Deep Semantic Matching with Foreground Detection and Cycle-Consistency
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- Input: A set of images containing instances of an object category
- Goal: Estimate correspondences between image pairs

Our matching results.

VIRGINIA TECH.

——UNIVERSITY OF CALIFORN [A

y,

= £Y Google Cloud

\<\ . LJ

Challenges

- Background clutters
- Inconsistent bidirectional matching
- Require keypoint annotation for supervision

Input Rocco et al.

Weakly-supervised semantic matching network
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Transformation Predictor (G)
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(a) Results on PF-PASCAL.

Method mean PCK
HOG+PF-LOM 62.5
UCN 55.6
VGG-16+SCNet-A 66.3
VGG-164+SCNet-AG 69.7
VGG-164+SCNet-AG+ 72.2
VGG-16+CNNGeo 62.6
ResNet-101+CNNGeo(S) 69.5
ResNet-101+CNNGeo (W) 74.8
Ours 78.0

PCK Curves of Different Methods
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ResNet-101 + CNNGeo(S)

ResNet-101 + CNNGeo(W)
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(e) Effect of using the foreground-guided matching loss Ly,,ching-
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(d) Ablation study on PF-PASCAL.
Method

Experimental results

(b) Results on PF-WILLOW.

(c) Results on TSS.

Method T = 0.05|7 = 0.1|7 = 0.15 Method FG3DCar|JODS|PASCAL| Avg.
SIFT Flow 0.247 | 0.380 | 0.504 HOG+PF-LOM 0.786 |0.653| 0.531 |[0.657
VGG w/SF 0.324 | 0.456 | 0.555 HOGH+TSS 0.830 |[0.595| 0.483 |[0.636
FCSS w/SF 0.354 | 0.532 | 0.681 FCSS+SIFT Flow 0.830 |[0.656| 0.494 |0.660
UCN 0.291 0.417 | 0.513 FCSS+PF-LOM 0.839 [0.635| 0.582 |0.685
SCNet-A 0.390 | 0.725 | 0.873 HOG+OADSC™ 0.875 |[0.708| 0.729 |[0.771
SCNet-AG 0.394 | 0.721 0.871 FCSS+DCTM 0.891 [0.721| 0.610 |0.740
SCNet-AG+ 0.386 | 0.704 | 0.853 VGG-16+CNNGeo 0.835 |0.656| 0.527 |[0.673
ResNet-101+CNNGeo(S) | 0.448 | 0.777 | 0.899 ResNet-101+CNNGeo(S) 0.886 |0.758| 0.560 |0.735
ResNet-101+CNNGeo(W)| 0.477 | 0.812 | 0.917 ResNet-101+CNNGeo(W)| 0.892 |[0.758| 0.562 |[0.737
Ours 0.491 | 0.819 | 0.922 Ours 0.898 |0.768| 0.560 |0.742
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Ground Truth Label

82.3 %
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Foreground Background

Warped Label
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27.8 %

Accuracy

15.3 %

72.2 %

79.1 % 81.2%

Variance

10.3% 6.73%
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An image pair
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