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ABSTRACT 2. “We want to enable new ways of organizing photos.”

Foragr is an interactive desktop system for exploring and collect- The Flickr team has been quite successful in luring users to this vi-
ing “interesting” photos on the Flickr photo sharing site. Each day  sjon, garnering media attention, and running a successful business.
the Flickr system ranks and selects roughly 500 Flickr photographs Earlier in 2005, Flickr was acquired by Yahoo! and is clearly a
through an as yet unrevealed process. These photos can be considphenomena| hit.
ered an easily navigable, attractive, visual gateway into the mas-  An important aspect of Flickr's success has been the considered
sive Flickr photographic community. The web-based presentation application of collaborative tagging. Flickr allows users, and desig-
of interesting photos is relatively sparse and barely exploits the so- nated collaborators, to apply an arbitrary number of textual labels,
cial nature of Flickr. Foragr is being built to explore denser, more  tags to an uploaded photo. Each tag in turn generates an owner
socially oriented navigation schemes. specific webfeed and participates in a Flickr global webfeed. Here
A key element of Foragr is exploiting the photos’ user applied | yse webfeed to refer to documents in any of the many flavors of
tags. Tags in Flickr are an important mechanism for social navi- RSS [14] or Atom [7]. These webfeeds become a means to auto-
gation and discovery of new photos. | have taken snapshots of thematically monitor Flickr for new photos.
Flickr interesting pages COVering the calendar year 2005, and can While tags are popu|ar|y considered a means of C|assifying me-
report some preliminary descriptive statistics on the tag structure dija objects [8], | contend that this combination of tags and webfeeds
of these photos. also serves as an important signalling and social navigation mecha-
In order to understand how effective tags can be used to better nism within Flickr. Later in this paper | examine the tag statistics of
present the interesting photos, clustering experiments are being rung small, but important, sample of Flickr’s public photos to demon-
against the photo snapshots. Preliminary results of the application strate this point.
of document clustering techniques, applied to photo tags, are pre-  The sample examined is Flickr's top photos as measurdd-by
sented. terestingnessEach day roughly 500 Flickr photographs are ranked
. . and selected as “interesting” by an as yet unrevealed process. As
Categories and SUbJeCtS best determined by amateur investigators, the interestingness of a

H.4.m[Information Systems] photo is calculated using the following factors:
General Terms ¢ Views, internal and external to Flickr, of the photo
Social navigation, collaborative tagging, information visualization e Number of comments on the photo, and also who comments

on the photo
Flickr, Tags, and Interestingness
Flickr, http://www.flickr.com/is a Web based, online photo man-
agement and sharing application. As of this writing, the Flickr de-
velopment team states two goals for the site: e Favorites, a.k.a Flickr bookmarking, of the photo
1. “We want to help people make their photos available to the e Time varying behavior of the above factors

people who matter to them. ...To do this, we want to get
photos into and out of the system in as many ways as we

e Tags applied to the photo

e Flickr discussion groups in which the photo appears

The presentation of these interesting photos can be considered an

can-” easily navigable, attractive, visual gateway into the massive Flickr
Copyright is held by the author/owner(s). ?hotofgrettphmt(_:ommhuntwlty._ Unlfotr_tuTater, the wdeg-balsed prleier:;a-
WWW2006May 22—26, 2006, Edinburgh, UK. ion of interesting photos is relatively sparse and barely exploits the

social nature of Flickr.
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Figure 1: A screen capture of the Foragr browsing interface. The user has zoomed in on a an interesting photo from September 7,
2005 and is browsing the tags applied to this photo and the public groups in which the photo appears

Foragr of focus (not displayed) the day’s space is given over completely to
forage thumbnails of the large size seen in the “Jordan Thinks” cell. The
Prev and Next buttons page through groups of these thumbnails.

noun 1 animal food for browsing or grazing [syn: A further selection turns the thumbnail into a micro-visualization

eatage, pasture, pasturage, grasshe act of search- of Flickr information on the photo. The thumbnail can be shift
ing for food and provisions [syn: foraging] clicked to bring up a browser window on the corresponding Flickr
verb t: collect or look around for (food) [syn: scrounge] photo page. To the right of the thumbnail, a number of text items

2: wander and feed: “The animals forage in the woods” [12] ~ &€ displayed in a fisheye view. Items close to the pointer are mag-
' nified, those farther away are given a smaller rendering. The blue
These deficiencies sparked the development of Foragr, a desk-teXt’_ items above_ Portrait Faces, are user app_lied tags. The yel-
top application built to explore denser, more socially oriented nav- !OW items, Por.tralt Faces and. below, are pool Fltles. Each textual
igation schemes. Foragr works on monthly snapshots of Flickr's item can be clicked on to navigate to photos with the same tag, or
interesting photos, but the techniques being explored could be ex-4 photo pool tha}t contains the orlg.lnal photo. .Also, as the items
tended to any large scale collection of tagged media. Figure 1 is are rplled_qver, i other_ da_ys (_:ontaln p_ho_tos with the same tag or
a screen capture of Foragr displaying interesting photos from Sep_pooI |den_t|f|er, the day is highlighted. Similarly, the text below the
tember, 2005. Foragr’s visual presentation is modeled after Beder_thuhmbhr?@:]cgn be u_sEd :]O opeP a br(r)]wser on the photo owner's page
son et. al's DateLens [2], using an animated calendar to organizeor Ightig tdays W't photos ro_m_t € owner.
the month’s photos. With an eye towards embedding Foragr in a The wsuql .de.S|gn of Forqgr IS |nsp|r§d by two congepts from
Web browser page, DateLens’ compact display was attractive. Tufte's “En_wsnonmg Informatlon” [11]: _m|cro/macro readings ar_ld
The capture of Figure 1 illustrates some of the browsing features S?(?'Lmu.llt? Iesc.j ?f microf macro readlr:jgs Tufte Szysl’. to clar_lfy,
of the Foragr interface. Once a user selects a given day, thumb-& hetfal ! dan ' fPerl]nc_)ran:]a, ‘é'St_a' arf1 prospect eliver to View-
nails of interesting photos on that day are displayed. At this level ers the ireedom of choice that derives from an overview, a capacity



to compare and sort through detail.” Within the display of a day, Some Tag Statistics of Interesting Photos

Foragr attempts to provide as much detail as possible on the pre-ry interestingness snapshots provide data for a number of descrip-
sented photos. In addition, interactive techniques are used to allowy o gratistics related to an important part of the Flickr universe.

the user to surface relationships amongst the photos. For exampleKeeping in mind that the interesting photos are meant to encour-

hovering a tag will subtly highlight other visible photos and daysin ;¢ exnloration of Flickr photos and the broader Flickr community,
which that tag appears. In regards to small multiples Tufte writes, here are some observations.

“Small multiple designs, multivariate and data bountiful, answer
directly by visually enforcing comparisons of changes, of the dif-
ferences among objects, of the scope of alternatives.”
days, and photos within a day, as the small units.
While currently only usable for navigation, as the above defini-
tion of forageimplies, the eventual aim is to have Foragr be useful
for collecting photos and generating new social media. The goal 5 ;56 ogignallingtags is an observable effect within interest-
is to support the gathering of photos into discrete collections and ing photos. For September 2005, | analyzed the tag appearances.
then automatically generate a mosaic, montage, or even interac-On the 15,000 photos, 28,718 different tags appeared a total of
tive visual artifact from the collected photos. Examples of such 135,960 times. Pursuant to Foragr's calendar organization, tag ap-
artifacts include Flickr’'s own “Daily Zeitgeist” [1], and Watson’s pea,rances were broken down day by day, and within a da); ranked
Flickr Toys [13], which generates mosaics, movie posters and mag- . the number of appearances. The vast majority of the tags, 18,432
azine covers from Flickr photos. These artifacts, if not simple_ im- for 65%, only appear once in the entire month. As ranked b;/ nljm-
ages, would have to be hosted through another Web application as,o ot appearances, only 186 tags appear in the top 20 at any point
Flickr only hosts images. However, snapshots of the artifacts could in the month. On a given day 5% or less of the appearing tags rank
be reinjected into Flickr. In total, this combination would enable in the top 20. The number one tag will typically have between 40

anew clas_s of *foraging™ Flickr users, who might not have phpto- to 50 appearances. The twentieth ranked tag usually appears 8, 9,
graphic skills (or even a camera) but can serve the community aSr 10 times.

curators. | hypothesize that the presence of such users is an impor- Of all the top appearing tags roughly 25 are what | tesigr

tant element of any large scale, social media system. nalling tags, tags that are meant to indicate to other Flickr users to
take action on a photo or recognize the importance of the photo.
Below is a sampling of these tags

A common position within the tagging community is that tags
help categorize media objects. | take the position that tags are also
Foragr usesy, important social navigation signallingmechanism, easily en-
abling borderless, ad hoc communities to form. If true, this may
have implications for how particular tags are presented or used in
offline analysis, e.g. clustering and relevance rankings

Interestingness Snapshots
delete deleteme deletemelO deleteme2

F(_)ragr _is cur_rently a desktop application to avoid reliance on the deleteme3 deletemed deleteme5 deletemet
Flickr site being up and to remove network latency from the inter- ygjeteme7 deleteme8 deleteme9 save saveme
action. The application works on snapshots of Flickr interesting saveme2 saveme3 saveme4 saveme5 topc50 topf25
photographs. The snapshots archive unique photo identifiers, metaopf50 topv11ll topv222 topv333 topv555 topv777
information about the photos, and photo thumbnails. The actual
original photographs aneot captured.

Snapshots are taken on a complete month of interesting photos. Figure 2: Some signalling tags from Flickr photos
The Flickr Web Services API provides a call to retrieve the cur-
rent interesting photos for a given date. The same APl is used to These tags were extracted simply by looking for top 20 tags that
retrieve meta-information about each of the photos. For a photo, begin withtop , delete andsave . The tags clearly have little
the Flickr API can return a wealth of information including: the to do with categorization. Tags suchdsleteme...  are par-
owner, title and description of the photo, tags applied to a photo, ticipating in a collaborative scheme where Flickr users ruthlessly
sets (owner defined groups of photos) containing the photo, Flickr evaluate each other’s photdsp..  usually indicate a popularity
discussion groups in which the photo has been made visible, andeévent according to a metric such as number of views received by

the number of comments on the photo. For each of the discoveredthe photofopv... , or number of times the photo has been “fa-
interesting photos, this information is recorded in a Berkeley DB Vorited”, e.g.topf... . Many of the above signalling tags consis-
style database comprising the snapshot. tently appear in the top twenty on a daily basis. Another interesting

A Snapshot was taken for each month of 2005 with the caveat observation is that a non-trivial number of interesting phOtOS have
that a consistent methodology wasn't applied across the snapshotsno tags applied to them. For September, 2005, roughly 1084 of the
For example some snapshots were taken well after the end of the15000 photos have not tags. Thus, tagging is not mandatory for a
month since this project did not begin until June of 2005. Other Photo to be interesting although it appears to be a strong prerequi-
snapshots were taken promptly at the end of a month. However, theSIte.
process for collecting snapshots has stabilized. Thus a solid body of | propose two hypotheses regarding signalling tags. They are
empirical data is being established. Also, interestingness rankingsapplied before interestingness ranking, attract other Flickr users,
are dynamic’ apparenﬂy depending on many aspects of Flickr userand Subsequently contribute to a higer rating. Alternatively, the
behavior. The snapshots described are truly captures of momentdanking is independent of the tag, and users literally are signalling
in time. A future goal of this project is to examine the longitudi- Other users to the high ranking achievement. In either case, it is
nal behavior of interestingness, tracking interestingness behaviorsafe to say that tags are an importemmmunicatiormechanism in
of specific dates and photos over a period of time. addition to a categorization technique.
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Figure 3: Scatter plots of cluster quality for photo clusterings, based on photo tags, of four different clustering sizes. Internal cluster
standard deviation on the x-axis, internal cluster similarity on the y-axis, scatter point size corresponds to cluster size

Clustering Experiments priate. Finally, what do the clusterings look like on a daily basis?

One goal of Foragr is to make the browsing of 500 interesting pho- My initial results indica}te that there may be poteptial in this ap-
tos on a given day as dense and compact as possible. Towards thi foach, although there is much further investigation needed. In

end, | was interested in searching for useful groupings of photos igure 3, | present results of a trial clustering of the 500 interesting
based upon the tags used to label them. This is in an effort to bet-PNOLOS from September 7, 2005. The four scatter plots represent
ter deploy precious real estate as well as highlight potential social clusterings with 9, 16, 25, and 36 clusters, the idea being that a dis-

connections. An approach | am currently investigating is the appli- tinctive o(rj r'epresentg'tlve photolfrom eacr]l CAUStir C(.)lwd .bhe. easily
cation ofclusteringtechniques to the photos. My initial effortisin ~ Présented in a two dimensional square of thumbnails within For-

straightforwardly translating the task into a text document cluster- agr. Each scatter plot displays the internal similarity of the cluster
ing problem, and using a high quality, stable, toolkit with a wide ©" the y axis, the internal standard deviation of the cluster on the x
range of features and options. ' ' axis, and the number of photos in the cluster as the size of the scat-

In translating to a document clustering model, a set of photos ter point. Internal average similarity and standard deviation are cal-

generate a feature space, in this case all the tags that appear on an?lated on feature vector similarity, in this case a standard, normal-

of the photos. Then a feature vector, the applied tags, is constructed ed cosine vector measure. CquterS tendmg toward the upper Igft
for each photo. Using a measure of feature vector similarity and a quadrant are better, exhibiting high cohesiveness. The lower left is

criterion for cluster quality, typically based on average similiarity probably inidicative of clusters which are not at the right granular-

within the cluster, a clustering algorithm will collect the feature %: having some internal cohesiveness and limited variability. The
vectors into groups lower right holds the poor clusters, essentially dumping grounds as

There are a number of challenges and unanswered questions witHhe clgsterlng algorithm atten;p;[]s t(c; cIu;ter allfof the |tefms. he si
this model. Can this approach actually generate any good clusters? N Figure 4, we see some of the descriptive features from the size
If so how many and what is their quality? Since the tags are gen- Mne clustering. The clusters are in rank order based upon internal
erated in an ad hoc fashion, multiple differing tags for the same similarity of the clustered items. The terms are the tags that unite
term, may arise. Will this confuse a clustering algorithm? A priori, the photos within cluster. The number in parentheses is the count

the number of clusters leading to a good clustering is not known of photos that fall into that cluster. The total number clustered is
Thus, a sweep through the space of clustering sizes seems approt0> 0ut of 500 as 35 of the photos have no tags applied. This gives
a sense of what the images in the cluster represent at least from a
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Figure 4: Descriptive terms from a photo clustering, 9 clusters
generated, based upon the tags of the photos.

tagging perspective.

Constructing photo clusterings is completely automated. | con-
tinue to investigate how clustering results vary across the various
dimensions of clustering algorithm, clustering size, and feature ex-
traction. On that third aspect, | am interested in understanding the

effect using photo pools and sets as features has on the clustering

results. Also, how should the features clustered on, a.k.a. the tags
be weighted? In Figure 4, many of the descriptive terms seem to
correspond to popular tags. Can more interesting, distinguishing
tags be discovered by weighting against these tags?

Implementation Details

This project was primarily implemented in the Python program-
ming language. Code to take the monthly snapshots of interesting
photos was written in the C implementation of Python. Michele
Campeotto’s [3] Python module for the Flickr APl was used to re-
trieve photo information from Flickr. Snapshot data is stored as
serialized Python objects in Berkeley DBs, using the Sleepycat im-
plementation [9]. Campeotto’s library relies on Aaron Swartz's
xmltramp [10] to parse and represent the XML used in the Flickr
API. However, | subsequently convert Swartz’s representation into
Fredrik Lundh’s [6] ElementTree format to better support XPath
style queries against photo metadata.

Foragr is written in Jython, the Java implementation of Python.
Jeffrey Heer'sprefuse [4] information visualization toolkit pro-

vides the graphical foundation. Snapshot data is accessed using

Sleepycat’s Java bindings for the Berkeley DB API. Thanks to the
portability of Berkeley DB files, the snapshots required no conver-
sion for usage under Windows. Python’s object serialization mech-
anism works identically across both Jython and CPython allowing
Foragr to straightforwardly internalize the snapshot data.

The clustering experiments were implemented using a home-
grown Python wrapping of Karypis’ Cluto [5] clustering library.
Cluto is an optimization based clustering toolkit that provides a
number of different item clustering techniques including divisive
and agglomerative schemes for collections represented both as fe
ture vectors and as graphs. The toolkit also provides comprehensiv
analysis and summarization of the clustering results.

2[-14] D. Winer. RSS 2.0 specification.

Conclusions and Future Work

In this extended abstract, | have described Foragr, a prototype ap-
plication for visualizing large collections of photos. The motiva-
tion for developing Foragr is the browsing of “interesting” photos
from Flickr, a popular online photo service that incorporates col-
laborative tagging. Flickr's standard display of interesting photos
is relatively sparse and limited in its use of social information, in-
cluding tagging. Foragr was initiated to explore denser and more
social information visualizations of the large number of interesting
photos collected on a daily basis.

On the path to implementing Foragr, snapshots of the Flickr in-
teresting photo pages were captured for each calendar month of
2005. These snapshots provide a rich basis for empirical studies on
the tagging behavior within one particular social environment. For
example, a set of non-categorizirgignallingtags seems to play a
significant role in the life of interesting photos.

Also, preliminary results of applying some standard document
clustering techniques to sets of tags gleaned from the interesting
photos. While some useful clusters can be discovered, more work
is needed to determine what factors affect cluster quality, and im-
proving the results.

1. REFERENCES
[1] Get your daily zeitgisthttp://www.flickr.com/fun/zeitgeist/
2005.

» [2] B. B. Bederson, A. Clamage, M. P. Czerwinski, and G. R.

Robertson. Datelens: A fisheye calendar interface for pdas.

ACM Transactions on Computer-Human Interaction

11(1):90 — 119, Mar. 2004.

M. Campeotto. Flickrclient.

http://micampe.it/things/flickrclien2004.

J. Heer. The prefuse visualization toolkit.

http://prefuse.sourceforge.ngP004.

G. Karypis. Cluto: Software package for clustering high

dimensional data.

http://www-users.cs.umn.edu/ karypis/cluteédv. 2003.

F. Lundh. Elementtree overview.

http://effbot.org/zone/element-index.h@005.

M. Nottingham. The atom syndication forma 0.3 (pre-draft).

http://www.mnot.net/drafts/draft-nottingham-atom-format-

02.htm| Dec.

2003.

C. Shirky. Ontology is overrated: Categories, links, and tags.

http://www.shirky.com/writings/ontologyverrated.htm|

2005.

S. Software. Berkeley db 4.4.

http://www.sleepycat.com/products/bdb.ht2tl05.

[10] A. Swartz. xmltramp: Make xml documents easily
accessiblehttp://www.aaronsw.com/2002/xmltram@003.

[11] E. R. Tufte.Envisioning InformationGraphics Press, 1990.

[12] P. University. Wordnet 2.0.
http://www.dictionary.com/search?q=forag2003.

[13] J. Watson. fd’s flickr toys.

http://flagrantdisregard.com/flickr2005.

(3]
(4]
(5]

(6]
(7]

(8]

El

http://blogs.law.harvard.edu/tech/rd9ec. 2003.



