Baselines & Benchmarks

Si m u Ita n eo u s Edge AI ig n m e nt a n d Lea rn i ng CASENet: Network from [1] trained with instance-sensitive edge labels.

Zhiding Yu, Weiyang Liu, Yang Zou, Chen Feng, Srikumar Ramalingam, B. V. K. Vijaya Kumar, Jan Kautz CASENet-S: CASENet with loss replaced to regular sigmoid cross-entropy loss.

.. . .y . : CASENet-C: CASENet-S trained on labels preprocessed by dense-CRF following [3].
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n"IDIA® {zhidingy, jkautz}@nvidia.com, wyliu@gatech.edu, yzou2 @andrew.cmu.edu, cfeng@nyu.edu, srikumar@cs.utah.edu SEAL: The proposed learning framework trained with a CASENet backbone.

MF: Maximum F-measure (ODS). Thin: Evaluation with thinned GT and prediction.
Raw: Evaluation with unthinned GT (same width as train label) and original prediction.
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Experimental Results (SBD)

Several existing edge/boundary detection problems:

MF scores on the SBD test set. Results are measured by %.
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Problem Transform
Definition: Let Y = {y||y| = |y|}, then:
M = {m|m € M(y.y).y € Y}

Edge Prior/Net Likelihood

Assumption: Edge in yk is generated from
those in yk through one-to-one assignment.

M(y*.5%) ={m(-)[Vu,v € {Q‘yfl =1}: ﬁeﬁl(u) = 1.
Py = Lu# v = m(u) £ m(v)),

Learning
log £(y, W) =Y { — _ int 3 ||P2;gllg
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Notations & Fundamentals

Traditional edge learning:
max L(W) = P(y|x; W)

aero bike bird boat bottle bus car cal chair
table dog horse mbike person plant sheep sofa train

Instance-insensitive MF scores.
Mode |CNet|CNet-S|CNet-C|SEAL

Thin | 63.6 | 66.4 64.7 | 66.9
Raw | 56.1 | 60.6 62.1 | 64.6
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Research Motivation

Simultaneous edge alignment & learning:
max £(y, W) = P(y,¥lx; W) = P(y|s) P |x; W)

+ 37 [ Tog o (plx W) + (1 - 58) log(1 — rx(plx W) }

P

The constrained optimization problem in
Step 2 can be transformed into a bipartite

Step 1: Update network parameters.

0.8}

Noisy label learning: Automatic alighment of edge labels

. min — log Ly (W) = — 9% log op(p|x; W . .
Edgeprior  Network likelihood m(-) ~ Ep = {(p,q)|Up, yq = 1.m(q) = p} W N(W) ;Zp: ["P g k(P W) graph min-cost assignment problem, and 2 OTS)
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Experimental Results (Cityscapes)
Biased Gaussian Kerne| and Nlarkov Prior MF scores on the Cityscapes validation set. Results are measured by %.
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(e) Original image  (f) Ground truth (g) CASENet (h) SEAL e T L Qualitative comparison of GT, CASENet, CASENet-S, and SEAL, and the

visualization of edge alignment on Cityscapes.




