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Fig. 10. Results of learning tag relevance by neighbor voting. The images are user-tagged photos from our 3.5 million Flickr collection. The texts on the right
side of each image are user-contributed tags followed by estimated tag relevance value. The number of neighbors for tag relevance learning is 1000.

we have

Given assumption 1, we have

and given assumption 2, we get

Hence, . Note
that we only require , thereby the assumption
2, namely , can be relaxed as .
We call the latter relaxed assumption 2.

Theorem 2: Tag Ranking: Given assumption 1 and assump-
tion 2, yields an ideal tag ranking for image,
that is, for two tags and , if and , we
have .

Proof: Recall (8) and (9) that

Given assumption 1, we have

and given assumption 2, we get

Note that multiplying positive factors does not change the di-
rection of an inequation. Therefore, by multiplying the left side
and the right side of the above inequation by

and , respectively,
we obtain

Hence, .

ACKNOWLEDGMENT

The authors would like to thank B. Sigurbjörnsson and
R. van Zwol for their ground truth used in our tag suggestion
experiments. The authors also would like to thank A. Setz for
his contributions in creating the ground truth for our image
retrieval experiment.

REFERENCES

[1] E. Auchard, “Flickr to map the world’s latest photo hotspots,” Reuters,
Nov. 2007. [Online]. Available: http://www.reuters.com/article/tech-
nologyNews/idUSHO94233920071119?sp=true.

[2] M. Cha, H. Kwak, P. Rodriguez, Y.-Y. Ahn, and S. Moon, “I tube, you
tube, everybody tubes: Analyzing the world’s largest user generated
content video system,” inProc. ACM SIGCOMM Internet Measure-
ment, 2007, pp. 1–14.

[3] D. A. Shamma, R. Shaw, P. L. Shafton, and Y. Liu, “Watch what I
watch: Using community activity to understand content,” inProc. ACM
MIR, 2007, pp. 275–284.

[4] L. Kennedy, M. Naaman, S. Ahern, R. Nair, and T. Rattenbury, “How
Flickr helps us make sense of the world: Context and content in
community-contributed media collections,” inProc. ACM Multimedia,
2007, pp. 631–640.

[5] L. Wu, X.-S. Hua, N. Yu, W.-Y. Ma, and S. Li, “Flickr distance,” in
Proc. ACM Multimedia, 2008, pp. 31–40.

[6] B. Sigurbjörnsson and R. van Zwol, “Flickr tag recommendation based
on collective knowledge,” inProc. WWW, 2008, pp. 327–336.

[7] A. Torralba, R. Fergus, and W. T. Freeman, “80 million tiny images: A
large data set for nonparametric object and scene recognition,”IEEE
Trans. Pattern Anal. Mach. Intell., vol. 30, no. 11, pp. 1958–1970,
2008.

[8] C. Wang, F. Jing, L. Zhang, and H.-J. Zhang, “Scalable search-based
image annotation,”Multimedia Syst., vol. 14, no. 4, pp. 205–220,
2008.

[9] S. A. Golder and B. A. Huberman, “Usage patterns of collaborative
tagging systems,”Inf. Sci., vol. 32, no. 2, pp. 198–208, 2006.

[10] K. K. Matusiak, “Towards user-centered indexing in digital image col-
lections,”OCLC Syst. Serv., vol. 22, no. 4, pp. 283–298, 2006.

[11] X. Li, C. G. M. Snoek, and M. Worring, “Learning tag relevance by
neighbor voting for social image retrieval,” inProc. ACM MIR, 2008,
pp. 180–187.

[12] K. Barnard, P. Duygulu, D. Forsyth, N. de Freitas, D. M. Blei, and M.
I. Jordan, “Matching words and pictures,”J. Mach. Learn. Res., vol. 3,
no. 6, pp. 1107–1135, 2003.

[13] E. Chang, G. Kingshy, G. Sychay, and G. Wu, “CBSA: Content-based
soft annotation for multimodal image retrieval using Bayes point ma-
chines,”IEEE Trans. Circuits Syst. Video Technol., vol. 13, no. 2, pp.
26–38, 2003.

[14] J. Li and J. Z. Wang, “Real-time computerized annotation of pictures,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 30, no. 6, pp. 985–1002,
2008.


