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Cross-Platform Multi-Modal Topic Modeling for
Personalized Inter-Platform Recommendation
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Abstract—In this paper, we investigate a novel
cross-platform multimedia problem: given two platforms, Flickr
and Foursquare, we conduct the recommendation between
these two platforms, namely the photo recommendation from
Flickr to Foursquare users and the venue recommendation from
Foursquare
to
Flickr
users.
Such
inter-platform
recommendations enable users from one single platform to
enjoy different recommendation services effectively. To solve the
problem, we propose a cross-platform multi-modal topic model
(
), which is capable of: 1) differentiating between two
kinds of topics, i.e., platform-speciﬁc topics only relevant to a
certain platform and shared topics characterizing the knowledge
shared by different platforms and 2) aligning multiple modalities
from different platforms. Speciﬁcally,
can not only split
the topic space into the shared topic space and platform-speciﬁc
topic space and learn them simultaneously, but also enable the
alignment among different modalities through the learned topic
space. Given the location information, we applied the proposed
into two inter-platform recommendation applications:
1) personalized venue recommendation from Foursquare to
Flickr users and 2) personalized image recommendation from
Flickr to Foursquare users. We have conducted experiments
on the collected large-scale real-world dataset from Flickr and
Foursquare. Qualitative and quantitative evaluation results
validate the effectiveness of our method and demonstrate the
advantage of connecting different platforms with different
modalities for the inter-platform recommendation.
Index Terms— Cross-platform, topic model, recommendation.

I. INTRODUCTION

W

ITH the fast development of Web2.0, various social
media platforms are gaining more and more popularity
with their different types of services. For example, Flickr is an
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image hosting website for users to share personal photographs,
while Foursquare provides a personalized location search service and recommends great places around a user’s current location. All these social media platforms host huge and evergrowing data which are of different modalities and for their
own services. How to utilize those data without the boundaries
of platforms has become a hot research area because of its great
potential in various applications, such as social link prediction on Foursquare and Twitter [43] and novelty-seeking trait
mining on SinaWeibo and Taobao [42]. In this work, we investigate the problem of cross-platform multi-modal data correlation and analysis. Speciﬁcally, we propose a model to correlate
the data from two social platforms, i.e., Flickr and Foursquare,
and apply this model to the personalized inter-platform recommendation. In these applications, Flickr users will be able to
quickly ﬁnd out nearby venues what they are interested in when
they come to new places, thanks to the recommendations from
Foursquare. Foursquare users will also enjoy more interesting
pictures from Flickr. These recommendations are mutual and
simultaneous.
Existing cross-platform based work [29], [15], [43] mainly
designed multimedia applications on a single platform using the
information from auxiliary platforms. For example, Zhong et al.
[43] used the overlapping users as the bridge to conduct friend
recommendation in Foursquare by employing users’ information and relationship information in Twitter. However, it is not
easy to obtain or identify the same user account from different
platforms in many cases. Roy et al. [29] utilized the event information to correlate Twitter and YouTube for socialized video
search and recommendation in Youtube by exploiting the textual information in Twitter. However, little work has investigated how to design a model to use general topic information
to correlate different platforms with different modalities for enabling inter-platform applications.
Each platform hosts rich content information shared by
users, such as images with tags in Flickr and the venues with
tags in Foursquare. Generally, the knowledge mined from
the content information on different platforms can be divided
into two parts: shared knowledge from all platforms and platform-speciﬁc knowledge. We use a toy example to elaborate
this. Fig. 1 shows some exemplary images with tags from Flickr
and venues with tags from Foursquare. We can see that both
“music concert” (shown in red) and “animal” (shown in purple)
are the shared knowledge by both platforms. The images with
tags about the sunset in Flickr (shown in green) represent
Flickr-speciﬁc knowledge while the checked bookstores in
Foursquare (shown in blue) correspond to Foursquare-speciﬁc
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Fig. 1. Different types of knowledge in Flickr and Foursquare, where the
shared knowledge is shown in red and purple, the Flickr-speciﬁc knowledge is
shown in green, and the Foursquare-speciﬁc knowledge is shown in blue.

knowledge. Considering that the shared knowledge belongs to
all the platforms, we utilize it as a bridge to connect different
platforms for inter-platform applications. Speciﬁcally, our
work is dedicated to extracting the shared knowledge by distinguishing it from the platform-speciﬁc knowledge to connect
different platforms.
Extracting the shared knowledge from different platforms is
not trivial. The challenge is twofold. Firstly, in each platform,
the shared knowledge is intertwined with the speciﬁc knowledge. If we directly extract the shared knowledge by simply
combining content from all platforms, the extracted shared
knowledge will probably be quite noisy. Therefore, the ﬁrst
challenge is to differentiate between the shared knowledge
and platform-speciﬁc knowledge. Secondly, besides the textual
content, each platform has its own modality, such as images
from Flickr and venues from Foursquare. In order to better
realize inter-platform multimedia applications, we need to align
different modalities for each kind of topic knowledge across
different platforms. Therefore, the second challenge is to align
different modalities across different platforms.
In order to solve the above-mentioned problems, we propose
a probabilistic topic modeling framework, namely cross-plat) to discover topics
form multi-modal topic model (
from different platforms. We deﬁne two different types of
topics, i.e., shared topics and platform-speciﬁc topics. The
shared topics characterize the shared knowledge from all platforms and are represented in a shared topic space. In contrast,
the platform-speciﬁc topics characterize platform-speciﬁc
knowledge and are represented in a platform-speciﬁc topic
space. By splitting the topic space into the shared topic space
is capable of
and platform-speciﬁc topic space,
distinguishing shared topics from platform-speciﬁc topics. The
learned shared topics are used to bridge different platforms.
can align multiple modalities for each
Furthermore,
shared topic across different platforms through the learned
shared topic space. We take Flickr and Foursquare as the
testbed in our study. As shown in Fig. 2(a), the input of the
model includes 1) user’s images and annotated tags from
Flickr, and 2) user’s checked-ins and annotated tags from
Foursquare. The output includes 1) the learned shared topic
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space and platform-speciﬁc topic space, and 2) the shared topic
distribution of users and platform-speciﬁc topic distribution of
users.
, we develop a location-conBased on the proposed
text inter-platform recommendation framework, which mainly
consists of two components: topic modeling and personalized
is employed to learn
inter-platform recommendation.
the topic space and the topic distribution of users. Locationcontext inter-platform recommendation [Fig. 2(b)] is derived
, including: 1) personalized venue recommendafrom
tion from Foursquare to Flickr users and 2) personalized image
recommendation from Flickr to Foursquare users.
The contributions of our work can be summarized as follows.
• We study the problem of inter-platform connection by
directly exploring multi-modal content information from
different platforms to beneﬁt inter-platform multimedia
applications.
• We propose a cross-platform multi-modal topic model
), which is able to discover shared topics by
(
distinguishing them from platform-speciﬁc topics and
align multiple modalities for each shared topic across
different platforms.
• We present a location-context inter-platform recomand evaluate
mendation framework based on
them through a large-scale real-world dataset from two
platforms.
The rest of the paper is organized as follows. Section II reviews the related work. Section III presents the cross-platform
) in detail. Section IV intromulti-modal topic model (
duces the location-context personalized inter-platform recommendation application derived from our proposed model. Experimental results are reported in Section V. Finally, we conclude the paper in Section VI.
II. RELATED WORK
Our work is related to two research areas: 1) probabilistic
topic models, and 2) personalized recommendation.
A. Probabilistic Topic Models
The Probabilistic Topic Model (PTM) aims to explore a set
of topics from a large collection of documents, where a topic is
a distribution over a ﬁxed vocabulary and a document is a distribution over topics. A more comprehensive survey of PTM is
provided in [5], which has been successfully applied to many
domains (e.g., text, images, videos and music) for various tasks
such as classiﬁcation, information retrieval and recommendation [7], [6], [14], [37], [30], [32].
The simplest probabilistic topic model is Latent Dirichlet Allocation (LDA) [7]. In order to extend the LDA model to learn
the joint correlations between data of different modalities, such
as the text and images, some variants of topic models are developed, such as multimodal-LDA and correspondence LDA [6].
They use a set of shared latent variables to explicitly model images and annotated text to capture correlations between the data
of two modalities. Compared with [6], which modeled the multimodal data in one platform, our method models them across different platforms. This is more challenging due to the alignment

MIN et al.: CROSS-PLATFORM MULTI-MODAL TOPIC MODELING FOR INTER-PLATFORM RECOMMENDATION

1789

Fig. 2. Proposed personalized recommendation framework. (a) Cross-platform multi-modal topic model. (b) Location-context inter-platform recommendation.

of multiple modalities for each topic across different platforms.
The most related work to ours is [20], which divides the topics
from different domains into shared topics and domain-speciﬁc
topics for text classiﬁcation. Our work is different from [20] in
that, we are investigating a novel inter-platform recommendation problem in the social multimedia context. In addition to
the textual information, we provide a multi-modal framework,
which can simultaneously model visual content and venue information across different platforms. To the best of our knowledge,
a model that can discover topics and align different modalities
for each topic across different platforms has not been proposed
before.
B. Personalized Recommendation
Personalized recommendation in social media can be divided
into two types: single-platform based personalized recommendation and cross-platform based personalized recommendation.
1) Single-Platform Based Personalized Recommendation:
Most of existing work on personalized recommendation is
relevant to the single-platform, such as Point-of-interest (POI)
recommendation [47], [35], [22], [38], image recommendation [10], [30], [31] and friend recommendation [34]. The
single-platform based personalized recommendation usually
utilizes the shared content information and user relationship
in this platform for recommendation. For example, some
studies [35], [22], [38], [37] explored user preferences, social
inﬂuence, or geographical inﬂuence from Foursquare for POI
recommendation. Other work such as [30], [34] utilized the
shared content information (i.e., images and tags) and context
information from Flickr to conduct personalized image or
friend recommendation.

To overcome the drawbacks of solutions in single platform,
for example, the sparseness of user data, many researchers start
to shift their attention to multiple platform based solutions to
exploit more rich data across different platforms.
2) Cross-Platform Based Personalized Recommendation:
The basic idea of existing cross-platform based personalized
recommendation [44], [43], [49], [50], [33] is to transfer the
knowledge from source platforms to the target one to improve
the performance of recommendation. Zhang et al. [43], [44]
proposed to employ the link information transferred from
aligned source platforms through overlapping users to predict
social links for new users. Different from [43], [44], Zhong et
al. [49], [50] introduced one transfer algorithm based on topic
models to integrate user relationships adaptively from different
platforms for item recommendation or friend recommendation.
Yan et al. [33] proposed a random walk based method to
address the cold-start friend recommendation problem through
overlapping users. These methods all use the overlapping users
as the bridge to connect different platforms. In contrast, Qi et
al. [28] utilized the biased cross-platform sampling method to
do link prediction across platforms via the content attributes
of users. Roy et al. [29] transferred the knowledge from the
tweet stream to improve video recommendation by mining
latent features-topics from the tweets. Our work also learns
the latent features from the content information as the bridge
to connect different platforms for recommendation. However,
different from [28], [29], we focus on addressing personalized
inter-platform recommendation problems while the work [28],
[29] mainly transfer the knowledge from the source platform
to the target one to solve the target platform recommendation
problems.
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In addition to the cross-platform based recommendation,
another relevant area is the cross-domain recommendation.
A more comprehensive survey of the cross-domain recommendation is provided in [17], [11]. The core concept of
cross-domain recommendation is to improve the recommendation performance of one domain by exploiting the information
from other domains. For example, Li et al. [18], [19] used
the latent factor model to learn an implicit cluster-level rating
pattern that can be shared with a target domain for transferring
the knowledge from an auxiliary domain. Zhang et al. [45]
extended the latent factor model to multiple domains to learn
an implicit correlation matrix, which links different domains
for knowledge transfer by the implicit domain correlations.
In addition, Pan et al. [27], [26] introduced a method named
coordinate system transfer over multiple data domains to learn
shared latent features. Similar to [27], [26], we also learn
the shared space to transfer the knowledge among different
platforms. However, unlike the above mentioned work that
is only to serve the target domain by virtue of the auxiliary
domains, we focus on the inter-platform recommendation
application to beneﬁt each other simultaneously. Furthermore,
in addition to the textual information from both platforms, we
allow different modalities from each platform and thus provide
a generic multi-modal framework in the multimedia context for
cross-platform applications.
Recently, some work focused on collecting rich information
from different platforms for topic detection or recommendation
[1], [2], [41], [23], [39], [21]. For example, Bao et al. [1], [2]
utilized the co-clustering method to detect emerging topics from
multimedia streams from different platforms, including Twitter,
Flickr and New York Times. Zahlka et al. [41] extracted the
concepts from venue images and associated annotations collected using Foursquare, Picasa and Flickr and then learned
the user taste through the designed interactive map interface
for personalized recommendation. Liu et al. [23] analyzed both
geo-tagged images from Flickr and check-ins from Foursquare
to exploit the travelers’ ﬂavors and the preferences of daily-life
activities of local residents for discovering and recommending
the area of interest in a city. Unlike the above mentioned work
which focused on collecting the information from different platforms for recommendation, we transfer the knowledge between
different platforms for recommendation to beneﬁt users from
these platforms simultaneously.
III. THE CROSS-PLATFORM MULTI-MODAL TOPIC MODEL
This section introduces the cross-platform multi-modal
), which is to discover both shared and
topic model (
platform-speciﬁc topics from users’ documents1 in Flickr and
Foursquare. Table I lists relevant notations used in this paper.
A. Problem Statement
As discussed in Section I, we assume that there are three
kinds of topics in user documents in Flickr and Foursquare:
1Here, we aggregate the records using the user as the unit, which is more intuitive for user-oriented applications (e.g., personalized search and recommendation). In Flickr, one user document includes the shared images and associated
text information (e.g., tags and the title) while one Foursquare user document
include all the venues where this user has checked in and the associated text
information, such as tags and tips this user left.
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TABLE I
KEY NOTATIONS

1) shared topics, which are shared by both social platforms;
2) Flickr- speciﬁc topics, which are related only to the Flickr
platform; and 3) Foursquare-speciﬁc topics, which correspond
to the characteristics of the Foursquare platform. In addition,
each kind of topics is represented by different modalities. Based
can be deﬁned
on the above concepts,2 the problem of
as follows.
). Given a collection of users from
Definition 1: (
the Flickr platform
and the Foursquare platform ,
, where
corresponds to a two-dimensional tuple
from social
platform
, the goal of
is to learn: 1) three kinds of
topic spaces: the shared topic space , , ; the Flickr-speciﬁc
topic space
,
and the Foursquare-speciﬁc topic space
,
; and 2) the distributions over shared topics, Flickr-speciﬁc
topics and Foursquare-speciﬁc topics for users: ,
,
.
B. Cross-Platform Multi-Modal Topic Model
Two key ideas are exploited in our topic model. Firstly,
our model should distinguish between shared topics and platform-speciﬁc topics. In order to realize it, we can split the
topics into three groups:
shared topics with parameters
,
Flickr-speciﬁc topics with parameters
and
Foursquare-speciﬁc
topics with parameters
. Each topic
is represented by a multinomial distribution over words with
different parameters. Our model can distinguish and learn three
kinds of distributions to discover these topics. Secondly, in
order to facilitate the inter-platform applications, our model
2Generally,the shared topic comprises of the keywords belonging to both platforms, while the Flickr-speciﬁc and Foursquare-speciﬁc topics are composed by
the keywords from Flickr and Foursquare, respectively.
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, draw a topic
and then draw a word

iv) for each visual word
A) Draw a binary

b) if

Fig. 3. Probabilistic generative model of

.

should align different modalities for each topic, especially
across different platforms. To realize this idea, we correlate
the topics from different modalities by sampling them from
the same distribution over topics. Since the distribution over
textual words for shared topics is learned from all platforms,
the textual modality, visual modality and venue modality for
each shared topic can be aligned. Speciﬁcally, in Flickr, besides
the distributions over textual words for shared topics
and
Flickr-speciﬁc topics
, there are corresponding distributions
over visual words for shared topics and Flickr-speciﬁc topics
. Similarly, in Foursquare, the distributions over venue
words for shared topics and Foursquare-speciﬁc topics
correspond to and
, respectively. The shared topic-image
distribution and shared topic-venue distribution will facilitate the following inter-platform recommendation. is used for
personalized image recommendation from Flickr to Foursquare
users while
for personalized venue recommendation from
Foursquare to Flickr users. In addition, for each platform , a
latent switch variable ,
is introduced to control
whether the generation of the textual word, the visual word
and the venue is drawn from or
. Fig. 3 illustrates the
graphical representation of the generation process.
The details of the generative process are as follows.
1) For each shared topic
, draw
, draw
, draw
2) For Flickr platform -speciﬁc topic
,
draw
, draw
3) For Foursquare platform
-speciﬁc topic
, draw
, draw
4) For each platform
a) if
, for each user
i) draw
,
ii) draw
,
,
iii) draw
iv) for each textual word
A) Draw a switch variable
B) if

, draw a topic
and then draw a word

i)
ii)
iii)
iv)

switch

B) if

, draw a topic
and then draw a word

C) if

, draw a topic
and then draw a word

, for each user
draw
,
,
draw
draw
for each textual word
A) Draw a binary

,
switch

B) if

, draw a topic
and then draw a word

C) if

, draw a topic
and then draw a word

iv) for each venue
A) A) Draw a binary switch
B) if

, draw a topic
and then draw a venue

C) if

, draw a topic
and then draw a venue

Note that our proposed model is different from other simple
methods in discovering three kinds of topics. For example,
one simple method ﬁrst separates the items from Flickr and
Foursquare into three sets based on the text similarity, where
one is shared by two platforms and the other two sets are speciﬁc to one platform, respectively. The traditional topic model
(e.g., LDA [7]) is then applied to discover topics from each
set. In contrast, our proposed model can discover three kinds
of topics simultaneously in a uniﬁed framework. Furthermore,
compared with the simple method based on the text similarity, our proposed topic model is capable of distinguishing
among three kinds of topics based on more accurate semantic
relations.
C. Model Inference
The
model includes four sets of variables: the binary
switch labels , , the topic assignment , from Flickr and
the binary switch labels , , the topic assignment , from
Foursquare. We use Gibbs sampling [13] for the model inference. The update rules for latent variables are as follows.
and
from Flickr , we employ a
For latent variable
two-step Gibbs sampling procedure:
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D. Parameter Estimation

given the current estimate of

(1)

After a sufﬁcient number of sampling iterations, we can estimate the parameters as follows:

(2)
(ii) sample

given the current estimate of

(3)

(4)
is the current index. The superscript
dewhere
notes a counting variable that excludes the -th word index in the
is the number of times that the shared topic
corpus.
represented by the words is assigned to the user
in Flickr.
is the number of times that Flickr-speciﬁc
represented by the words is assigned to the user
topic
in Flickr.
is the number of times that the word
is
assigned to the shared topic
.
is the number
is assigned to the Flickr-speciﬁc topic
of times that the word
.
is the number of times that
is asis the number of times
signed to the user from Flickr.
that
is assigned to the user from Flickr. The update rules
for variables concerning visual words and from the Flickr
social platform can be derived analogously.
For
and from social platform Foursquare , the update
rules are as follows:
given the current estimate of
(i) sample

(9)

(5)

(6)
(ii) sample

where
. Let
number of times that
social platform .
is assigned to the user

given the current estimate of

(7)

(8)
where the meaning of parameters can be obtained by analogy
with the parameters from the Flickr platform. Similarly, the update rules for variables concerning venues and from social
platform Foursquare are derived analogously.

,
.
is the
is assigned to the user from the
is the number of times that
from the Flickr platform.

is the

number of times that
is assigned to the user from the
Foursquare platform.
is the number of times that the
topic represented by is assigned to the user in platform .
is the number of times that the word is assigned to the
shared topic .
is the number of times that the word is
is the number
assigned to the platform -speciﬁc topic .
of times that the visual word is assigned to the shared topic .
is the number of times that the visual word is assigned to
is the number of times that
the platform -speciﬁc topic .
the venue is assigned to the shared topic .
is the number
of times that the venue is assigned to the platform -speciﬁc
topic .
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Similarly,

IV. LOCATION-CONTEXT INTER-PLATFORM
RECOMMENDATION
can be potentially applied to many new inter-platform applications based on the shared topics and their corresponding topic distributions of users learned from
. In
this section, we present the inter-platform recommendation applications by incorporating the location context. The task is described as follows: given a user from a platform and a query
city , the goal is to recommend a ranked item list from the other
platform to this user according to his/her interest. It includes
the following two cases: 1) personalized venue recommendation from Foursquare to Flickr users, and 2) personalized image
recommendation from Flickr to Foursquare users.

(13)
and
indicate the number of textual words and
where
respectively.
and
visual words in image
are the word prior distribution and visual word prior distribution. We assume that the visual word prior and tag word prior
all follow the uniform distribution, i.e.,
and
.
is the topic prior distribution and is calculated as

A. Personalized Venue Recommendation From Foursquare to
Flickr Users
For a Flickr user
and a query city , we introduce the
shared topic variable to rank the recommended venues from
Foursquare by the following equation:

(14)
,
and
indicate the number of textual words,
where
visual words and venues for user , respectively.
V. EVALUATION

where

In this section, we ﬁrstly describe the experimental setting
including the dataset and implementation details. We then evaluate the performance of the proposed
qualitatively
and quantitatively. Finally, we verify the effectiveness of the
proposed personalized inter-platform recommendation derived
from
.

is the set of venues in the city .

B. Personalized Image Recommendation From Flickr to
Foursquare Users

A. Experimental Settings

For a Foursquare user
and a query city , the similarity
between the user-topic distribution and the image-topic distribution is calculated by the following equation:

(11)

is the weight parameter controlling the strength
where
of the visual content and text content for the image
.
represents the geo-tag information of the image
.
represents the geographical area of the city .
is the learned shared topic distribution of user
.
is the topic distribution of the image textual content
.
is the topic distribution of the image visual content.

(12)

1) Dataset: Two representative platforms are selected as the
testbed: Foursquare, a famous location based social media platform and Flickr, a popular image-sharing social media platform. In order to conduct the evaluation of the location-context
inter-platform recommendation, we select New York city as the
test city and collect the data from the two platforms. The detailed procedure of data crawling is as follows.
• Flickr: To download enough images, we ﬁrstly use two
kinds of queries: the name of the city New York and its
corresponding GPS information to retrieve seed images respectively. Then, the owner’s IDs of the seed images are
retrieved. Based on the owner IDs, we download all the
geotagged images through Flickr API.3 For each image, we
also crawl the associated metadata, including the tags, title,
description, geo-tag information and favorite count. Note
that we only focus on images taken in New York City and
there is no requirement of the hometown of user IDs.
• Foursquare: Since the personal check-in information in
Foursquare cannot be directly accessed, we turn to the
Twitter streams,4 where tweets containing check-in information are shared to the public. Following the work [46],
we monitor the Twitter’s streams and capture check-ins
by crawling tweets with the keyword “4sq”. Each tweet
contains a short check-in message and a link pointing to
the Foursquare check-in page, where we are able to retrieve more information related to the venues and users. In
3[Online].

Available: https://www.ﬂickr.com/services/api/

4[Online].

Available: https://dev.twitter.com/docs/streaming-api
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TABLE II
STATISTICS OF OUR COLLECTED DATA

total, our dataset includes 7,383,865 check-ins performed
by 1,224,899 users at 2,509,641 venues from April 1 to
July 1 in 2014. We ﬁrstly extract the check-in data from
New York based on the check-in latitude and longitude.
For Foursquare users corresponding to these check-ins in
New York, we then select their check-in data in other cities.
In addition, since leaving a tip in a venue can be considered
as one check-in [3], we crawl their tips using Foursquare
API,5 which is open to the public. For each venue, we also
download the venue information including the tags, latitude and longitude, the count of check-ins and the count of
tips.
For each platform, we remove the users who have less
than 8 records. The reason is that we focus on selecting the
users with more information for common recommendation
applications. The core of our inter-platform recommendation
is to correlate different platforms based on shared topics from
the user documents of all the platforms. User interests can be
represented by the shared topics. For users with fewer records,
their interests are hard to determine. Therefore, similar to [4],
we do not consider them in our work. For the text information
from Foursquare (venue tags and tips) and Flickr (tags, the title
and the description), we clean them by removing the stopwords,
html tags and camera related words such as “Cannon” and
“35 mm” [12]. After the data preprocessing, the number of
unique words from two platforms is 22, 532. The statistics of
the resulting dataset are shown in Table II.
2) Implementation details: For each image from Flickr, we
choose to represent the visual content by region-level Maximally Stable Extremal Region (MSER) features. Compared
with the keypoint based descriptors, MSER regions indicate
local homogeneous parts in objects and show higher distinctness [24]. For this reason, a lot of work, such as [9], [30] used
MSER for image feature extraction. In our implementation, we
compute one SIFT descriptor in each detected elliptical region
from MSER. About 447,030 MSER descriptors are extracted
from 20,000 sample images, which are further quantized to
constitute a dictionary of 1,024 visual words. As for venues
from Foursquare, similar to [16], each user’s venues are aggregated as the venue document, where each venue is considered
as one “word”.
As for the hyper-paramerters of the model, without any prior
knowledge, we empirically set the ﬁxed values, i.e.,
,
,
,
,
.
B. Evaluation of
1) Qualitative Evaluation: We demonstrate the effectiveness
by examining the discovered topics. We visualize
of
them by providing the ﬁve top-ranked words, the top ﬁve related images and the top ﬁve relevant venues. Each of the shared
5[Online].

Available: https://developer.foursquare.com/docs/users/tips

Fig. 4. Illustration of three kinds of discovered topics by

.

topics is represented by relevant words, images and venues. The
Flickr-speciﬁc topic is represented by relevant words and images. The Foursquare-speciﬁc topic is represented by relevant
words and venues. Fig. 4 illustrates some discovered topics including three shared topics, two Flickr-speciﬁc topics and two
Foursquare-speciﬁc topics. The textual words are sorted by their
,
probabilities generated from the corresponding topic
while the venues are sorted by
. The images are sorted
by the weighted sum of cosine similarity between the topic
and the image
(15)
).
where is the weight parameter (in our experiment,
and
represent the learned topic-textual word distribu-
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Fig. 5. Illustration of negative examples from
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.

tion and topic-visual word distribution, respectively.
and
represent the normalized vector with Term Frequency (TF)
on textual words and visual words of image , respectively. As
shown in Fig. 4, we can see that some shared topics are about
food (shared topic ), art (shared topic
) and sports (shared
). These topics are shared by all platforms. In contopic
trast, the Flickr-speciﬁc topics include political events (Flickr) and the nature (Flickr-speciﬁc topic
),
speciﬁc topic
which generally are not in Foursquare. The Foursquare-speciﬁc
topics are referred to ones such as reading (Foursquare-speciﬁc
) and gadget freaks (Foursquare-speciﬁc topic
). By
topic
providing a combination of representative words, images and
venues, it becomes very easy to interpret the domain knowledge associated with each topic. We can see that (1) there exist
three kinds of topics: shared topics, Flickr-speciﬁc topics and
Foursquare-speciﬁc topics in two platforms and (2) by considering the textual words, visual image content and venues, the
discovered topics show high consistency among the semantic
concepts, visual themes and venue themes.
In addition, we illustrate some negative examples in Fig. 5.
We observe that (1) some topics are meaningless or lack interpretability, such as shared topic , Flickr-speciﬁc topic and
Foursquare-speciﬁc topic
; and (2) there are relevant topics
between Flickr-speciﬁc topics and Foursquare-speciﬁc topics,
and Foursquare-speciﬁc topic
.
e.g., Flickr-speciﬁc topic
These topics are about food and actually are shared topics. The
possible reasons are as follows: (1) the topic model does not discover topics based on the semantics but the statistical patterns
and the mined patterns are not always meaningful; (2) since the

Fig. 6. Illustration of discovered topics from Flickr and Foursquare.

topic model is a probabilistic model, the three kinds of topics
are split based on the probability, and thus are not fully independent; and (3) the number of topics is predeﬁned and is generally not consistent with the number of actual topics. In practice, since our cross-platform recommendation is based on the
shared topics, we generally set the number of topics larger so
that all the shared topics are discovered from two platforms. In
this case, there are possibly more relevant topics between two
platform-speciﬁc topics. However, they do not affect our recommendation performance.
In order to further verify the effectiveness of our model,
we have conducted an experiment of topic modeling for each
platform, respectively. We use the conventional multi-modal
topic model [6] for topic modeling on the multi-modal data
from each platform. The number of topics is set as 100 for each
platform. For the discovered topics, similar visualization and
sorting strategies are adopted. Fig. 6 illustrates three discovered topics for each platform. We observe that there are some
topics with similar semantics between Flickr and Foursquare.
and Foursquare topic
are
For example, Flickr topic
about food while Flickr topic
and Foursquare topic
are
relevant to art. Compared with the results from Fig. 4, we can
see that our model is indeed capable of correlating these similar
topics between Flickr and Foursquare and discovering these
shared topics from two platforms.
2) Quantitative Evaluation: We resort to the perplexity as
the metric, which is a standard quantitative measure in topic
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modeling literature to compare the performance of various topic
models [7]. The lower the perplexity score is, the better the generalizability of the topic model is. In our evaluation, we adopt
the caption perplexity [6] as the performance measure, which
is suitable for evaluating the topic model with the multi-modal
information and is deﬁned as

(16)
where
is the test set,
is the textual word vector of the
text document and
is the visual word vector of the image.
We deﬁne the variant of the caption perplexity for
as

(17)

(18)
where
, , represent the textual word vector, visual word
vector and venue vector of user , respectively. After model
training, we obtain the topic-textual word distribution
,
topic-visual word distribution
and topic-venue distribution
. Similar to [8], the estimation of
can
be approximated by running Gibbs sampling over all the extracted visual words from the images of the test user (no words
used) using
. Similarly, the estimation of
can
be approximated by running Gibbs sampling over all the extracted venues from the venue documents of the test user (no
words used) using
.
and
are the sum of topics
from Flickr and Foursquare, respectively. In
,
,
.
We design the following baseline for comparison: Basic Version:
. This model does not distinguish between
shared topics and platform-speciﬁc topics and considers that the
two platforms share the same topic space.
We randomly divide the dataset into two parts: the training set
and the test set. We randomly select 80% of the users from each
platform and their data as the training data. The remaining 20%
users and their data are used as the test data. Without any prior
knowledge, we simply set the proportion of the shared topics in
each platform to 0.5, that is
. Fig. 7 shows
the perplexity of the test set for different values of topic number
. We can see that the proposed method,
which is more ﬂexible than the baseline
, reaches
better (lower) perplexity on the test data due to being able to
describe both shared topics and platform-speciﬁc topics without
needing to introduce noisy topics. Distinguishing shared topics
from platform-speciﬁc topics enables to better separate irrelevant or inconsistent topic knowledge in different platforms. In
addition, the better caption perplexity also means our model

Fig. 7. Perplexity comparison. (a) Precision@K. (b) MAP@K.

achieves higher consistency among topics of different modalities than the baseline. It is clear that the perplexity is stable when
(that is
), and therefore we
choose the desired topic number
for
in the following experiments.
3) Computational Complexity Analysis: Without loss of generality, let
and the iteration number of
Gibbs sampling is . In each iteration, it requires to go through
all users
from both platforms. For each user
, it
needs
operations to calculate (1)–(8). Similarly, for each user
, it needs
for one
update.
,
and
are the total count of words, venues
and visual words in user document , respectively. Thus, the
whole time complexity of
is
.
In our experiment, the training procedure on the whole dataset
includes 1,000 iterations of Gibbs sampling and lasts for approximately 462,000 seconds (about 5 days) on a PC with Intel
Core 3.40 GHz processor. Thus the average time cost of each
iteration is about 462 seconds.
For the scalability of our model, when this model scales to
another dataset, similar to the conventional topic models, the
number and the value of prior parameters are not changed. We
need to enlarge the number of topics to discover more topics
from the large dataset. When the number of topics increases,
training our model takes more time. In this case, we possibly
resort to fast samplings methods (e.g., [25], [48]) for speeding
up the model training.
C. Evaluation of Personalized Inter-Platform Recommendation
1) Evaluation Strategies: The purpose of personalized interplatform recommendation is to recommend users in one platform with items from the other platform according to users’interests. The ideal evaluation strategy is to compare the recommended item list with the actual information left by users in this
platform. However, it is hard to verify the accounts in two platforms from the same user, hence we resort to an approximate
evaluation.
For personalized venue recommendation to Flickr users, we
asked 20 users to label the returned venue list. The 20 users
are all students, including 10 males and 10 females. Their ages
are from 20 to 30. For guaranteeing the fairness of the experiment, there are no authors in the user group. They can consult

MIN et al.: CROSS-PLATFORM MULTI-MODAL TOPIC MODELING FOR INTER-PLATFORM RECOMMENDATION

the uploaded image set of this Flickr user to help make judgement. For one venue, if more than 10 users thought it is relevant
to this Flickr user, the venue is annotated with label 1, and 0
otherwise. Similarly, for personalized image recommendation
to Foursquare users, we also asked these 20 users to label the
returned image list by consulting the check-in records of this
Foursquare user. For one image, if more than 10 users thought
it is relevant to this Foursquare user, the image is annotated with
label 1, and 0 otherwise. Note that when crawling data, we found
that some venue images exist in Flickr. In order to avoid the
bias on the groundtruth generation, we do not show any venue
image in Flickr to the annotators. There are two steps to ﬁnd the
venue images in Flickr: (1) all the Flickr images tagged with
“Foursquare”; (2) all the Flickr images tagged with the venue
name listed on our built venue vocabulary.
2) Evaluation Metrics: The aim of the personalized interplatform recommendation is to provide each user a ranked list of
items. Similar to traditional information retrieval tasks, we use
Precision@K, MAP@K to measure the quality of the ranked list
of recommended items.
For a given query
, Precision@K is deﬁned as

reﬂection of the photo’s degree of popularity. Let
be the popularity score of image , then
(22)
is the number of favorites for this
where
image .
• Vector Space Model-Based K-Nearest Neighbors Algorithm (VSM_KNN): This method utilizes the user activity
history and item’s text content to create a text vector with
TF-IDF. Particularly, for each Flickr user, we aggregate
the text of uploaded images to one user document. Similarly, the tags and user tips of check-in venues by one
Foursquare user are aggregated to one user document.
Each image and each venue are also represented by
relevant text information. For Flickr users, VSM_KNN
retrieves all venues to ﬁnd nearest neighbors by computing the cosine similarity between the user’s text vector
and venue’s text vector as follows:
(23)
Similarly, for Foursquare users, VSM_KNN retrieves all
images to ﬁnd nearest neighbors by computing the cosine
similarity between the user’s text vector and image’s text
vector as follows:

(19)
MAP@K is the mean of average precision scores over test users
and is deﬁned as

(24)

(20)
where is the relevance level at position , which is 0 for “Not
Relevant” and 1 for “Relevant” in our experiment.
is the relevance level at position for user . Precision@uk is the precision at position for user , and is the truncation level. In
our study, we set
.
After model learning, we randomly select 1,000 users as the
test queries for each platform, where each query includes the
topic distribution of the query user and the query city New York.
We rank venues and images using (10) and (11), respectively.
In personalized image recommendation to Foursquare users, we
set the weight
.
3) Baselines: Since it is hard to obtain common users across
these two platforms, we cannot compare our method with existing methods, which use the overlapping users as the bridge.
Therefore, we consider the following baselines for comparison:
• Popularity (POP): This approach provides the same recommendation list of items to all users according to this
item’s popularity. In Foursquare, let
be the popularity of venue , then
(21)
where
is the number of check-ins at venue
and
is the number of tips left at venue .
.
In Flickr, the number of favorites explicitly shows how
many people like the image. Hence it is a straightforward
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•

•

•

•

where
,
,
and
represent the feature
vector of the Flickr user, Flickr image, Foursquare user and
Foursquare venue respectively.
LDA-Based K-Nearest Neighbors Algorithm (LDA_KNN):
LDA [7] is used to obtain the topic distribution of each
user and item. This model only considers the text information and does not distinguish between shared topics and
platform-speciﬁc topics. The cosine similarity is computed
similar to (23) and (24).
: Compared with LDA_KNN, this model
incorporates the multi-modal information. The recommendation strategy is similar to
and the similarity is
computed according to (10) and (11).
TCA-Based K-Nearest Neighbors Algorithm (TCA_KNN)
[20]: Compared with LDA_KNN, this model can distinguish between shared topics and platform-speciﬁc topics.
Each user and each item is represented by their corresponding shared topic distributions. The cosine similarity
is computed similar to (23) and (24).
TCA_KNN_VENUE: Compared with TCA_KNN, we introduce the venue modality from Foursquare in this model.
Therefore, the input data from Flickr in this model are the
same as TCA_KNN while the input data from Foursquare
in this model are the same as
. For image recommendation from Flickr to Foursquare users, each user
and each image item is represented by their corresponding
shared topic distributions and the cosine similarity between
their topic distributions is computed via (23). As for venue
recommendation from Foursquare to Flickr users, we can
use (10) to obtain the ranked venue list.
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Fig. 8. Precision and MAP of personalized venue recommendation from Foursquare to Flickr users. (a) Precision@K. (b) MAP@K.

Fig. 9. Precision and MAP of personalized image recommendation from Flickr to Foursquare users. (a) Precision@K. (b) MAP@K.

• TCA_KNN_IMAGE: Compared with TCA_KNN, we
introduce the image modality from Flickr in this model.
Therefore, the input data from Foursquare in this model are
the same as TCA_KNN while the input data from Flickr
in this model are the same as our proposed
. For
image recommendation from Flickr to Foursquare users,
we can use (11) to obtain the ranked image list for each
user. As for venue recommendation from Foursquare to
Flickr users, each user and each venue item is represented
by their corresponding shared topic distributions and
the cosine similarity between their topic distributions is
computed via (24).
4) Results Analysis: Here, we report the performance comparison for both personalized venue recommendation from
Foursquare to Flickr users and personalized image recommendation from Flickr to Foursquare users. Figs. 8 and 9 show
Precision@K and MAP@K for two settings. As shown in
Fig. 8 in the ﬁrst setting, ﬁrstly, POP and VSM_KNN drop behind four other model-based methods, showing the advantage
of using latent topic models to model user’s interest and produce recommendations. Secondly,
_BV outperforms
LDA_KNN, justifying the beneﬁt brought by the consistency
between textual topics and venue topics. TCA_KNN further
improves the performance compared with
_BV and
LDA_KNN. This is because TCA_KNN can distinguish shared
topics from platform-speciﬁc topics and ﬁlters platform-speciﬁc topics as the irrelevant information. This guarantees the

consistency of the transferred knowledge across two platforms. Similar results can be observed in personalized image
recommendation from Flickr to Foursquare users in Fig. 9.
Compared with TCA_KNN, TCA_KNN_VENUE further
improves the venue recommendation performance and its
performance is comparable to our proposed
. This is
because TCA_KNN_VENUE incorporates the venue modality
into the topic model and can align both the venue modality
and textual modality for each shared topic. The ranked venue
list is derived directly based on the shared topics without
additional similarity computation. As for image recommendation, the TCA_KNN_VENUE does not introduce the visual
modality into the model. Therefore, there is no essential improvement on the performance of image recommendation,
which is similar to the the performance of TCA_KNN. Similar
analysis is conducted on TCA_KNN_IMAGE. On one hand,
TCA_KNN_IMAGE outperforms TCA_KNN in the image
recommendation and is comparable to our proposed model. On
the other hand, there is no essential improvement on the venue
recommendation from Foursquare to Flickr users. Finally, in
both recommendation settings, our proposed
yields
better performance than other baselines in terms of precision
and MAP. The reason is that our method is capable of aligning
the textual modality, visual modality and venue modality for
each shared topic from two platforms. This guarantees the
consistency among the textual topics, visual topics and venue
topics.
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VI. CONCLUSION
In this paper, we have proposed a cross-platform multi-modal
probabilistic model (
) to address the inter-platform
is capable of differenrecommendation problem.
tiating between shared topics and platform-speciﬁc topics,
and aligning topics on different modalities across different
is very ﬂexible and can be generalized to
platforms.
other cross-platform recommendation problems in the social
multimedia research. The evaluation has demonstrated its
effectiveness in connecting different platforms with different
modalities through our introduced location-context personalized inter-platform recommendation applications.
In the future, we will be working towards two directions:
1) based on the proposed generative model, more real applications could be designed, such as inter-platform friend suggestion
and 2) we plan to extend our model by introducing the social relationships (e.g., friendship) [40], [36]. The content information
and social relationship information from different platforms are
complementary and can together enhance the performance of
the model.
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