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Complete results for the ImageCLEF, PASCAL, MIR, and NUS datasets
are shown in Figures 1-4. Weight vectors for the social network features on the
ImageCLEF dataset (which were summarized in the main text) are shown in
Figure 5. Complete results for tag and group prediction on the MIR dataset are
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shown in Figures 6 and 7 (respectively).
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Fig. 1. Predicting labels on the ImageCLEF dataset [4].
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Fig. 6. Tag prediction on the MIR dataset.

180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224



225
226
227
228
229
230
231

244

251
252
253
254
255

257
258
259

261
262
263
264

266
267
268

6 ECCV-12 submission ID 826

AP 1A AP 1A AP 1-A AP 1A AP 1A P1-a AP 1-A AP 1A
iranian 365 days nature’s  super shots 365 explored a big fave hdr impressed by
finest your beauty!

93 92 91 91 91 89 89

AP 1-A AP 1-A AP 1-A AP 1-A AP 1-A AP 1-A AP 1-A AP 1-A
blue ribbon  street art romamor toys i made strobist.com interesting-  the secret
it myself ness life of toys

84 E . k 79

P1-a AP 1-A AP 1A AP 1A AP 1-A
shield of ~an awesome a+++ photo new yorkcity  graffiti/

excellence shot! street art

AP 1-A AP 1A AP 1A AP 1A AP 1A
my winners  dogs! dogs! better creative  project 365
dogs! than good ~ commons

P1-A AP 1-A AP 1-A AP 1-A AP 1-A

AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1-A AP 1A
graffiti foodporn  flowers  ishootfilm iatethis nightimages faviview > 5 children's black and white fotografia  flickren  architecture  fotografen
portraits  photo award espanol
72 71 7 71 70 70 70 70 70 69 69 68 68
27,
17 20 Ill I" Ill 2

12 10} 13 19 05| .08 ¥ .08 2 .08}
AP 1A AP 1A AP 1-A AP 1A AP 1A AP 1-A AP 1A AP 1A AP 1A AP 1-A AP 1A AP 1A AP 1A

baw utata karma sunsets & sunrises nikon nikon closerand  nikon d50 sunrise, the world  favorites: 5 felt life  long exposure

around the world ~ d80 d200/d300 closer sunset through my eyes

B
AP 1 AP 1A AP 1A AP 1A AP 1A AP 1-A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A
explore this!  blackand  you think catchy  theperfect  50mm portrait dof nikon digital  buildings/ 1-23 canon urban
white this is art colors  photographer i
60 60 60 60 60 59 59 58 58 57
04 02! By usIII 07III A III R '°3|II ‘.3II| 7] 03 02] 03
AP 1A AP LA AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A
one of a kind 3-2-1 bokeh red rule artistic flickrcentral  beautiful all people  corners of canon eos 400d  flickritis. canondslr  flickrtoday
smooth & silky photography scenery &
landscapes ™
57 56 56 6 55 55 55 55 52 52 52
o1
02 04 19 10 10 02 05} 01 01 01 01 1 o1
AP 1A AP 1A AP 1A AP 1A AP 1A AP 1-A AP 1-A AP 1A AP 1A AP 1A AP 1A AP 1A AP 1A
views: 100 square- flickrsoup travel sky & clouds  beautiful flickr eye candy! young canon current & visit the london people
format for the soul  photography capture addicts photographers past models ~ world - the portraits
travel quide
" o st w0 I mmm [ow-level image features
i i i 49 e tags and words
0 o1 o o uIII _gsm o o o 22 === graphical model w/ social metadata
AP 1A AP 1A AP 1A AP 1A AP 1A AP 1-A AP 1A AP 1A AP 1-A AP 1A
favorites: 10 10 million beautiful wow! views: 200 canon getty images  osanpo teenage mean
photos light powershot camera photographers

Fig. 7. Group prediction on the MIR dataset. Group names have been sanitized.
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