Learning to Combine Mid-level Cues for Object Proposal Generation
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/Unsegmented image Parametric energy function Multiple proposals\ Motivation Contributions
»  Object proposals reduce an exhaustive set of » A novel Parametric Min-Loss (PML) structured
hypotheses to a few plausible candidate segments. learning framework for parametric energy
functions.

»  Object proposals are often predictions from
parametric energy functions (CPMC [2] etc.) »  PML learns to predict multiple outputs using
a novel loss function.

@ piversification »  Parametric energy functions can encode relevant
o bottom-up grouping cues [4]. »  PML bridges the gap between learning and

inference for parametric energy functions.

»  Butno previous approach exists for learning to | | |
predict multiple outputs with parametric energy »  PMLis applicable to any domain that uses

functions. parametric energy functions.
Parametric energy function Parametric Min-Loss learning
A »  Evaluate multiple predicted segments against one
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» Innerloss function measures the error of a single
predicted segment:
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» The appearance cue discourages division of similar
colors and textures:
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»  The closure cue discourages gaps along boundaries:

Eclo (QZ‘, Y) — w(-;rlo Z ¢clo(xa yp) — 2 Z ¢clo (337 Yp,q)

»  Upper bound for inner loss function (hinge loss):

h(w,\) = max{(y,y) + w' ¢z, 9) — w' ¢ (2,y)
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»  Upper bound for loss function (min-hinge loss [3]):

H(w)= min h(w,\)
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beto(T: 4p) beza(;)ly p=119(,0) decreasing A »  Regularized training objective:
beto(@Ypa) = 3 Lpy—yee1)9(5b) »  Nonnegative weights and nonnegative N
o) o | A coefficientsguarantee a small set of min 1||WH2 4+ ¢ min A, (W, An)
»  The symmetry cue discourages division of symmetric solutions from parametric maxflow. w N “— An€[-1,0]
parts:
»  One predictionfor a specific A:
Esym(.flﬁ y sym Z ¢sym Ly Yp, Q) P P :
y = argmin E*(z,y, w) Block-coordinate descent
Dsym (T, ¥p,q) = Liy,y,) sggggxq) score(s) N Y T .\ N
| o | y(z, w) = argmaxw' ¢"(z,y) 1, s, C
» The energy is normalized by area by a factor A: y »  w-block (S-SVM): arg min §HWH + N Z Ao (Wy Ap)

»  Aset of predictionsover a range of A: n=l
Escale z,y) >\2¢area Z, Yp) X P \ : »  A-block (loss-augmented parametric energy minimization):
Y —{y A€ |—1
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Location- and color-based diversification Postprocessing

»  Discard non-maximum proposals among proposals
with high overlap.

»  Train SVM on deep features to assign an objectness

»  Bias energy to different locations »  Bias energy to different foreground-background color pairs score to each proposal.
»  Maximum superpixel distance »  Gaussian mixture model of superpixel colors
Results
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»  We achieve results comparable with CPMC [2] and MCG [1]
»  We outperform methods that lack learning, e.g. Selective Search [5]
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