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» DOP matches different scales of parts.
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Algorithm 1: Object Parsing using DNNs

1 Input: image x

2 Parametric functions: convolutional backbone f, template collections @,
3 Get the convolutional feature ¢ = f(x)

4 for p € [K]| do

5 Estimate pu, = argmax Pr,(u | ¢; [0p.c], [Ac]) by Eq. (4)
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Scale Compute z, .(u) = (Dp’ﬁ’g:):ﬁfcw)
Matening Sital Thresholding: zp,.(1) = S¢(2p..(1))
end for
Medium Output: Part locations [up]pe[x] and template coefficients [zp,c]pe(k],ce(c]
L arge » Part expression as LASSO regression
L ) ! l » Part location estimation from optimal part expression

» Few-shot recognition based on distances of features and geometry
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