CNN-based Patch Matching for Optical Flow with Thresholded Hinge Embedding Loss
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Overview Feature learning Experiment on loss function behavior
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e We obtain state-of-the art results on on KITTI and MPI-Sintel. Lo(x,¥) = |ID(x) = D(y)l|,. Table shows what losses aim for. If fulfilled loss is zero. Our loss is especially Optical flow displacement
often zero (>80%). As we do not backpropagate zero losses this makes our loss also very fast in training. (a) by distance between p;” and p,
. We visualize the matching robustness r (see middle row in poster )for different distances (between
S Yoy b E:i X o 2 correct p5 and false match p5 ) and different flow displacements.
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< X €X X> 49( > X X For better visualization we plot not r but r/rO while rOis for L t, t=0.3
X> K X X I €«X X>» X

Our matching pipeline is similar to the multi-scale patch matching pipeline of FlowFields [1].

However, we introduce some modifications advantageous for CNNs (see figure below): Common losses push the matching error of matching patches to zero (blue arrow in illustration below).
This comes at high cost (black arrows) without any advantage (the pushed point is already fine).
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Main differences to [1] are o | L_2 Distance Patchbatch FAST - 5.94% 25.5s 2.5s
* We calculate features between up- and downsampling instead of before up+downsampling (=low-pass). _ . _ _ .
« We use two different CNNs to calculate features (one trained on all scales, one only on highest scale). Direct matching and our loss focus on problematic patches, but ours has a much smaller variance (with *Fast approach not tested on test set but comparable to slow approach on training set.
* We use low-pass to filter after feature calculation to increase matching invariance. similar average gap: Lz(P1, p7) - L2(p1, p2)- Small gap + large variance = unreliable in test data.
 We omit one scale as CNNs are robust enough to not require it (and even perform worth when used) KITTI 2015:
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Experiments: Low-pass filtering increases invariance (but also ambiguity). To some extend it increases robustness as Ours 8.91% 20.78% 19.44% 23s
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