description
User-Specific Topic Modeling1. 
Personalized Image Search2. 
Ranking – Multi Correlation based3. 

Modules Description

1. User-Specific Topic Modeling
Users may have different intentions for the same query, e.g., 
searching for “jaguar” by a car fan has a completely different 
meaning from searching by an animal specialist. One solution to 
address these problems is personalized search, where user-specific 
information is considered to distinguish the exact intentions of 
the user queries and re-rank the list results. Given the large and 
growing importance of search engines, personalized search has 
the potential to significantly improve searching experience.

2. Personalized Image Search
In the research community of personalized search, evaluation is 
not an easy task since relevance judgement can only be evaluated 
by the searchers themselves. The most widely accepted approach 
is user study, where participants are asked to judge the search 
results. Obviously this approach is very costly. In addition, a 
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common problem for user study is that the results are likely to 
be biased as the participants know that they are being tested. 
Another extensively used approach is by user query logs or click 
through history. However, this needs large-scale real search logs, 
which is not available for most of the researchers. 
Social sharing websites provide rich resources that can be exploited 
for personalized search evaluation. User’s social activities, such 
as rating, tagging and commenting, indicate the user’s interest 
and preference in a specific document. Recently, two types user 
feedback are utilized for personalized search evaluation. 
The first approach is to use social annotations. The main assumption 
behind is that the documents tagged by user with tag will be 
considered relevant for the personalized query. Another evaluation 
approach is proposed for personalized image search on Flickr, 
where the images marked Favorite by the user u are treated as 
relevant when u issues queries. The two evaluation approaches 
have their pros and cons and supplement for each other. We use 
both in our experiments and list the results in the following.
Topic-based: User can view image topic-based personalized 
search Preference-based: User can view image user interests-
based preference.

3. Ranking – Multi Correlation Based
Photo sharing websites differentiate from other social tagging 
systems by its characteristic of self-tagging: most images are only 
tagged by their owners. the #tagger statistics for Flickr and the 
webpage tagging system Del.icio.us. We can see that in Flickr, 
90% images have no more than 4 taggers and the average number 
of tagger for each image is about 1.9. However, the average tagger 
for each webpage in Del.icio.us is 6.1. The severe scarcity problem 
calls for external resources to enable information propagation. 
In addition to the ternary interrelations, we also collect multiple 
intra-relations among users, images and tags. We assume that two 
items with high affinities should be mapped close to each other 
in the learnt factor subspaces. In the following, we first introduce 
how to construct the tag affinity graph, and then incorporate them 
into the tensor factorization framework . To serve the ranking 
based optimization scheme, we build the tag affinity graph based 
on the tag semantic relevance and context relevance. The context 
relevance of tag is simply encoded by their weighted co-occurrence 
in the image collection.

IV. Experimental Study
We perform the experiments on a large-scale web image dataset, 
NUS-WIDE [33]. It contains 269,648 images with 5,018 unique 
tags collected from Flickr. We crawled the images’ owner 
information and obtained owner user ID of 247,849 images. 
The collected images belong to 50,120 unique users. The results 
presented are not meant to be exhaustive but illustrative of the 
fact that Flickr has a more severe sparseness problem. We select 
the users owning no less than 15 images and keep their images 
to perform the tensor factorization, which is referred as NUS-
WIDE15. Parameter Setting NUS-WIDE15 is randomly split into 
two parts, 90% for training and testing (denoted as S), and 10% 
for validation (denoted as V). The results of annotation prediction 
directly affect the performance of personalized search. In our work, 
we select parameters according to the performance of annotation 
prediction.

Fig. 1: User Edit

There are three sets of parameters for the proposed RMTF+LDA 
model. The first three parameters are the rank of factor matrices, 
rU,  rI, rT . According to [13], [14], we simply choose the ranks 
proportional to the original dimensions |U|; |I|; |T| and set rU=50, 
rI= 250 ,rT= 5.
This guarantee that the same ratios of energies for different modes 
are preserved. The second sets of parameters are the regularization 
weights α, β they control how much the tensor decomposition 
incorporates the information of affinity interrelations.
By keeping rU= 50; rI= 50; rT= 250; we conduct a simple training 
of RMTF to choose α and β on the validation set. Annotation 
Prediction We proposes the novel RMTF model for users’ 
annotation prediction. In this subsection, we first evaluate the 
performance of fig. 1, User Edit to images RMTF for annotation 
prediction. 
Following the evaluation process from, for each user we randomly 
remove all triplets he/she has annotated for one image to constitute 
the test set S – i.e., we remove one post for each user. The 
remaining observed user-image-tag performance and the results 
are demonstrated. We have the following observations: 

Fig. 2: User Search

1. The MAP is relatively low compared with Annotation based 
evaluation. This phenomenon reflects the problem of Favorite-
based evaluation scheme: the Favorite images are considered 
relevant for all the test queries. As no query information is 
involved, for those queries non-relevant with the topic of the 
Favorite images, the AP tends to be low; Comparing between the 
two test scenarios, the average performance of NUS-WIDE15 F100 



IJCST Vol. 4, ISSue 3, July - SepT 2013  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 420   InternatIonal Journal of Computer SCIenCe and teChnology

also improves over NUS-WIDE15 F10 30, but not as significant 
s in  Annotation-based evaluation. One possible reason for the 
improvement is that those users having more Favorite marks are 
active users who are likely to also attend more interest groups and 
tag more images. While, the improvement is not so significant 
demonstrates that the Favorite-based evaluation scheme is less 
sensitive to the amount of original annotations; regularized tensor 
factorization. 

Fig. 3: User view

Fig. 4: User Personalized Search

Favorite-based Evaluation: There is a delicate issue with 
annotation-based evaluation. Both the input to the personalized 
models and the evaluation for the output results are based on 
the original annotations. Although the specific tagging data (u; 
:; t) have been removed when testing the personal query (u; t), 
as individual user’s tagging vocabulary tends to be limited, the 
remaining annotations will implicitly provide the association 
between u and t. 
For example, assuming one user u usually tag “wildlife” and 
“animal” together, when he/she issues “wildlife” as test query, 
though all (u; :; wildlife e) have been removed from the training 
process, regarding “wildlife” and “animal” are likely to have a 
close relation in the userspecific topics, the images tagged by 
“animal” will be given high probability and guide the final rank. 
On Flickr, users are encouraged to express their preference on 
images by adding Favorite marks. Illustrated by Lu’s evaluation 
framework [5], we employ users’ Favorite marks for evaluation, 

which are not used in the training process. This guarantees that 
personalization is evaluated without any prior knowledge. To be 
consistent with the annotation-based evaluation scheme, we also 
build two test scenarios for the favorite based evaluation:

30 randomly selected users who added Favorite to 10-30 1. 
images, denoted as NUS-WIDE15 F10 30.
All the 19 users who added Favorite to more 100 images, 2. 
denoted as NUS-WIDE15F100. 15 tags frequently appearing 
in the annotation of those favorite images are selected as 
the test queries. The metric of mMAP is utilized to evaluate 
the.

V. Conclusion
How to effectively utilize the rich user metadata in the social 
sharing websites for personalized search is challenging as well as 
significant. In this paper we propose a novel framework to exploit 
the users’ social activities for personalized image search, such as 
annotations and the participation of interest groups. The query 
relevance and user preference are simultaneously integrated into 
the final rank list. Experiments on a large-scale Flickr dataset show 
that the proposed framework greatly outperforms the baseline.

VI. Enhancement
Implementing personalized image search we are extracting 
information related to names and aliases of celebrities. Our proposed 
method will order the aliases based on their associations with the 
name using the definition of anchor texts-based co-occurrences 
between name and aliases in order to help the search engine tag 
the aliases according to the order of associations. The association 
orders will automatically be discovered by creating an anchor text 
based co-occurrence graph between name and aliases. Ranking 
Support Vector Machine (SVM) will be used to create connections 
between name and aliases in the graph by performing ranking on 
anchor texts-based co-occurrence measures.
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