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Background and Motivation

Comparison with State-of-the-art Baselines
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Incorporation with Visual Features and Irrelevant Tags

Optimization problem becomeS°

L L

Top N completed tags Top N completed tags Top N completed tags Top N completed tags

(ﬁ O S ) minges — Y17 (s dij og Q: j+ di Sog(1- Q) -+ e +5)Q)|:.- (a) Mir Flickr  (b) ESP Game  (c) IAPR TC12 (d) NUSWIDE
020104 0 0 0 01 0.2

3 . .
B 03 0 0 01 0 0 o10s & X = (xy,---,X,)7: visual features of n images, where x; € R¢;

; o & W =[w; ;]nxnt wij =exp (—d(x;,x;)?/0?) is the pairwise similarity;
- _ A5 T : O . N A A T B i ) 1. As number of observed
Completed tag matrix_’/ v L= dlag(W 1) ~ W the graph Laplac1an, ] IS A S . =kr‘lF({3E—S1 tags increases, tag completion
d TT(QTLQ) = ZZj:l Wi,j‘@*,z’ - Q*,j‘Z: tag'Visual content correlation. o 9° : %Eﬁ”‘g performance i’ncreases;
1= Convex optimization " computationally efficient; <IN - CTagPop 2. When m*23, TCMR and LSR
: : : 0.1 g} : N .
" Low rank enforcement " key assumption in topic model; | B, AT€ SUPer;
, , , , . S . 005 o 3- When m*<2, TCMR

= Graph Laplacian exploration " consistent between tags and visual cues; | Re-write the objective function as £(Q) = f(Q) + €|@|:, and oL > n y outperforms LSR:

. . . . . Number of observed tags (m*) . . .
1=z” Provide theoretical guarantee for image tag completion for the first time. _ - _ 11 _ 1 2 & 4. TCMR is better considering

Qy = argming P (Q, Qr-1) =35|Q — (Qr-1— -V [ (Qr-1))|7 + tk\@\w- (a) APQ@3 on IAPR TC12 the rage of m*.

k
Two Assumptions where ¢, is the step size for the kth iteration. Tag C letion With Noisv T
m 1011 | |
Y GO NNEHSHASEIVIBERE: Obscrved tags of each image are drawn inde- ag Completio th Noisy lags
pendentlyfrom  mulinomial distibuton

1. As number of noisy tags
B LRES . .
o _ _ 025 OursE MC-1 increases, tag completion
@ Number of observed tags (m.) 1s limited; No.ofimgs ~ No.oftags ~ Mean, min, max tags perimg ~Mean, min, maximgs pertag N Observed tags o o CJFastTag  performance degrades.
@ Number of parameters to be estimated 1s significantly larger than m.,. Mir Flickr 5,231 372 582 4 43 8 10 781 3 % 019 Eraghop 2. ;SR iSfmore ;egsit:e tohnoiser
] ] 0.1 - Y and performs bad when the noise
Y IOIRETNVIEREIREEONER: Tags of any image are sampled from a mix- ~ ESPGame 10,450 265 6.41 5 15 253 16 3,439 4 005 1B=2an s large.
. . . . . B TCVR . :
ture of a small number of multinomial distribution. IAPRTC12 12,985 291 7.07 5 23 316 14 4,752 4 ° 01 02 03 05 07 09 3. TCMR is better, especially when
: Noise percentage recovering from severely noisy
s Recovered tag matrix has to be of low rank. NUS-WIDE 20,968 420 104 5 15 520 78 5058 A

(a) IAPR TC12 AP@3 tags.




