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OBJECT DISCOVERY OBJECT DISCOVERY AS OPTIMIZATION SOLVING THE OPTIMIZATION PROBLEM RESULTS
> .Goal: Fln.d|hng Iocatlcl)cns of ]Eoregrou.n.d objects in » Region proposals: » Objective as a concave func’lcdloh: . » Datasets: Object Discovery, VOC 6x2, VOC all
I|\r/|nag'es without any form of supervision. ; 5(x,e) = glzk: S min(ej, x;', x;). » Metric: correct localization (CorlLoc).
- I7#) 1<Kk<p; : .
> Motivation | - " 1212 » Results in the separate setting:
> A fundamental problem in Computer Vision. t » Lagrangian:
> Cho et al. 1] propose a promising method but it is just a s | N Method OD VOC 6x2  VOC al
- L . Cho et al. |1 4.2 7.7 .
heuristic. » Objective function: K(x, e A, u) = S(x, e) _Z[)\i(xi’lp;_V)+Mi(ei']-n_T)]- o et al. [1] _ : 0 30.0
» The oraph of images . . | | : Cho et al. (Our execution)  84.2 67.6 37.6
e grap ges: > |Image i is represented by a binary vector x; of length p;. | i et al, [2 100
> The neighborhood of image i/ is represented by a binary > Dual_ problem: Nty SUP(x.e)e[0,1]7 K(x, e A, ). I.e 7 i _ |
vector e; of length n. » Solving the dual problem: Wei et al. [3] 68.1 ) 46.9
> There is a matrix 5;; .of size P,- X pj. containing the saliency )\Etﬂ) _ [)\Et) 1 @(Xi(t) 1, — V). | Ours | 85..8 + 0.669.4 4+ 0.339.2 + 0.2
of matches between images i and G = D 4 e 1, — 1) » Results in the mixed setting:
> Objective function: where Method OD  VOC6x2 VOCall
kl kI
S(x,e) = Z €jj Z Sij Xj X; = Z e,-j<x,-, S,JXJ> (X(t) e(t)) _ arpmax K(x, e A\() ,U(t))- Cho et al. (1] - - 37.6
i£j  1<k<p, =5 ’ (x.e){0.1}* o Cho et al. (Our execution)  82.2 55.9 37.5
1</<p; . . | ’ 1 4 +
- Constrains: x;-1, <vand e-1, <1 » Approximate primal solution: (_)“rs 83.0 + 0.4 60'2_ + 0.4)39.8 + 0.2
> Cirilo del a ;N » Results with proposals from selective search:
2 - imi ar_lty Moael. S (X, e) = N Z(X(t), e(t)). Proposals selective search [4] randomized Prim’s [5]
> Confidence score 1] measures the appearance similarity - Choetal [I] 2323 20 6 306 67 6
ko i kLK KT > |n a random order of x;, update x; to maximize S(x, e » Results with CNN features:
CONTRIBUTION s = 2 KT In a random order of x; upe (x. €)
PiPj Sz, eeping ot.er variabies tixed. | | Features OD VOC 6x2  VOC all
» A new saliency score for region matches between images. | 1</'<p; > Update e in parallel to maximize 5(x; e) keeping x fixed. WHO [6]85.8 + 0.6 69.4 + 0.3 39.2 +£ 0.2
» Reformulating Unsupervised Object Discovery as an > Based on the confidence score, standout score measures » Post processing ensembling method. CNN [7] 78.8 £ 0.4 70.9 + 0.242.5 + 0.1
optirhi.zation pro.blem. | saliency of matches li/etweek? pairs of Z/eglons Original - Combined Doct
» Empirically proving that the new method gives better results. Sj = Sj — At image solution solution  processing FUTURE WORK
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