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With the recent popularity of social network services, a significant volume of heterogeneous social media
data is generated by users, in the form of texts, photos, videos and collections of points of interest, etc. Such
social media data provides users with rich resources for exploring content, such as looking for an interesting
video or a favorite point of interest. However, the rapid growth of social media causes difficulties for users to
efficiently retrieve their desired media items. Fortunately, users’ digital footprints on social networks such
as comments massively reflect individual’s fine-grained preference on media items, i.e., preference on differ-
ent aspects of the media content, which can then be used for personalized social media search. In this paper,
we propose SESAME - a fine-grained preference-aware social media search framework leveraging user dig-
ital footprints on social networks. First, we collect users’ direct feedback on media content from their social
networks. Second, we extract users’ sentiment about the media content and the associated keywords from
their comments to characterize their fine-grained preference. Third, we propose a parallel multi-tuple based
ranking tensor factorization algorithm to perform the personalized media item ranking by incorporating
two unique features, viz., integrating an enhanced bootstrap sampling method by considering user active-
ness and adopting stochastic gradient descent parallelization techniques. We experimentally evaluate the
SESAME framework using two datasets collected from Foursquare and YouTube, respectively. The results
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Télécom/Télécom SudParis, CNRS UMR 5157 SAMOVAR, Evry, France; ZY. Yu, Fuzhou University, Fuzhou,
Fujian, China; ZW. Yu, Northwestern Polytechnical University, Xi’an, Shaanxi, China.
Permission to make digital or hard copies of part or all of this work for personal or classroom use is granted
without fee provided that copies are not made or distributed for profit or commercial advantage and that
copies show this notice on the first page or initial screen of a display along with the full citation. Copyrights
for components of this work owned by others than ACM must be honored. Abstracting with credit is per-
mitted. To copy otherwise, to republish, to post on servers, to redistribute to lists, or to use any component
of this work in other works requires prior specific permission and/or a fee. Permissions may be requested
from Publications Dept., ACM, Inc., 2 Penn Plaza, Suite 701, New York, NY 10121-0701 USA, fax +1 (212)
869-0481, or permissions@acm.org.
c© 0 ACM 1533-5399/0/-ART0 $15.00
DOI:http://dx.doi.org/10.1145/0000000.0000000

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.



0:2 D. Yang et al.

1. INTRODUCTION
The recent booming of social network services not only enriches users’ interaction with
each other, but also generates a significant volume of social media data on the Web.
For example, users can interact with each other by sharing photos on Flickr1, sharing
videos on YouTube2, sharing their presence on Foursquare3, etc. This social media
data provides users with invaluable resources for exploring interesting content. For
instance, users can explore nearby venues to find their favorite Points Of Interest
(POIs) on Foursquare or looking for their favorite videos on YouTube. However, with
the rapid growth of social media, users may have difficulties to efficiently retrieve
their desired content. Therefore, personalized search has been intensively studied as
social network services in recent years, e.g., image search in Flickr [Sang et al. 2012],
scholar search in CiteULike4 [Kim et al. 2012], web bookmark search in Delicious5

[Bouadjenek et al. 2013], etc.
Web search personalization is mainly achieved by leveraging user preference, which

is also known as preference-aware search. Concretely, preference-aware search ap-
proaches can provide users with a customized list of search results using certain per-
sonalized ranking algorithms by incorporating user preference extracted mainly from
users’ historical feedback. Users’ digital footprints [Zhang et al. 2011] on social net-
works provides a rich source for obtaining user feedback on media content. For ex-
ample, in social network services, users can express their feedback on media content
through various means, such as adding tags to photos, commenting on videos, or even
physically visiting POIs. From such user feedback, we are able to extract user prefer-
ence for enabling personalized social media search. In the following, we discuss the
detailed challenges of personalized social media search in the three key phases of
search personalization, i.e., user feedback collection, user preference extraction and
personalized ranking algorithm.

First, the large scale social media data provides us with novel opportunities of col-
lecting user feedback on media content. For example, in current literature, user tag-
ging data such as bookmarks of Web sites on Delicious and tags of photos on Flickr
have been used as user feedback in personalized search [Zhou et al. 2012; Sang et al.
2012]. However, such tagging data on social media content may not necessarily imply
users’ preference. Taking restaurant POIs on Foursquare as an example, adding tags
on a Restaurant does not necessarily mean that the user actually likes the food and
service there. Fortunately, users’ comments left on social media items often directly
express their preference, which can be regarded as users’ direct feedback on social me-
dia items. For instance, a tip left at a restaurant on Foursquare may recommend a
special dish or express one’s opinion about the restaurant’s pricing and environment;
a review of a music video on YouTube may imply user preference about the singer and
the song, as well as the montage. Therefore, collecting such direct feedback of users on
individual social media items would better characterize their actual feeling about the
related social media items.

Second, compared to the classical user feedback on Web search (e.g., click-through
data, browsing history, past queries), we are able to extract users’ preference in fine
granularity from their direct feedback such as comments on social media items. For
example, using Web browsing history, we may infer that a user who frequently visits
a restaurant’s Web site probably has positive preference about the restaurant. This

1http://www.flickr.com/
2http://www.youtube.com
3http://www.foursquare.com/
4http://www.citeulike.org/
5http://www.delicious.com/
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type of preference describes a user’s general and broad feeling, which can be named
as coarse-grained user preference. In contrast, in users’ comments, they may express
detailed preference about media content. For example, a user left a tip on the restau-
rant on Foursquare saying “I like cheese burgers but not the beer here”. By applying
sentiment analysis on this comment, we can extract her positive preference for “cheese
burgers” and negative preference for “beer”. This type of preference indicates a user’s
specific feeling about different aspects (described as keywords) of a media item (in the
form of user-keyword-item), which can be named as fine-grained user preference. While
some existing works also leverage ternary relation to model user preference such as
user-tag-photo preference [Sang et al. 2012] and user-time-activity preference [Yang
et al. 2014], they only capture positive preference rather than negative preference.
Apparently, our fine-grained user preference that contains detailed information about
both positive and negative user preference can thus provide us with new possibilities
to better rank social media items according to one’s preference.

Third, in order to consider such fine-grained user preference (i.e., the ternary re-
lation of user-keyword-item) in the search and ranking process, tensor factorization
techniques are widely adopted in current literature. Concretely, a three-way tensor is
used to model the fine-grained user preference and tensor factorization techniques are
adopted to perform the personalized ranking. Although existing tensor factorization
algorithms for search personalization [Sang et al. 2012; Sun et al. 2005] are able to
handle positive preference (e.g., “I like the burgers in this restaurant”), they do not
handle both positive and negative preference (e.g., “I like cheese burgers but not the
beer here”) simultaneously. In order to avoid putting the user disliked items on the
top of returned list, we proposed a Multi-Tuple based Ranking Tensor Factorization
(MT-RTF) algorithm in our previous work [Yang et al. 2013b], which is designed to op-
timize the ranking of media items (i.e., ranking tuples) according to both positive and
negative user preference. Specifically, it iteratively samples ranking tuples of media
items from the fine-grained user preference tensor for users uniformly, and then per-
form stochastic gradient descent optimization to maximize the overall ranking quality.
However, it has two shortcomings:

— Various studies have shown that the frequency of users’ interaction on social net-
works usually follows a power law distribution [Noulas et al. 2011; Yang et al. 2013a],
which implies that users who behave actively on social networks generate more feed-
back on media content than less active users. Therefore, it is inappropriate to draw
ranking tuples for users uniformly without considering their activeness. Intuitively,
we should draw more ranking tuples from users who behave more actively, and vice
versa.

— Due to the high dimensionality of tensor data model, a known shortfall of tensor fac-
torization techniques is the runtime cost, i.e., long learning time. Although several
parallel tensor factorization techniques have been proposed [Huy Phan and Cichocki
2011; Zhang et al. 2009] in current literature, they all focus on approximating the
original tensor by minimizing squared error, which is different from our objective that
is to optimize the personalized ranking quality and thus cannot be directly adopted.
Since we use the stochastic gradient descent technique to optimize the ranking qual-
ity, we resort to a parallelized stochastic gradient descent technique as in [Zinkevich
et al. 2010] to improve the runtime performance.

In this paper, in order to build a better social media search service by addressing the
above problems, we propose SESAME (Sentiment Enhanced SociAl MEdia search),
a fine-grained preference-aware social media search framework. We summarize the
contributions of our work as follows:

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.
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(1) We design a general fine-grained preference-aware social media search framework
including three key features, i.e., user direct feedback collection, fine-grained user
preference modeling and personalized social media ranking.

(2) By collecting users’ direct feedback on social media items from social networks,
we extract fine-grained user preference using sentiment analysis techniques, and
then model them using a three way tensor.

(3) We propose a Parallelized Multi-Tuple based Ranking Tensor Factorization (PMT-
RTF) algorithm. Compared to the MT-RTF algorithm in our previous work [Yang
et al. 2013b], it includes two unique features.
(a) In order to achieve better personalized ranking performance, we propose an

enhanced bootstrap ranking tuple sampling method by considering individual’s
activeness in social networks. Specifically, it draws more ranking tuples from
users who behave more actively, and vice versa.

(b) In order to improve the runtime performance, i.e., reducing the learning time,
we incorporate stochastic gradient descent parallelization techniques in the
tensor factorization process.

(4) In order to show the generality of the proposed SESAME framework with heteroge-
neous social media data, we use two different social media datasets for evaluation,
viz., a YouTube comments dataset and a Foursquare check-ins and tips dataset.
The experiment results show that our solution consistently achieves good person-
alized ranking performance on both datasets, and outperforms the state-of-the-art
solutions. Particularly, compared to the MT-RTF algorithm in our previous work
[Yang et al. 2013b], the proposed PMT-RTF achieves better personalized ranking
performance with less learning time. Taking Foursquare dataset as an example,
using 4 parallel workers, the PMT-RTF algorithm achieves 6.3% better ranking
quality with 72% less learning time than that of the MT-RTF algorithm.

The rest of this paper is organized as follows. Section 2 briefly surveys the related
work in personalized search. In Section 3, we first formulate the targeted problem
and then present the overview of SESAME framework. Section 4 describes the data
collection process from Foursquare. In Sections 5 and 6, we explain the fine-grained
user preference extraction and PMT-RTF algorithm, respectively. Section 7 presents
the experimental evaluation, followed by the conclusion in Section 9.

2. RELATED WORK
With the rapid growth of online information, personalized Web search has been widely
studied in recent years. Some commercial Web search engines, such as Google6 and
Bing7, have already provided users with personalized search features. Search person-
alization mainly employs user specific information, such as user context and user pref-
erence, to provide users with customized search results. Based on the type of user
information incorporated, personalized search can be roughly classified into two cate-
gories: context-aware search and preference-aware search.

2.1. Context-Aware Search
Context-aware search leverages user context, e.g., time, location, weather and user
activities, to deliver the appropriate search results. Taking local search as an exam-
ple, a query of searching for a burger restaurant for dinner may be interpreted as
finding the nearest burger restaurant from one’s current location. Maekawa et al.
[Maekawa et al. 2012] built a context-aware Web search system by incorporating a

6http://www.google.com/
7http://www.bing.com
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user’s daily activities monitored from ubiquitous sensors. Hansen et al. [Hansen et al.
2004] proposed a general platform to support the development of context-aware hyper-
media systems with special emphasis on location-based services, where context-aware
search is a main feature. Lane et al. [Lane et al. 2010] proposed a context-based local
search framework that considered rich context such as weather and activity. Iwata et
al. [Iwata et al. 2011] extracted user’s situation, e.g., being in the office at lunch time
on weekdays, or going downtown on holiday, to perform personalized search. Since
context-aware search mainly incorporates users’ current context of submitting queries
to generate customized search results, it does not practically handle individual’s per-
sonal preference, which plays an important role in delivering personalized search re-
sults. In this paper, we focus on leveraging user preference for search personalization,
i.e., preference-aware search.

2.2. Preference-Aware Search
Preference-aware search provides search results according to individual’s preference.
For example, the aforementioned query of searching a burger restaurant may be inter-
preted as looking for the restaurants that provide the user’s favorite taste of burgers.
Preference-aware search has been widely studied in Web search personalization. Eiri-
naki et al. [Eirinaki and Vazirgiannis 2003] conducted a survey of Web personalization
using user preference. There are roughly two ways of obtaining user preference. The
first approach leverages user explicit feedback, i.e., let user explicitly state their pref-
erence on search results. However, according to an early user study [Anick 2003], users
usually do not want to spend extra efforts providing such information. The second ap-
proach uses implicit feedback. Since it can be collected without extra user efforts, they
are widely used in search personalization to extract user preference. The classical im-
plicit feedback sources include browsing history [Sugiyama et al. 2004], click-through
data [Ng et al. 2007] and user personal information (e.g., email, desktop data) [Chirita
et al. 2007]. Recently, the booming of social networks brings a new opportunity for
collecting user feedback. In most of social network services, users can add tags and
make comments on social media items (e.g., photos, video, blogs, POIs). Such data can
be regarded as user direct feedback and massively implies their preference, which can
then be used in search personalization [Cai and Li 2010; Sang et al. 2012; Xu et al.
2008; Zhou et al. 2012]. In this work, we focus on preference-aware search using the
user direct feedback from social networks, which can be divided into three categories
according to how user preference is used.

First, user preference can be used to augment user submitted query with keywords
(i.e., query expansion). For example, using crowdsourcing data from the social book-
marking web service Delicious, Zhou et al. [Zhou et al. 2012] extended original query
using user profile extracted from one’s social annotation history. The approaches in
this category usually have limited personalization capability due to the lack of user
preference in the ranking process.

Second, user preference can be used to re-rank the search results generated from a
non-personalized search engine. For example, Xu et al. [Xu et al. 2008] extracted users’
interests from social annotation data and ranked documents according to both query-
document relevance and similarity between users’ interests and documents’ topics.
By constructing user profiles and resource profiles, Cai et al. [Cai and Li 2010] first
modeled query-document relevance and then leveraged user-document preference to
adjust the result ranking. These studies separate query-document relevance ranking
and user-document preference ranking, and then merge them together. Although the
above approaches leverage user preference, they mainly focus on coarse-grained user
preference, i.e., user-keyword preference and user-document preference. In this paper,
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we aim to use fine-grained user preference, i.e., user-keyword-item preference for social
media search.

Third, user preference can be used in the document indexing and searching pro-
cess. The most popular approach supporting this scheme is tensor factorization. In
Web search, Sun et al. [Sun et al. 2005] conducted an early work by modeling click-
through data as a three-way tensor and then using High-Order Singular Value Decom-
position (HOSVD) techniques to factorize the built tensor for personalized ranking.
Since HOSVD cannot practically handle sparse tensors, Rendle et al. [Rendle et al.
2009a] proposed a ranking with the tensor factorization approach to specifically ad-
dress the element ranking problem in tensor, which can alleviate the sparsity prob-
lem. Sang et al. [Sang et al. 2012] proposed a multi-correlation ranking approach in
tensor along with a user-specific topic modeling to personalize image search using so-
cial annotation data on Flickr. Since the ranking tensor factorization process is usually
time-consuming, Rendle et al. [Rendle and Schmidt-Thieme 2010] designed a pairwise
interaction tensor factorization model with a bootstrap sampling method which sig-
nificantly reduces the learning time while maintaining ranking performance. Shi et
al. [Shi et al. 2012] addressed the top-N context-aware recommendation problem by
leveraging tensor factorization to maximize mean average precision. The above tensor
factorization approaches can merely handle positive preference. As fine-grained pref-
erence might include both positive and negative preference, we proposed Multi-Tuple
based Ranking Tensor Factorization (MT-RTF) [Yang et al. 2013b] to consider both
positive and negative preference simultaneously in the factorization process. Although
the MT-RTF algorithm handles well fine-grained preference and effectively performs
personalized ranking, it still suffers from runtime complexity, which is a well-known
shortfall of tensor factorization. Therefore, aiming to reduce the learning time of tensor
factorization and further improve personalized ranking quality, we propose a Paral-
lelized Multi-Tuple based Ranking Tensor Factorization (PMT-RTF) algorithm in this
paper.

3. PROBLEM DESCRIPTION AND SESAME FRAMEWORK
Since fine-grained preference may include both users’ positive and negative feeling
about social media content, the objective of personalized ranking should not only rank
user preferred results atop others, but also avoid putting user disliked ones on the top
of the ranking list. Therefore, the problem of targeted fine-grained social media search
can be described as: Given the crowdsourced social media data and users’ interaction
history in terms of comments, tags, etc., for each query, the objective of personalized
social media search is to generate a customized ranking list of media items for different
users, with top ranked results containing user preferred media items and excluding
disliked ones.

In this paper, we extract fine-grained user preference from the social network ser-
vices to build a personalized social media search framework. Figure 1 illustrates the
overview of the SESAME framework. The left panel shows users’ interaction with so-
cial network services by creating and interacting with social media. The right panel
presents the SESAME components. The social media data collector is in charge of gath-
ering social media data, including social media items and user feedback, from social
network services. The fine-grained preference extractor analyzes this data to obtain
fine-grained user preference by leveraging statistical analysis and sentiment analysis
techniques. The tensor modeling component then constructs a user-keyword-item ten-
sor using fine-grained user preference. Afterwards, the Parallelized Multi-Tuple based
Ranking Tensor Factorization component decomposes the tensor in order to reveal the
latent correlation among the three factors, i.e., user, keyword, and media item, re-
sulting in a filled tensor with the predicted ranking score for all user-keyword-item

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.
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Fig. 1. Overview of the SESAME framework

triplets. When a user looks for media items using a keyword, the query processor re-
turns the personalized ranking results.

4. SOCIAL MEDIA DATA COLLECTION AND PREPROCESSING
The diversity of social network services leads to various types of social media data. In
this work, we use two different types of social media data: POIs in Foursquare and
videos in YouTube, which are presented as follows.

4.1. Foursquare Dataset
As a typical location based social network, Foursquare leverages physical venues (i.e.,
POIs8) to support interaction among mobile users. Users can share their real-time
presence by checking in a venue, post tips to comment on a venue and add tags to char-
acterize a venue. We first collected user check-ins from 24 October 2011 to 20 February
2012 for about four months and then crawled user comments (i.e., tips in Foursquare)
and tags from the related venues and users. Details about the dataset collection pro-
cess and statistics can be found in our previous work [Yang et al. 2013a]. In this study,
we mainly focus on user comments in English due to the limitation of a selected im-
plementation of the sentiment analysis components, but the proposed framework is
not bound to one language. We select one large city in an English-speaking country,
i.e., New York. Venues in Foursquare are classified into nine root categories (i.e., Arts
& Entertainment, College & University, Food, Great Outdoors, Nightlife Spot, Pro-
fessional & Other Places, Residence, Shop & Service, Travel & Transport) and 400
sub-categories9. Similar to [Shankar et al. 2012], we select food related venues (“Food”
category, containing 87 sub-categories such as French restaurant, Italian restaurant,
etc.) in this work. The following three types of Foursquare data are collected for user
preference extraction. Check-in data are in the form of user-venue pairs. A user-venue
pair indicates that the user visits the venue once. Tag data are represented by venue-

8Since “venue” is used to represent “POI” on Foursquare, we do not differentiate the two terms in this paper
9https://developer.foursquare.com/docs/venues/categories
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tags pairs where tags are a set of keywords used to label and index the venue. Tip data
are defined as user-venue-tip triplets indicating that the user leaves a tip at the venue.

4.2. YouTube Dataset
YouTube is a well-known video-sharing web service. In this work, we use the YouTube
comments dataset collected by the school of computer science and informatics of the
University College Dublin [O’Callaghan et al. 2012], which contains more than 6
Million entries. Since this dataset was originally used to detect spam comments in
YouTube, we filter out all the comments labeled as spam in the dataset. Therefore,
similar to the Foursquare tip data, we obtain the YouTube user comments data in the
form of user-video-comment, indicating that the user has a comment for the video.

5. FINE-GRAINED USER PREFERENCE EXTRACTION AND TENSOR MODELING
In this section, we present how we extract fine-grained user preference on social media
items and model such preference as a three-way tensor. The fine-grained user prefer-
ence can reflect users’ feeling about the different aspects of social media items (in the
form of user-keyword-item). Note that in this work, media items refers to POI and
video. The diversity of social media types implies the diversity of the keywords which
are used to characterize and index the media items. Thus, in the following, we first
present the keyword selection process for specific social media types. Afterwards, we
extract users’ fine-grained preference for specific keywords on the social media content
by applying text-based sentiment analysis techniques on user comments/tips data, and
also with the help of other supplement data (e.g., check-in data in Foursquare dataset).
Finally, by leveraging numerical representation of both positive and negative prefer-
ence, we construct a three-way tensor to represent the fine-grained user preference on
social media items.

5.1. Keyword Selection
A specific type of social media should be better characterized by a specific set of key-
words. For example, a restaurant on Foursquare may be characterized by the dishes
offered and their prices, its location, etc., while a music video clip on YouTube may
be characterized by the name of singers and bands, music types, visual effects of the
video, etc. Therefore, we need to select specific keyword sets for individual types of
social media.

For the Foursquare dataset, tags can be used for indexing and searching venues
[Shankar et al. 2012]. Since tags are added by users without any constraint, they
might be diverse and sometimes odd. Thus, to avoid uncommon tags, we only select
the tags that have been used at least twice in all venues in the dataset as keywords.
The tag cloud is shown in Figure 2(a). Most of the popular tags that are usually used
to describe restaurants (e.g., coffee, brunch, bar, burgers, pizza, etc.) are shown as
expected.

For the YouTube dataset, we extract keywords from user comments. Since user com-
ments are usually complete sentences, we first parse them into words and then filter
out the less informative words, such as “the”, “for” and “be”, etc. Afterward, similar
to the keywords in Foursquare dataset, we select keywords that occur at least twice
in YouTube dataset to filter out the uncommon ones. The tag cloud obtained is shown
in Figure 2(b). We observe that the keywords for the YouTube dataset include the de-
scription of various types of videos. For example, there are a considerable number of
keywords related to game videos, such as “game”, “lol” (i.e., League of Legends), “gta”
(i.e., Grand Theft Auto), “wow” (i.e., World of Warcraft) and “mw3”(i.e., Modern War-
fare 3), etc. Some other keywords, such as “music”, “rockstar” and “voice”, tend to be
more related to music videos.

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.
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(a) Foursquare dataset (b) YouTube Dataset

Fig. 2. Tag cloud of keywords in the two datasets (Larger font size implies higher frequency, and vice versa.)

Fig. 3. Sentiment analysis on user comments/tips

5.2. Fine-Grained User Preference Extraction
Fine-grained user preference can be obtained by various means. Since most social net-
work services provide users with the opportunity to comment on social media items,
these user comments/tips left directly on social media items become the primary source
to extract user fine-grained preference. In addition, some supplement data also implies
user preference. For example, user check-ins on Foursquare can be regarded as “foot-
voting”, i.e., users express their preference by visiting their favorite places rather than
the disliked ones. In the following, we first present the fine-grained user preference
extraction process from user comments/tips using sentiment analysis techniques, and
then augment user preference with the help of supplement data.

5.2.1. User Preference Extraction from User Comments/Tips. User comments/tips left on so-
cial media items usually describe what users like/dislike about the media content. By
applying aspect-based sentiment analysis techniques, we can extract users’ different
opinions on different keywords. In this work, the dictionary based unsupervised sen-
timent analysis method is used for the sake of its simplicity in implementation. More
sophisticated sentiment analysis techniques can also be applied to improve the per-
formance, but they are not the focus of this paper. Figure 3 illustrates the sentiment
analysis process. The left panel shows the processing workflow. The right panel illus-
trates the sentiment analysis results of an example tip about an Italian restaurant in
Foursquare dataset.

In our study, we merely deal with comments/tips in English. The language detection
component firstly filters out non-English comments/tips. We use a language detection
library developed by Cybozu Labs [Shuyo 2010]. Then comments/tips are split into
sentences and identified the part-of-speech for each word, e.g., “good” is an adjective,
“place” is a noun, “went” is a verb. Afterwards, we can obtain a sentiment score for each

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.



0:10 D. Yang et al.

word referring to SentiWordNet [Baccianella et al. 2010] with the corresponding part-
of-speech type. The positive, zero and negative values of the sentiment score indicate
the positive, neutral and negative sentiment, respectively. Noun-Phrase Chunking is
then performed to get the phrases e.g., “good place”, “delicious pizza”, which describe
what users like or dislike at a venue. By summing up the sentiment score of each word
in a phrase, we obtain the sentiment of the phrase. We adopt NLTK toolkit [Loper and
Bird 2002] for implementation. The output of sentiment analysis on tips is a set of
user-phrase-venue triplets with the corresponding sentiment score. In order to map a
phrase to keywords, we simply find out the selected keywords contained in a phrase.
For example, the phrase “delicious pizza” is mapped to keywords “delicious” and “pizza”
if they exist in the keyword set. Then, we can get a set of user-keyword-item triplets
with positive or negative preference.

To test the accuracy of our sentiment analysis method, we randomly choose 1000 tips
from both datasets and manually label their fine-grain preference. The experiments
give a precision of 66.21% and a recall of 89.43%. More sophisticated methods can be
used to achieve better performance. For example, using a domain-dependent sentiment
lexicon may generate more appropriate sentiment scores [Li et al. 2012] and using
sequence classifier such as Conditional Random Field can better handle adversative
conjunctions [Shariaty and Moghaddam 2011].

5.2.2. User Preference Extraction from Supplement Data. In social network services, besides
user comments, other types of user digital footprints may also reflect user preference
on social media items such as the check-in data in Foursquare dataset. Due to the fact
that the YouTube dataset is obtained from [O’Callaghan et al. 2012], we do not have
supplement data besides user comments in the YouTube dataset. For the Foursquare
dataset, check-ins are regarded as supplement data reflecting users’ preference on
venues. A user may not necessarily like a venue if she has visited there only once,
while repeated visits usually indicate she likes the place, i.e., expressing positive feed-
back to this venue. Based on this common sense, for each user, we select the venues
being checked-in at least twice as her liked places. Since check-ins cannot provide fur-
ther information on what aspects the users like or dislike on a venue, we assume that
users have only positive feedback to all keywords at this venue and obtain a set of
user-keyword-venue triplets with positive preference. Comparing to user preference
obtained from check-ins, the user preference extracted from tips is fine-grained and
contains more precise information. Hence, we use the following fusion policy: when the
same user-keyword-venue triplet is observed from both data sources, the preference from
tips analysis is used. For example, a user checked in twice at a restaurant (tagged by
burgers, pizza and beer) and left a tip complaining about the burgers there. The prefer-
ence extracted from her check-in for burgers, pizza, beer in that restaurant is positive
while the tip reports negative preference for burgers there. The preference extracted
from tips is considered to be more accurate. Hence, the user preference for burgers in
that place is negative, and user preference for pizza and beer remains positive.

5.3. Tensor Modeling of Fine-Grained User Preference
In this study, fine-grained user preference is represented in the form of user-keyword-
item (i.e., user-keyword-venue for the Foursquare dataset and user-keyword-video for
the YouTube dataset), where the preference may be positive or negative. Therefore, in
order to construct a tensor with numeric representation, we assign 1 and -1 to positive
and negative preference, respectively. The unknown ones are assigned 0. Finally, we
obtain a user-keyword-item (denoted as u-k-m) tensor for each dataset, which is filled
with values 1, 0 or -1.
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6. PMT-RTF ALGORITHM
Since fine-grained user preference contains both positive and negative feedback from
users, the objective of the PMT-RTF (Parallelized Multi-Tuple based Ranking Tensor
Factorization) algorithm is to rank media items in the order of user preferred, with
unknown preference, and with negative preference. To achieve this goal, the PMT-RTF
algorithm predicts the ranking of user preference on media items in the tensor. First,
we select an appropriate tensor factorization model. Second, based on this model we
define an objective function which measures the multi-tuple ranking quality. Finally,
we extend the learning framework in [Rendle et al. 2009b] to maximize the objective
function by introducing two unique features, viz., leveraging an enhanced bootstrap
sampling method to improve the ranking quality, and implementing the parallelization
method proposed in [Zinkevich et al. 2010] to reduce the learning time.

6.1. Tensor Factorization Model
Tensor factorization techniques decompose a tensor into multiple factors. For the u-k-
m tensor, let Û , K̂ and M̂ denote the user, keyword and media item feature matrices,
with the size of |U | ∗ l, |K| ∗ l and |M | ∗ l, respectively. Note that l is called latent space
dimension (or factorization dimension). It controls the number of features considered
in the factorization process. U,K and M are finite sets of users, keywords and media
items, respectively. The decomposition can be formulated as:

Ŷ = Ĉ ×U Û ×K K̂ ×M M̂ (1)

where ×n is the mode-n tensor product with matrix. The core tensor Ĉ with dimension
l ∗ l ∗ l handles the correlation among different factors. The value of each element in Ŷ
is calculated as:

ŷu,k,m =
∑
û

∑
k̂

∑
m̂

ĉũ,k̃,m̃ · ûu,ũ · k̂k,k̃ · m̂m,m̃ (2)

where ũ, k̃, m̃ ∈ {1, ..., l} are indices of latent space. This model is called the Tucker
decomposition model [Tucker 1966]. In current literature, various tensor factorization
has been developed for different purposes. Since our objective is to perform ranking
in a tensor, we adopt the pairwise interaction tensor factorization model proposed in
[Rendle and Schmidt-Thieme 2010], which is deigned to explicitly capture the pairwise
interaction among the three factors in order to solving ranking problems in tensor:

ŷu,k,m =
∑
f̃

ûK
u,f̃
· k̂U

k,f̃
+ ûM

u,f̃
· m̂U

m,f̃
+ k̂M

k,f̃
· m̂K

m,f̃
(3)

where f̃ ∈ {1, ..., l} is the index of latent space, ûK represents the interaction between
user and keyword from user’s perspective, and so on. When predicting media item
ranking, the interaction between user and keyword vanishes. Using vector represen-
tation we get:

ŷu,k,m = ûu · (m̂U
m)T + k̂k · (m̂K

m)T (4)

where ûu and k̂k are the feature vectors in Û and K̂. Additionally, m̂U
m and m̂K

m are the
feature vectors in M̂U and M̂K . Note that in this model, a tensor is decomposed into
four factors, i.e., Û , K̂, M̂U and M̂K .
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(a) Pairwise ranking relation (b) Triple ranking relation

Fig. 4. Multi-tuple ranking scheme

6.2. Optimization criterion
In current literature, the optimization criterions of existing approaches only consider
positive preference [Rendle et al. 2009a; Rendle and Schmidt-Thieme 2010]. Specifi-
cally, for a given user u and a keyword k, the objective of those works is to rank user
preferred media items in front of others, which can be formulated as:

Objpo =
∑

m+∈M+
u,k

∑
m0∈M0

u,k

(ŷu,k,m+ − ŷu,k,m0) (5)

where M+
u,k and M0

u,k represent media items with positive preference and with un-
known preference, respectively. Maximizing the above function is able to rank the me-
dia items with positive preference ahead of others, as shown in Figure 4(a), where rank
of media item a is higher than that of b, c and d.

However, since our u-k-m tensor further includes negative preference, this objective
function can not handle such a case. As shown in Figure 4(b), for a user u and a key-
word k, the rank of media item a (with positive preference) is higher than that of b and
c (unknown preference), and the rank of media items b and c are higher than that of
d (with negative preference). Then, each triple ranking relation can be seen as three
pairwise ranking relations, as shown in Figure 4(b). Let M−u,k denote media items with
negative preference. In addition to Equation 5, the two other pairwise ranking rela-
tions are between M0

u,k and M−u,k, M+
u,k and M−u,k.

Objon =
∑

m0∈M0
u,k

∑
m−∈M−

u,k

(ŷu,k,m0 − ŷu,k,m−) (6)

Objpn =
∑

m+∈M+
u,k

∑
m−∈M−

u,k

(ŷu,k,m+ − ŷu,k,m−) (7)

The optimization is then performed successively for the three pairwise ranking re-
lations. Let ~mu,k denote the media item vector for the given user u and keyword k.
The vector ~mu,k belongs to pairwise ranking if ~mu,k only contains two different val-
ues, while ~mu,k belongs to triple ranking if ~mu,k contains three different values, i.e.,
1, -1 and 0. Considering both pairwise and triple ranking relations, the optimization
criterion of PMT-RTF is defined as:

Obj =

{
Objxx, if ~mu,k ∈ pairwise ranking
Objpo +Objon +Objpn, if ~mu,k ∈ triple ranking

(8)
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where Objxx represents Objpo, Objon or Objpn for ~mu,k containing 1/0, 0/-1 or 1/-1, re-
spectively. By maximizing Obj for all observed (u, k) pairs with regard to Û , K̂, M̂U

and M̂K , we get finally the following objective function which intrinsically implies a
non-convex optimization problem.

max
Û,K̂,M̂U ,M̂K

∑
{(u,k)|∃m,yu,k,m 6=0}

Obj (9)

6.3. PMT-RTF Learning Process
We adopt Bayesian personalized ranking learning algorithm [Rendle et al. 2009b] as
the learning framework. A bootstrap sampling method is used to reduce learning time.
It draws the ranking multi-tuples uniformly from the tensor. However, various studies
show that the frequency of users’ interaction on social networks follows a power law
distribution [Noulas et al. 2011]. Uniformly drawing ranking multi-tuples from users
may be inappropriate. Therefore, we propose an enhanced bootstrap sampling method
by considering individual’s historical behaviors on social networks in the sampling
process. In the following, we first present the enhanced bootstrap sampling method
and then the parallelized learning process.

6.3.1. Enhanced Bootstrap Sampling. The bootstrap sampling method tries to sample
ranking multi-tuples from tensor for learning process. Intuitively, we should draw
more samples from the users who behave more actively because they usually gener-
ate more social media data, and vice versa. Therefore, the bootstrap sampling method
should take the number of users’ historical preference records into account. We use
(u, k, π) to denote a sampled multi-tuple, where π represents the pairwise or triple
ranking media items. Since each non-zero value in ~mu,k indicates one preference
record, the number of non-zero value |{x|x ∈ ~mu,k, x 6= 0}| corresponds to the active
degree of user u for keyword k. Therefore, instead of uniformly sampling (u, k, π) [Yang
et al. 2013b], the enhanced bootstrap sampling method draws (u, k, π) with a probabil-
ity proportional to the number of non-zero value in ~mu,k. Formally, it samples (u, k, π)
with the following probability.

pu,k =
|{x|x ∈ ~mu,k, x 6= 0}|∑
∀(u,k) |{x|x ∈ ~mu,k, x 6= 0}|

(10)

Compared to the bootstrap sampling in [Rendle et al. 2009b], the proposed en-
hanced bootstrap sampling can generate better samples for multi-tuple ranking prob-
lem. Specifically, the former bootstrap sampling method uniformly samples the rank-
ing tuples, where the number of ranking tuples for a specific (u, k) pair depends on
the user u’s historical preference records. Therefore, in a sense, it also considers the
number of users’ historical preference records in the sampling method. However, it
may have bias in sampling multi-tuples and sometimes violate our intuition of draw-
ing more samples from active users. Considering an example of two users u1 and u2,
a keyword k and five media items, the two media item vectors ~mu1,k and ~mu2,k are
shown in the left panel of Figure 5. The user u1 has two positive preference records
while u2 has two positive preference records and one negative preference record. Us-
ing the bootstrap sampling method in [Rendle et al. 2009b], ~mu1,k has in total 2×3 = 6
ranking multi-tuples while ~mu2,k has in total 2× 2× 1 = 4 ranking multi-tuples. When
uniformly drawing multi-tuples from them, the probability of samples from (u1, k) is
pu1,k = 6

4+6 = 0.6 while the probability of samples from (u2, k) is pu2,k = 4
4+6 = 0.4. We

observe that pu1,k > pu2,k even if u2 has more preference records than u1, which vio-
lates our intuition that we should draw more samples from the users who behave more
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Fig. 5. Example of comparison between bootstrap sampling methods

actively. In contrast, using the enhanced bootstrap sampling method, pu1,k = 2
2+3 = 0.4

and pu2,k = 3
2+3 = 0.6, which means we have higher probability to draw samples from

u2 than u1 because u2 (having three preference records) behaves more actively than u1
(having two preference records).

6.3.2. Gradient Descent Learning. Based on the above sampling method, a ranking
multi-tuple may include the pairwise or triple ranking media items. Since our ob-
jective function considers all the data in tensor, to target the data obtained from
sampling approach, we extract an atomic objective function for each ranking pair,
denoted as ŷu,k,ma,mb for a given ranking pair ŷu,k,ma and ŷu,k,mb , where (a, b) ∈
{(+, 0), (0,−), (+,−)}.

ŷu,k,ma,mb = (ŷu,k,ma − ŷu,k,mb) (11)

Stochastic gradient descent approach is used to update parameters Û , K̂, M̂U and M̂K

in each iteration. Combining with Equation 3, the gradients of ŷu,k,ma,mb are:

∂ŷu,k,ma,mb

∂ûu
= (m̂U

ma − m̂U
mb),

∂ŷu,k,ma,mb

∂k̂k
= (m̂K

ma − m̂K
mb) (12)

∂ŷu,k,ma,mb

∂m̂U
ma

= ûu,
∂ŷu,k,ma,mb

∂m̂U
mb

= −ûu (13)

∂ŷu,k,ma,mb

∂m̂K
ma

= k̂k,
∂ŷu,k,ma,mb

∂m̂K
mb

= −k̂k (14)

6.3.3. Parallelized Learning Process. Although tensor factorization is shown to be effec-
tive for multi-dimensional data analysis, it usually implies considerable runtime cost
due to the high dimensionality of tensor data model. In current literature, in order
to address the runtime issue of tensor factorization, some parallel tensor factoriza-
tion techniques have been introduced to solve specific research problems. For example,
Zhang et al. [Zhang et al. 2009] proposed a parallel nonnegative tensor factorization al-
gorithm to analyze global climate data by dividing a tensor factorization problem into
three matrix factorization problem for parallelization. Phan and Cichocki [Huy Phan
and Cichocki 2011] proposed a tensor factorization algorithm called Grid Parafac by
firstly dividing a large tensor into small sub-tensors which can be factorized in a par-
allel manner, and then iteratively merging the results together. However, all these
approaches only focus on approximating the original tensor by minimizing squared er-
ror, which is different from our objective that is to optimize the personalized ranking
quality and thus cannot be directly adopted.

In this work, we use stochastic gradient descent to solve our non-convex optimiza-
tion problem. Stochastic gradient descent [Bottou 2010] has been widely used in many
machine learning problems to perform non-convex optimization and shown good per-
formance, even without guarantee of attaining global optimum. In order to improve
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ALGORITHM 1: PMT-RTF Learning Algorithm
Data: T,Θ, w
Result: Θ̂

1 initialize Θ
2 repeat
3 draw a set of multi-tuples (u, k, π) from T with the probability pu,k, denoted as X
4 randomly partition X into w subsets with equal size, denoted as Xi, i ∈ {1, ..., w}
5 assign one subset to each parallel worker
6 for i ∈ {1, ..., w} do in parallel
7 randomly shuffle the data in Xi on the worker i
8 foreach (u, k, π) ∈ Xi do
9 if (u, k, π) ∈ pairwise ranking then

10 ρ = (1− g′(ŷu,k,ma,mb))

11 Θi = Θi + α · [ρ ·
∂ŷ

u,k,ma,mb

∂Θi
− λ ·Θi]

12 end
13 if (u, k, π) ∈ triple ranking then
14 for (ma,mb) ∈ {(m+,m0), (m0,m−), (m+,m−)} do
15 ρ = (1− g′(ŷu,k,ma,mb))

16 Θi = Θi + α · [ρ ·
∂ŷ

u,k,ma,mb

∂Θi
− λ ·Θi]

17 end
18 end
19 end
20 aggregate from all workers Θ = 1

w

∑w
i=1 Θi

21 end
22 until convergence of Obj;

its runtime performance in tensor factorization, we adopted the parallelized stochastic
gradient descent approach proposed in [Zinkevich et al. 2010]. Various studies have
shown that the parallelization approach achieves good efficiency and effectiveness in
solving different non-convex optimization problems [Yang et al. 2011; Zhuang et al.
2013; Gemulla et al. 2011]. The basic idea of this parallelization approach is described
as follows. For each iteration, it first obtains the sampled learning data (a set of rank-
ing multi-tuples), and then randomly partitions them into w (the number of parallel
workers) equal subsets. It parallelizes the learning process by assigning the w subsets
of learning data to w workers. After all workers finish the learning process, it computes
the optimized results for the current iteration by averaging the results from individual
workers.

The PMT-RTF algorithm is presented in Algorithm 1. Given a tensor T and a set of
parameters Θ, i.e., Û , K̂, M̂U and M̂K , the PMT-RTF algorithm returns the optimized
Θ̂. Note that g(x) = 1

1+e−x is the logistic function. The α controls the learning rate. The
λ is the regularization parameter which aims to avoid over-fitting. In each iteration,
we first perform the enhanced bootstrap sampling method to draw a set of ranking
multi-tuples (u, k, π) with the probability pu,k (shown in Equation 10) from the tensor
T , denoted as X (Line 3). We then randomly partition X into w subsets with equal
size (Line 4), and distribute one subset to each parallel worker (Line 5). For individ-
ual workers, after shuffling the order of the assigned learning data, we conduct the
optimization process of Θ (Line 6-7). For each multi-tuple (u, k, π), if it belongs to pair-
wise ranking, the optimization is conducted forma,mb (Line 9-12); if it belongs to triple
ranking, the optimization is conducted successively for {(m+,m0), (m0,m−), (m+,m−)}
(Line 13-18). After all the parallel workers return the results, we merge them by aver-
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Table I. Characteristics of the experimental tensor

Dataset Foursquare YouTube
Number of users 994 8080

Number of keywords 728 4255
Number of media items 1008 2848

Number of the observed u-k-v triplets 51,091 1,411,810
Data density 0.007 % 0.0015 %

Number of positive feedbacks 43,924 1,328,353
Number of negative feedbacks 7,167 83,457

aging (Line 20). The algorithm converges when no further improvement for the objec-
tive function Obj can be obtained. The output of PMT-RTF is the optimized Θ̂. Using
Equation 3, the predicted ranking score can be obtained. Based on such ranking score,
for a given user and a keyword, media items can be ranked.

7. EXPERIMENTAL EVALUATION
For personalized search, evaluation is not an easy task because the returned results
can be judged only by the searchers themselves. Obviously, such an approach is costly
in our case because it is impossible to exhaustively interview the involved users on
Foursquare and YouTube by questionnaire. Therefore, by random splitting one dataset
into training set and test set, we evaluate the personalized ranking quality of the
SESAME framework, i.e., whether the top ranked results contain more user liked me-
dia items and less disliked media items. In the following, we first present the exper-
iment setting and then show the impact of parameters on the ranking performance
of SESAME framework. Afterward, we evaluate SESAME framework by comparing it
with the baseline approaches. Finally, we present a case study on Foursquare dataset
to show how fine-grained user preference can improve the performance of personalized
search.

7.1. Experiment Setting
7.1.1. Dataset Selection. In order to focus the experiments on a dense dataset, we select

20-core data10, resulting in a u-k-m tensor with dimensionality of (994*728*1008) for
the Foursquare dataset and (8080*4255*2824) for the YouTube dataset. Use of dense
data has been shown as an important factor in evaluating and comparing collaborative
filtering techniques [Herlocker et al. 2004]. The characteristics of the experimental
tensor are shown in Table I.

7.1.2. Evaluation Plan. In this work, we evaluate SESAME by conducting experiments
using the training and test dataset selected from the built tensor. A test set S is con-
structed by randomly selecting u-k pairs and all related media items, i.e., ~mu,k. The
remaining is used as the training set. (~mu,k is set to 0 in training set for those u-k pairs
selected by the test set). Using PMT-RTF on the training set to perform the media item
ranking, the predicted ranking for u-k pairs in the test set S is then evaluated. In the
following experiments, we use 90% of each dataset as training set and 10% as test set.
The hyperparameters are determined based on a series of experiments. Specifically,
the learning step α is set to 0.1 and regularization parameter λ is set to 0.00001.

7.1.3. Evaluation Metric. The classical evaluation metrics in IR (Information Retrieval)
often evaluate whether a result is relevant or not. However, in our case, for a given
u-k pair, the media items may fall into three categories, i.e., the media items with
positive, negative, or unknown preference. While the ones with positive or unknown

10The p-core of a tensor is the largest subset of the tensor with the property that every user, every keyword
and every media item has to occur in at least p records.
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preference can be treated as “relevant” or “irrelevant”, the negative ones cannot be
simply considered as “irrelevant”. Because putting a user disliked item on the top
will decrease user experience more than an irrelevant one. Hence, by adjusting Mean
Average Precision (MAP) which is a widely used metric in IR community, we introduce
a metric named Mean Average Satisfaction (MAS). To introduce MAS, we first explain
the definition of MAP. For a test set S, MAP is defined as follows:

MAP =
∑

(u,k)∈S

∑n
i=1

∑i
j=1

r(j)
i · r(i)

N+
(15)

where N+ and n are the number of relevant media items (i.e., items with positive
preference) and number of retrieved media items, respectively. The relevance function
r(i) is set to 1 if the ith item in the results is relevant and 0 otherwise. Since this
definition does not consider the items with negative preference, the extension of MAS
compared to MAP consists of introducing a penalty term against ranking user disliked
media items on the top. Its definition is as follows:

MAS =
∑

(u,k)∈S

∑n
i=1

∑i
j=1

sat(j)
i · r(i)

N+
(16)

where the satisfaction function sat(i) is set to 1, 0 or -1 if the ith media item is the one
with positive, unknown or negative preference, respectively. A higher value of MAS
implies the top results contain more media items with positive preference and fewer
items with negative preference. Hence, we use MAS to evaluate user experience for the
retrieved media item ranking. Note that in all the following experiments, the reported
results are the mean value of five repeated trials.

7.2. Impact of Parameters on the Ranking Performance of SESAME
7.2.1. Latent Space Dimensions. The latent space dimension in PMT-RTF determines

the number of the feature incorporated in the factorization process, which may have
direct impact on personalized ranking quality and runtime complexity. Specifically,
small latent space dimensions imply that only a few features are considered (low run-
time complexity), which may not be able to fully capture fine-grained user preference.
On the contrary, large latent space dimensions imply that many features are consid-
ered (high runtime complexity), which may include some trivial features that have
very limited contribution to capturing fine-grained user preference. Therefore, an ap-
propriate latent space dimension is important to guarantee the ranking quality and
reasonable learning time.

We conduct the experiments by varying the latent space dimension in the order of
8, 16, 32, 64, 128, 256 and 512. Figure 6 reports the results. With the increase of
the latent space dimension, the ranking performance of PMT-RTF increases. We ob-
serve that there is no significant improvement of MAS for dimension higher than 64
with Foursquare dataset and 128 with YouTube dataset, which indicates the conver-
gence of the algorithm w.r.t. the latent space dimension. Hence, in the following ex-
periments, the latent space dimension is fixed as 64 with Foursquare dataset and 128
with YouTube dataset.

7.2.2. Number of Parallel Workers. Aiming at reducing the learning time of our algo-
rithm, we adopt the parallelization technique proposed in [Zinkevich et al. 2010] in
our PMT-RTF algorithm. It is shown that such a data-parallel stochastic gradient de-
scent algorithm has diminishing marginal utility of adding more parallel workers.
Specifically, with the increasing of the number of parallel workers, the performance
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Fig. 6. Impact of latent space dimension

Fig. 7. Impact of parallel worker numbers

improvement (i.e, decrement of learning time) of adding new workers decreases. In
order to evaluate the runtime performance of our PMT-RTF algorithm, we conduct ex-
periments with different numbers of parallel workers (i.e., 1, 2, 4 and 8 workers) for
PMT-RTF algorithm and use MT-RTF algorithm [Yang et al. 2013b] as the baseline.
The experiments are carried out on a tiny computer cluster with 8 cores at 2.8GHz and
32GB RAM in total. The algorithms are implemented using Matlab. Figure 7 plots the
MAS metric w.r.t. the learning time. Note that “Para n” represents the setting with n
parallel workers.

First, we observe clearly that the MAS metric converges w.r.t. the learning time in
all the cases. Due to the incorporation of the enhanced bootstrap sampling method,
the PMT-RTF algorithm outperforms the MT-RTF algorithm. Note that the difference
between PMT-RTF Para 1 and MT-RTF only lies in the bootstrap sampling method. We
observe that PMT-RTF Para 1 converges to higher MAS than that of MT-RTF, which
shows the advantages of the proposed enhanced bootstrap sampling method.

Moreover, with increasing number of parallel workers from 1 to 8, the PMT-RTF
algorithm converges faster. Taking Foursquare dataset as an example, to achieve the
MAS value of 0.7, it takes about 660, 540, 390 and 360 seconds with Para 1, Para 2,
Para 4 and Para 8, respectively. The diminishing marginal utility of adding parallel
workers is obvious. We calculate the learning time decrement of adding one worker by
comparing each consecutive pair of settings. Specifically, learning time reduces 120s
for adding one worker from Para 1 to Para 2; reduces 75s on average for adding one
worker from Para 2 to Para 4; reduces 7.5s on average for adding one worker from
Para 4 to Para 8. Since there is no significant reduction in learning time for more than
4 parallel workers, we select Para 4 as the default setting in the following experiments.
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(a) Foursquare Dataset (b) YouTube Dataset

Fig. 8. Performance comparison with other approaches

Finally, by comparing the performance of the selected PMT-RTF Para 4 to that of MT-
RTF, we observe that our algorithm achieves better ranking quality with significantly
less learning time. Taking Foursquare dataset as an example, we observe that PMT-
RTF Para 4 achieve 6.3% better performance with 72% less learning time. Specifically,
PMT-RTF Para 4 converges to the MAS value of 0.76 with the learning time of 1300
seconds, while MT-RTF converges to the MAS value of 0.715 with the learning time of
4800 seconds (it is out of range in Figure 7).

7.3. Personalized Ranking Evaluation
In order to evaluate the personalized ranking quality of the proposed PMT-RTF algo-
rithm, we compare it with following approaches:

— PopularK: for a given keyword, media items are ranked by their popularity in a
descending order, regardless of users. This is considered as a basic non-personalized
search approach because it returns the identical search results to all users.

— Relevance+PrefU: for a given keyword and a user, media items are first filtered by
item-keyword relevance and then re-ranked by the individual preference on media
items and keywords. This can be regarded as a typical personalized search approach
using coarse-grained user preference.

— HOSVD: high-order singular value decomposition [De Lathauwer et al. 2000] which
performs a low-rank approximation. It corresponds to a Tucker decomposition opti-
mized for square-loss.

— PITF: pairwise interaction tensor factorization [Rendle and Schmidt-Thieme 2010]
which only incorporates positive preference into factorization. Using this approach,
we consider negative preference (i.e., -1) as unknown preference (i.e., 0) in the train-
ing set in order to ignore negative preference.

— MT-RTF: multi-tuple based ranking tensor factorization [Yang et al. 2013b] which
integrates a basic bootstrap sampling method that uniformly samples ranking
multi-tuples for the learning process.

For the tensor factorization approaches, i.e., MT-RTF, HOSVD and PITF, we set la-
tent space dimension as the same as for PMT-RTF algorithm. First, we report the
overall performance on all the test set (denoted as T ALL). Then, in order to deeply
investigate the improvement of considering negative preference, we also report the
performance on the partial test set that contains u-k pairs with negative preference
(T NEG).
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Table II. Case Study on Foursquare Dataset

Rank Relevance+PrefU SESAME

1st Penelope - Breakfast Spot
(beer, brunch, burgers, cupcakes, muffins)

DuMont Burger - Burger Joint
(burgers, coffee, beer, brooklyn, doughnuts)

2nd 123 Burger Shot Beer - Burger Joint
(cheesesteak, burgers, beer, bar, manhattan)

Heartland Brewery - Brewery
(beer, bison, burgers, brewpub, cheese)

3rd Shake Shack - Burger Joint
(beer, bravo, milkshake, burgers, hotdogs)

Shake Shack - Burger Joint
(choice, beer, bravo, burgers, college)

4th DuMont Burger - Burger Joint
(burgers, coffee, beer, brooklyn, doughnuts)

Zaitzeff - Burger Joint
(burgers, kobe, beef)

5th Bark Hot Dogs - Hot Dog Joint
(beer, brooklyn, brunch, burgers, foxon)

P.J. Clarke’s - Burger Joint
(burgers, lincoln, lunch, steaks, wine)

Figure 7.3 illustrates the results with both Foursquare and YouTube datasets. We
observe that our approach is consistently better than other baseline approaches by
achieving the highest MAS (i.e., 0.7577 with Foursquare dataset and 0.4775 with
YouTube dataset).

For all the test set (T ALL), personalized approaches outperform the non-
personalized search PopularK, which shows that search personalization is able to
enhance user experience, i.e., leading to higher MAS. Among the personalized ap-
proaches, HOSVD performs the worst. This might be caused by two reasons, viz., the
data sparsity problem in tensor and the weakness of HOSVD for ranking problem. Rel-
evance+PrefU approach that considers coarse-grained user preference of venues per-
forms better than HOSVD but still gets unsatisfactory results. The high performance
of PITF, MT-RTF and PMT-RTF proves that the ranking tensor factorization approach
is efficient in solving such ranking problem. Comparing with PITF, multi-tuple ranking
tensor factorization approaches, i.e., MT-RTF and PMT-RTF, that considers both posi-
tive and negative preference achieves better performance. Furthermore, using the en-
hanced bootstrap sampling method that considers user activeness in social networks,
PMT-RTF achieves the best MAS.

For the partial test set that contains u-k pairs with negative preference (T NEG),
multi-tuple ranking tensor factorization approaches, i.e., MT-RTF and PMT-RTF, sig-
nificantly outperform other approaches. Such observation proves that considering neg-
ative preference can outstandingly improve the user experience for those users with
negative preference. In our dataset, the total number of observed negative feedback
is only a small fraction of the positive ones (about 1/6 with Foursquare dataset and
1/16 with YouTube dataset). Such facts explain why the improvement of MT-RTF and
PMT-RTF for all users is not as much as that for users with negative preference.

An interesting observation is that the performance of Relevance+PrefU dramatically
decreases when including negative preference with both datasets. The coarse-grained
user preference on media items fails in the case that users have both positive and
negative preference on different keywords for one media item. On the contrary, fine-
grained user preference can delicately capture such detailed preference.

7.4. Case Study on Foursquare Dataset
In this section, we present a case study on Foursquare dataset to show the advan-
tages of fine-grained user preference in personalized search. Considering a scenario
of looking for a restaurant in New York, we select a keyword and a user to perform
queries using two different search schemes, viz., SESAME and a coarse-grain prefer-
ence based personalized search, i.e., Relevance+PrefU. We select “burgers” as keyword
because it is popular for most New Yorkers and has a high frequency of occurrence.
We then choose a user from the dataset (ID 394) and send the query. Table II presents
the search results. The information of each venue is described in the format “Venue
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Name - venue category (its top 5 frequent keywords)”. For those venues with less than
5 keywords, we list all of them.

In the test set, this user has positive preference for burgers in the venue “Dumont
Burgers”. In addition, the user has negative preference for burgers in the venue “123
Burger Shot Beer” and positive preference for pizza and beer in “123 Burger Shot
Beer”. From the user’s all preference records, we find that her top 3 preferred keywords
are “beer”, “coffee” and “burgers”.

Using SESAME framework, we can observe that “Dumont Burgers” is the first venue
appearing in the returned search results and “123 Burger Shot Beer” is ranked far be-
hind the other venues (i.e., 20th), which matches the user’s preference for burgers
in these venues. Using coarse-grained preference, we observe that “123 Burger Shot
Beer” is ranked at 2nd and “Dumont Burgers” becomes the 4th in the list, which is
against her preference. Such observation can be explained by two reasons: 1) even
if the user has negative preference for burgers in “123 Burger Shot Beer”, her over-
all preference of this restaurant is positive because she expressed positive sentiment
about two entities and negative sentiment about one entity; 2) this venue has both
burgers and beer that match the user’s coarse-grained preference. This observation
shows that SESAME can delicately handle fine-grained user preference and efficiently
provide search results according to each user’s preference.

8. DISCUSSION
Web search personalization has been widely studied from different perspectives in cur-
rent literature. By comparing the proposed SESAME framework to those works, we
discuss two limitations of our work and suggest the possible improvements.

Diversity of searching keywords. Web search services usually allow users to
submit query with any keywords they would like to use. However, in this work, the
keywords used in SESAME framework are extracted from user generated social me-
dia data, which contains only a limited number of keywords. Moreover, the semantic
meaning of the keywords has not been explored in our paper. In order to generate ap-
propriate search results for any queries, semantic web techniques such as [Ding et al.
2004; Specia and Motta 2007] may be used to map any user submitted keywords to the
keywords in SESAME according to their semantic meanings.

Time impact on user preference. In social media search, user preference may
progressively vary over time. For example, even if a Japanese did not like French food
before, she may probably start to like it after she lives in France for a while. There-
fore, considering time impact on user preference is also important in building a good
personalized social media search service. Various user preference modeling techniques
considering the evolution of preference with time, such as [Koren 2010; Król et al.
2006], may be incorporated in SESAME framework by putting more weight on the
recently extracted user preference in the learning process.

9. CONCLUSION
The soaring popularity of social network services provides users with an unprece-
dented opportunity to interact with each other. Meanwhile, a significant volume of
social media data is generated, which provides invaluable resources for users to ex-
plore interesting content. However, the rapid growth of social media causes difficulties
for users to efficiently retrieve their desired content. In this paper, in order to help
users efficiently search their desired social media items, we proposed SESAME, a fine-
grained preference-aware social media search framework. First, we collect users’ direct
feedback on social media content from social networks. Afterwards, we extract users’
fine-grained preference on social media items using sentiment analysis techniques
and model it using a three-way tensor. Finally, we propose a PMT-RTF algorithm to

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.



0:22 D. Yang et al.

perform high-quality personalized ranking of media items. Using two social media
datasets collected from Foursquare and YouTube, the experimental evaluation verifies
that SESAME can effectively capture fine-grained user preference and consistently
outperform state-of-the-art approaches for personalized social media item ranking.

In the future, since user context is also an important factor in providing personal-
ized services, we plan to build a more comprehensive personalized search framework
by incorporating both user context and preference. Moreover, since social media data is
continuously generated on social networks, we intend to explore new ways of accommo-
dating the increasing social media data such as using streaming techniques/algorithms
to enable effective, scalable and personalized social media search.
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Léon Bottou. 2010. Large-scale machine learning with stochastic gradient descent. In Proc. of COMP-

STAT’10. Springer, 177–186.
Mohamed Reda Bouadjenek, Hakim Hacid, and Mokrane Bouzeghoub. 2013. Sopra: A new social personal-

ized ranking function for improving web search. In Proc. of SIGIR’13. ACM, 861–864.
Yi Cai and Qing Li. 2010. Personalized search by tag-based user profile and resource profile in collaborative

tagging systems. In Proc. of CIKM’10. ACM, 969–978.
Paul-Alexandru Chirita, Claudiu S Firan, and Wolfgang Nejdl. 2007. Personalized query expansion for the

web. In Proc. of SIGIR’07. ACM, 7–14.
Lieven De Lathauwer, Bart De Moor, and Joos Vandewalle. 2000. A multilinear singular value decomposi-

tion. SIAM journal on Matrix Analysis and Applications 21, 4 (2000), 1253–1278.
Li Ding, Tim Finin, Anupam Joshi, Rong Pan, R Scott Cost, Yun Peng, Pavan Reddivari, Vishal Doshi, and

Joel Sachs. 2004. Swoogle: a search and metadata engine for the semantic web. In Proc. of CIKM’04.
ACM, 652–659.

Magdalini Eirinaki and Michalis Vazirgiannis. 2003. Web mining for web personalization. ACM Transac-
tions on Internet Technology 3, 1 (2003), 1–27.

Rainer Gemulla, Erik Nijkamp, Peter J Haas, and Yannis Sismanis. 2011. Large-scale matrix factorization
with distributed stochastic gradient descent. In Proc. of KDD’11. ACM, 69–77.

Frank Allan Hansen, Niels Olof Bouvin, Bent G Christensen, Kaj Grønbæk, Torben Bach Pedersen, and
Jevgenij Gagach. 2004. Integrating the web and the world: contextual trails on the move. In Proc. of
HT’04. ACM, 98–107.

Jonathan L Herlocker, Joseph A Konstan, Loren G Terveen, and John T Riedl. 2004. Evaluating collabora-
tive filtering recommender systems. ACM Transactions on Information Systems 22, 1 (2004), 5–53.

Anh Huy Phan and Andrzej Cichocki. 2011. PARAFAC algorithms for large-scale problems. Neurocomputing
74, 11 (2011), 1970–1984.

Mayu Iwata, Takahiro Hara, Kentaro Shimatani, Tomohiro Mashita, Kiyoshi Kiyokawa, Shojiro Nishio,
and Haruo Takemura. 2011. A Location-based Content Search System Considering Situations of Mobile
Users. Procedia Computer Science 5 (2011), 426–433.

Heung-Nam Kim, Majdi Rawashdeh, Abdullah Alghamdi, and Abdulmotaleb El Saddik. 2012. Folksonomy-
based personalized search and ranking in social media services. Information Systems 37, 1 (2012), 61–
76.

Yehuda Koren. 2010. Collaborative filtering with temporal dynamics. Commun. ACM 53, 4 (2010), 89–97.
Dariusz Król, Michal Szymanski, and Bogdan Trawinski. 2006. The Recommendation Mechanism in an

Internet Information System with Time Impact Coefficient. IJCSA 3, 3 (2006), 65–80.
Nicholas D Lane, Dimitrios Lymberopoulos, Feng Zhao, and Andrew T Campbell. 2010. Hapori: context-

based local search for mobile phones using community behavioral modeling and similarity. In Proc. of
UbiComp’10. ACM, 109–118.

Fangtao Li, Sinno Jialin Pan, Ou Jin, Qiang Yang, and Xiaoyan Zhu. 2012. Cross-domain co-extraction of
sentiment and topic lexicons. In Proc. of ACL’12. Association for Computational Linguistics, 410–419.

Edward Loper and Steven Bird. 2002. NLTK: The natural language toolkit. In Proc. of ACL’02 Workshop on
Effective tools and methodologies for teaching natural language processing and computational linguis-
tics. Association for Computational Linguistics, 63–70.

ACM Transactions on Internet Technology, Vol. 0, No. 0, Article 0, Publication date: 0.



SESAME: Mining User Digital Footprints for Fine-Grained Preference-Aware Social Media Search0:23

Takuya Maekawa, Yutaka Yanagisawa, Yasushi Sakurai, Yasue Kishino, Koji Kamei, and Takeshi Okadome.
2012. Context-aware web search in ubiquitous sensor environments. ACM Transactions on Internet
Technology 11, 3 (2012), 12.

Wilfred Ng, Lin Deng, and Dik Lun Lee. 2007. Mining user preference using spy voting for search engine
personalization. ACM Transactions on Internet Technology 7, 4 (2007), 19.

Anastasios Noulas, Salvatore Scellato, Cecilia Mascolo, and Massimiliano Pontil. 2011. An Empirical Study
of Geographic User Activity Patterns in Foursquare.. In Proc. of ICWSM’11. 70–573.

Derek O’Callaghan, Martin Harrigan, Joe Carthy, and Pádraig Cunningham. 2012. Network Analysis of
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