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ABSTRACT

In this paper we develop a recommendation framewmdonnect
image content with communities in online social imedhe
problem is important because users are looking fmeful
feedback on their uploaded content, but finding thght
community for feedback is challenging for the esdruSocial
media are characterized by both content and comiyuHience,
in our approach, we characterize images througte¢htypes of
features: visual features, user generated text ,tagsl social
interaction (user communication history in the formof
comments). A recommendation framework based omileara
latent space representation of the groups is deeloto
recommend the most likely groups for a given imddge model
was tested on a large corpus of Flickr images casapy 15,689
images. Our method outperforms the baseline methdtth, a
mean precision 0.62 and mean recall 0.69. Impolyante show
that fusing image content, text tags with socialeraction
features outperforms the case of only using imageent or tags.

1. INTRODUCTION

There has been an unprecedented increase in theenwisocial
media websites (e.g. Flickr [1], YouTube, Slashdbigg,

del.icio.us) in the past few years which have afidwsers to
create, share and consume rich media very eadilgialSmedia
sites are popular not just for the content, bub alsie to the
accompanying social interaction. In popular imaparig sites
such as Flickr, enthusiastic photographers arerdsted in
receiving critical comments on their photos. Noattsimply
uploading an image onto Flickr does not ensure golcial

interaction oreachabilityto other users for critical feedback.

Flickr allows people to connect their images to oamities,

through the mechanism of image ‘groups’ (also knasnmage
pools). A Flickr group is a repository of imagesusd by a set of
users and is usually organized under a certainreahéheme (e.g.
the group “The Magic of Nature”). Howeveiinding the right

communitythat will give useful comments is not easy. Simpbe

based search for a group will reveal a large nundfesimilar

communities (also known as image groups / pool&lakr) e.g.

“Travel / Travel Photography / Travel in Asia” etdhe

fundamental challenge addressed in this paper tommect user
content to the correct community — i.e. given anagm

recommend the relevant group(s) that would enatdeiak
interaction and enhance the reachability to otlsersu

Related Work: There has been considerable work in
recommendation of items (e.g. books, movies) [Aders as well
as on recommending tags to media objects [3,1Gunamental
distinction between prior work and our own, is thgbr work has
tended to pay close attention to the content @ugomated tag
recommendation systems for images), while payisg ktention
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to the social interaction, a key component of dotiadia. Since
we are interested in ‘connecting’ content (imagéhwommunity
(groups, where significant social interaction osguwe pay close
attention to social interaction (user-user commjemsadditionto
content based visual features and text tags.

In a recent work on group and tag recommendatigng@thors
use appearance based image concepts, but theyt duaporate
social interaction in their analysis. In anotherkvon analysis of
Flickr groups [8], the authors have analyzed usehalior in
these groups. While the group representation frasmevs rich, it
does not incorporate social interaction, and haseen used for
connecting content with community. To the best dfr o
knowledge, this is one of the first works where gamaontent is
connected to social media communities, through tlse of
appearance based features, text tags and so@mddtion history.
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Figure 1: The overall system overview of our group
recommendation framework.
Our Approach: A system overview of our group

recommendation framework is shown in Figure 1. fraeework
is based on three ideas: (a) users can assocgitarttages with
groups whose themes they consider fit to the imaggp) are
interested in the concepts (tags) or (c) the omgoi
communication (comments) among the group membezacél at
the first step (feature extraction), three typesfedtures are
extracted for all images in the dataset: image amnttag and
communication features. Tag features are given Wgctor of the
frequency counts of the tags the owner of the infegeused over
the past. Communication features are given by teguency of
comments written by the owner of the image on chifié groups.
In the second step (model learning), bag-of-featubased
representations of the groups are generated anddelrs learnt
to represent the groups in a latent space. Finaliyuse the learnt
model parameters to recommengdroups for each image.

We have performed extensive experimentation on tsda
(15,689 images) crawled from Flickr. Our methodldgegood
results in recommending groups to images compaoea k-



Nearest Neighbor based baseline framework. In atasgt, each
image on an average is associated with three groams we
observe that our results yield high precision awhH of 0.65 and
0.69 respectively fok=3.

The rest of the paper is organized as follows. \&&cdbe image
content, tag and communication features in sectidak In

section 5 we present our group recommendation framre

Section 6 discusses our dataset and experimersialtseFinally
we conclude in section 7 with our major contribnto

2. IMAGE CONTENT FEATURES

In this section, we briefly discuss different carttbased features
that have been used to characterize the images.

Color: There are two color-based features of interestolerc
histogram and color moments, which capture theidigion of
different colors in the images.

Texture: Flickr images show diversity of texture. We use tw
texture features: gray level co-occurrence matBkCM, and a
texture detector for arbitrary “blobs” in imagescalled phase
symmetry [11]. Phase symmetry is based on determining local
symmetry and asymmetry across an
information. Given an image, phase-based symmeetectbr
(PSD) maps a pixef, an orientationp, and a scale), to a phase
congruency valu®C,.(p) and a special phasg,(p):

PSD( 0 9= PG( Pl - (1)
Here,

su Enkoq ( p)
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where surf(p) is the total energy when phases are congruent

under all scales and orientations and phases ave agn\(p) is
the total amplitude when phases are congruent ualliescales
and orientations and phases are zeis;a positive constant.

Shape: Images are often characterized by central thenmres o
concepts. To extract such features, we use twoesfegiures —
radial symmetry [7] and phase congruency [5]. Tlalial
symmetry feature is based on the idea of deteqbioipts of
interest in an image. Phase congruency is an itlation and
contrast invariant measure of feature significariéer a given
image, phase congruenBYC(x) at some locatio® is expressed as
the summation over orientatienand scale:
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where A, represents the amplitude of th® component (of the
image) in the Fourier series expansidf(x) is the convolution of
the given image with an even / odd filteris added for cases of
small Fourier amplitudesT, is a compensating measure for the
influence of noise and ,(X) is a sensitive phase deviation.

SIFT: SIFT or Scale Invariant Feature Transform [6] atent-
based image feature that detects stable keypaatitms in scale
space of an image. It computes the following fuorctirom the
difference of two nearby scales separated by a taohs
multiplicative factor :

D(x.y.s)=(G(x yks )- A x % )} (%Y
=L(x y.ks)- L(xys),

whereL(x,y, ) is the scale space of imatf&,y) and is produced
from the convolution of a variable-scale Gaussiavittig scald )
with 1(x,y).

The details of these features may be referred {6,87,11]. We
discuss tag features to characterize images ingkesection.

3. TAG FEATURES

We develop a set of tag features for each imagedbas the
tagging activity of the owner of the image. Tagtfiea extraction
is useful because: (1) users develop a set of ri@aconcept
spaces (in the form of tags) over time to desdtile# images, and
(2) an image is likely to be associated by the ueea group
whose concepts are similar to the high frequengg tshe has
used in the past.

Hence, if the tag distribution given by the priagging activity of
the owner of an image is close to the distributaintags in a
group, this group should be assigned a high prdibabof
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image from phaserecommendation. We construct a vector of the fraquecounts

of the tags the owner of the image has used irpése (on other
images) prior to the date of upload of the image. Let for image
the timestamp of its upload beand , be the set of all unique
tags that useun (owner ofi) has used for her other images from
time O tot;. The frequency coum; of usage of each tggin
gives the tag feature vectdy for imagei:

T
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We now discuss communication features to charaetémages in
the next section.

4. COMMUNICATION ACTIVITY FEATURES

We develop communication based features for eaclyénbased
on the frequency of comments written by the owrfethe image
on different groups. A user participating in thenrounication in
a certain set of groups through comments is likelge interested
in those groups. Hence recommending them to theisiseseful.
Let Alice be interested in groups related to traaedl frequently
leave comments on the images in such groups. Rustifgose
Alice uploads a new image on Grand Canyon for wistle
intends to find suitable groups. Since Alice hadieraexpressed
interest in the travel related groups through h@mmunication,
our framework should recommend her such groupsnjdte the
number of comments written by useon groupj (1 j M) in the
time period from 0 ta, wheret; is the timestamp of posting image
i by u. Then the communication activity featute for imagei is
given by the vector af,; over all groups:

=n n, n s.t.L3t,|

= n . n n

! ul w2 uM

(6)

Based on the three types of features, we now cteaize all theN
images in the dataset. Suppd3eis the dimensionality of the
feature vector of each imagethen,iiA *' P, fi=[ ;C/ ,T; 30il,
whereC;, T; andO; are the image content, tag and communication
feature vectors; and;, , and ;are the weights determining the
impact of each kind of feature. Based on thesaifeaf we now
discuss the group recommendation framework.



5. GROUP RECOMMENDATION FRAMEWORK

We now present our group recommendation framewirkt, we
present the main idea. Second, we discuss theingaof the
model parameters. Finally, we discuss the foldmgdchnique
where we determine tdprecommended groups.

5.1 Main Idea

The goal of the recommendation framework is to meiee the
following probability over allM groupsG; for a given imagé:

P(G1i)u P(G.i). )

In order to compute the above joint probability, develop a
mixture model representation of each image oveetaof latent
states, motivated from pLSA (probabilistic latenémantic
analysis) [4]. This latent space could be impadtgddifferent
factors — the content of the image, owner’s pragging activity
or her prior commenting activity over different gps. The joint
probability P(G;,i) above can thus be represented as:

P(G,.i)= Z P(2.A(i13.H G| u Z B4)i. PGl ®

We discuss learning the conditional probabilgfi) for a given
new image (test image) i@IA ® ™ 2 and how based on the
learnt parameters we can determine the kopecommended
groups for the images. The basic idea of computthg
probability P(Z]i) is based on how we can “fold-in" [4] a new
image in our existing data to predict its probapilof being
recommended to different groups. We again usedt@afing EM
update rules to determine the probability:

E-step:P(z |i F,)u P(F, |2 K zI)
M-stepP(z [)p  Z,. P(zIliF) . 11)

m

whereF,, is them™ feature attribute of test image Substituting

the learnt probabilitie®(Gj|2) andP(Zi) from eqgns. (10) and (11)
in egn. (8) and finally in egn. (7), we can deterenithe

probability of recommending a grod@; to test image. Hence the

top k recommendations;iA ' for a test imagé is given by

thosek groups amongv for which P(Gjfi) is maximum. Let us
now discuss the experimental results.

6. EXPERIMENTAL RESULTS

where z are the latent states. Hence determining the groupIn this section we discuss the experimental resfisst we

recommendation probabilities given an image candgeiced to
computing the two conditional probabilitieB(Gj|2) and P(z]i).

Computing P(Gjl2) can be considered as training or model

learning (section 5.2), as it is independent ofithage, given the
latent states. While, computinB(zji) (section 5.3) directly
depends on the image whose recommendations weeakéng,

and hence can be considered as testing or foldingehnique.

5.2 Model Learning

We first discuss the construction of the trainireg based on
computing feature vector representations for eadum and
second, learning the model. We assume that eacip gsca ‘bag-
of-features’, comprising its constituent image ewmnf tags and
user comments. L&) images be used for the training set &h@
images for the test set. Using the@eimages, the training set,
YIA M s defined overM groups where each grou@; is
represented by a feature space of its associategesn(centroid).
The feature vector for tH& group inY is thus computed as:

Y = fi) 9)
‘Gj ‘ i G;

wheref; is thei"" image in the grouf;. Using this training set, we

now discuss learning the conditional probabifG;[z) based on

the EM-algorithm. IfF, is the m" feature attribute iny, the

update equations of EM [4] are given as:

P(2).P(F19.H Gl ¥
_P(2)AR12).Hgl7

E-step:P( z|E, q) =

M-step:P(Gj IZ)H Yo A ZIR 'Q) ' (10)
P(F, D1 Yo, F(ZIF, G)
j
P(Ju Yo, (2IF G) .
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Now we discuss the folding-in technique for detenimy the
groups to be recommended to a given new imageiftesie).

5.3 Folding-in Technique

present a brief overview of the Flickr dataset.ddglcwe discuss
the results and finally we present a brief disaussof the
limitations of our results.

Flickr Dataset: We have tested our group recommendation

framework on a dataset crawled from the populariasdaring
site, Flickr. We downloaded images ranked by Figkroprietary
“interestingness” criterion. The dataset comprisB$689 images
which belong to 925 groups; each group on an aeecagsisting
of 17 images. The mean number of tags per imagéighat of
groups per image is three and comments per imadd.isThe
upload time period of these images ranged from M&t, 2008
to August 20, 2008. About 80% of the images (rangiaralected)
were used to construct the training set (12,55lg@spand the
rest of the 3,138 images constituted the test set.

Table 1. Evaluation of our method (M against k-Nearest

Neighbor (M) using Precision, Recall and F1-measure. Metrics
are computed at=1, 3, 10 and for three cases: precision, recall

and F1-measure over all images, over images owpeazhth user

and over images belonging to each group. Our
outperformsk-NN.
Precision Recall Fieasure
M; M, M; M, M; M,

k=1 0.68 0.50 0.63 0.47 0.66 0.49
Image- k=3 0.63 0.49 0.69 0.52 0.64 0.50
based T o082 0.47 071 055 059 051
k=1 0.64 0.48 0.59 0.46 0.61 0.48
User- k=3 0.59 0.46 0.62 0.48 0.60 0.47
based k=10 0.51 0.43 0.68 0.52 0.58 0.47
k=1 0.74 0.52 0.72 0.52 0.72 0.53
Group- k=3 0.69 0.50 0.71 0.54 0.70 0.52
based k=10 0.61 0.48 0.81 0.57 0.69 0.55

Evaluation againstk-NN: The results of validation of our group
recommendation framework @\ against a baseline methdd

Nearest Neighbor (M is shown in Table 1. The performance of
our method is evaluated using three metrics: pitisecall and
F1-measure. We compute these metrics for diffevahtes of the
number of recommended group&=1, 3 and 10). Further,
precision, recall and F1-measure are computechfeetcases: (a)

method



over all images, (b) over images from each user @ydover
images in each group. The motivation for (b) lieghe fact that
since our method uses communication features,
recommendation performance is going to be diffefentlifferent
users. Similarly for (c), we want to be able tolgp@ our method
at the group level, since for some groups we miighable to yield
recommendations better than others. Note, all featare used in
both the methods.

The results yield interesting insights. First, wbserve that
precision gradually decreases, while recall in@sagith increase
in k. This is because with increase in the number afmenended
groups, more false positives are likely to be mdr (because
recall, the average number of groups per imagerez}, resulting
in low precision. While, more ground truth groupe bkely to be
returned for larger values df, yielding high recall. Second,
maximum precision and recall occur in the groupebasase,
while minimum for the user-based case. This is @red by the
fact that groups are likely to comprise images Whice consistent
content-wise or tag feature-wise. Whereas, usden afssociate
their images to different groups due to personefgsences, apart
from image content, tags or commenting behavicsulti®g in
diversity of image-group association. Third, conmpgrwith the
baseline metho&-NN our method seems to yield higher precision
and recall; mean precision is 0.62 against 0.49kfbiN; and
mean recall is 0.69 against 0.59 filNN. Also, overall, we
observe that the mean F1-measure (that combinessiore and
recall together) for our method is approx. 0.65ilevfor k-NN is
0.51. Thus our method outperforms the baseline oketh

Table 2: Evaluation of the three types of features (imagaet,
tags and communication features) used for imageactexization
against our optimal method (all features).

Precision Recall F1-measure
Image Content features 0.43 0.48 0.46
Tag features 0.61 0.66 0.63
Communication features 0.57 0.64 0.61
Optimal method (all features) 0.62 0.69 0.65

Evaluation of feature types: The results of evaluation of the
different types of features extracted in this papare been shown
in Table 2. We observe that the combination ofedtures yields
the highest values of precision, recall and F1-measAmong the
three types of features, we observe that contexitifes perform
the worst while the tag features perform the bHEsis is explained
by the nature of groups on Flickr. Several grouges @ganized
along certain concept spaces / themes (e.g. “ThehSeest of
United States”); as a result they consist of imagésch are
visually quite diverse; however are likely to cant@onsistent
tags like “Grand Canyon” or “Arizona” which mighelreflected
in the corresponding user activity over the pasterkstingly,
communication features perform well; implying tikamments do
indeed impact users’ intent to associate groupsages.

Discussion: Online social media are not mere repositories
diverse content. Hence group recommendation toésag social
media is an extremely challenging problem unlikeditional
classification; because it needs to account for ititer-user
interactions in the groups. However such interactiamight
always not be directly observable from the imageteot, tagging
or communication activity of the users. Users dduwdve intrinsic
motivations affecting these interactions, whichtimn might be
responsible for associating an image to a grougpie this, our

of

paper gives a novel approach to characterize imalgeg several
feature types and yields promising results agaimsthods

the incorporating image content or tags alone.

7. CONCLUSIONS

In this paper, we developed three kinds of feattwezharacterize
images in online social media: image content, tegging activity
and user communication activity. A group recommdioda
framework based on learning a latent space forgtioeips was
developed which recommendé&dmost likely groups to a given
image. Experiments on the Flickr dataset indicagatisfactory
results in recommending groups to images with annpracision

of 0.62 and a mean recall of 0.69, compared to @d4® 0.59
respectively for &-NN based baseline framework. We conclude
that user tagging and communication based chaizatien of
images helps improve recommendation performanaafisigntly
against image content alone. Our recommendationefneork also
captures social interactions among users througter us
communication history which is central to onlineisd media.

As future work, elaborate understanding of commaition among
users can help provide better recommendations. ddere
exploiting the social network of users to underdtémeir mutual
coupling can also improve recommendation perforraanc
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