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Introduction

Input . - Output

Dense correspondence for each pixel between two frames



Why Optical Flow?

 Optical flow has a wide range of applications.

Video Action Recognition



History of Optical Flow Estimation

The KITTI Vision
Benchmark Suite

A project of Karlsruhe Institute of Technology
and Toyota Technological Institute at Chicago
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Horn and Schunck Sun et al. EpicFlow DCFlow DDFlow
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DC Flow

Input first frame Input second frame
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Pixel-level Feature Embedding with ConvNets
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Output dense optical flow

Xu, Ranftl, Koltun. Accurate Optical Flow via Direct Cost Volume Processing. CVPR 2017



CNNs for Optical Flow

1 Advantage: high performance while running at real time.
1 Disadvantage: need a large amount of labeled data = difficult to obtain.
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CNNs for Optical Flow

1 Advantage: high performance while running at real time.

1 Disadvantage: need a large amount of labeled data = difficult to obtain.
B Pre-training on synthetic dataset: domain gap.

B Unsupervised learning: performance gap, cannot predict flow of occluded
pixels.

Training domains Domains of interest




Unsupervised Learning for Optical Flow

How to learn optical flow of occluded
pixels in a totally unsupervised way?



Key Observation

1 Unsupervised Learning: detect occlusion and exclude occluded pixels.
» The optical flow of non-occluded pixels can be accurately estimated.
» How do we fully utilize those reliable non-occluded predictions?
» Data Distillation!
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Liu, King, Lyu, Xu. DDFlow: Learning Optical Flow with Unlabeled Data Distillation. AAAI 2019



Framework

1 Teacher model is trained with photometric loss L,, for non-occluded pixels.
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Framework

d Student model has the same network structure as teacher model.
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Framework

d Student model is trained with both L, for non-occluded pixels and L, for
occluded pixels. Only student model is needed during testing.
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Loss Functions

 Occlusion estimation: based on the forward-backward consistency prior

Wy +Wel? < ar(|wg]® + [Wgl?) + e,
P+ ws(p) €,

d Photometric loss L,
Ly=) (i —I)0(1-0f)/) (1-0y)
+Y U(L—IF)© (1—05)/ ) (1-0)
1 Loss for occluded pixels L, 3
M; = clip(Oy — O%,0,1)
Lo=) w(wh—Ws)OMs/) My
+ > (W — W) © My/ Y My

d Teacher model: L = L,

|
Q Student Model: L = L, + L, } No hyperparameter !

13



Evaluation Metrics

d Optical Flow

» EPE: average endpoint error between the predicted flow and the ground
truth flow over all pixels.

» FIl. percentage of erroneous pixels. A pixel is considered to be correctly
estimated if flow end-point error is < 3 pixels or <5%.

[ Occlusion estimation
» F-score: the harmonic average of the precision and recall.
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Quantitative Comparisons

1 DDFlow outperforms all existing unsupervised flow learning methods on all
datasets.

Metticd Chairs  Sintel Clean Sintel Final KITTT 2012 KITTI 2015
test train test train test train  test  Fl-noc train Fl-all

FlowNetS (Dosovitskiy et al. 2015) 2.71 450 7.42 545 8.43 8.26 - - - -

FlowNetS+{t (Dosovitskiy et al. 2015) - (3.66) 696 (444) 776 @ 1.52 9.1 - - -

2 SpyNet (Ranjan and Black 2017) 2.63 4.12 6.69 5:57 8.43 9.12 - - - -

'z SpyNet+ft (Ranjan and Black 2017) - (3.17) 6.64 (4.32) 8.36 825 101 12.31% - 35.07%

2 FlowNet2 (lig et al. 2017) - 2.02 396 3.14 6.02 4.09 - - 10.06 -

»n  FlowNet2+ft (Ilg et al. 2017) - (1.45) 4.16 (2.01) 574 (1.28) 1.8 482% (23) 11.48%
PWC-Net (Sun et al. 2018) 2.00 333 - 4.59 - 4.57 - - 13:20 -
PWC-Net+{t (Sun et al. 2018) - (L.70) 386 (2.21) 513 (145 1.7 4.22% (2.16) 9.60%
BackToBasic+f{t (Jason, Harley, and Derpanis 2016) 5.3 - - - - 11:3 9.9 - - -
DSTFlow+ft (Ren et al. 2017) 5.11  (6.16) 1041 (6.81) 11.27 1043 124 - 16.79 39%
UnFlow-CSS+ft (Meister, Hur, and Roth 2018) - - - (7.91) 10.22 3.29 - - 8.10 23.30%

9 OccAwareFlow (Wang et al. 2018) 3.30 523 8.02 6.34 9.08 1295 - - 21.30 -

'z OccAwareFlow+ft-Sintel (Wang et al. 2018) 376 (4.03) 795 (595 9.15 12.9 - - 22.6 -

2  OccAwareFlow-KITTI (Wang et al. 2018) - 7.41 - 7.92 - 3.55 42 - 8.88 31.2%

Z  MultiFrameOccFlow-Hard+ft (Janai et al. 2018) - (6.05) - (7.09) - - - - 6.65 -

> MultiFrameOccFlow-Soft+ft (Janai et al. 2018) —____(3.39) 71.23 (5.5_2) 8.81 = — — 639 22.94%
DDFlow 2.97 3.83 - 4.85 - 8.27 - - 17.26 -
DDFlow+ft-Sintel 346  (2.92) 6.18 (3.98) 740 5.14 - - 12.69 -
DDFlow+ft-KITTI 6.35 6.20 - 7.08 - 235 3.0 457% 572 14.29%




Quantitative Comparisons

A Our pre-trained model on Flying Chairs even outperforms the finetuned state-
of-the-art unsupervised models on Sintel dataset.

Muihiod Chairs  Sintel Clean Sintel Final KITTT 2012 KITTI 2015
test train test train test train  test  Fl-noc train Fl-all

FlowNetS (Dosovitskiy et al. 2015) 2,71 450 7.42 545 8.43 8.26 - - - -

FlowNetS+ft (Dosovitskiy et al. 2015) - (3.66) 696 (444) 7.76 1.52 9.1 - - -

2 SpyNet (Ranjan and Black 2017) 2.63 4.12 6.69 5:57 8.43 9.12 - - - -

'z SpyNet+ft (Ranjan and Black 2017) - (3.17) 6.64 (432) 836 825 10.1 1231% - 35.07%

2  FlowNet2 (Ilg et al. 2017) - 2.02 396 3.14 6.02 4.09 - - 10.06 -

»»  FlowNet2+{t (Ilg et al. 2017) - (1.45) 4.16 (2.01) 574 (1.28) 1.8 482% (23) 11.48%
PWC-Net (Sun et al. 2018) 2.00 333 - 4.59 - 4.57 - - 13:20 -
PWC-Net+{t (Sun et al. 2018) - (L.70) 386 (2.21) 513 (145 1.7 4.22% (2.16) 9.60%
BackToBasic+{t (Jason, Harley, and Derpanis 2016) 5.3 - - - - 11:3 9.9 - - -
DSTFlow+ft (Ren et al. 2017) 5.11  (6.16) 1041 (6.81) 11.27 1043 124 - 16.79 39%
UnFlow-CSS+ft (Meister, Hur, and Roth 2018) - - - (791) 1022 329 - - 8.10  23.30%

9 OccAwareFlow (Wang et al. 2018) 3.30 523 8.02 6.34  9.08 12.95 - - 21.30 -

'z OccAwareFlow+{t-Sintel (Wang et al. 2018) 376 (4.03) 795 (595 9.15 12.9 - - 22.6 -

2  OccAwareFlow-KITTI (Wang et al. 2018) - 7.41 - 7.92 - 3.55 4.2 - 8.88 31.2%

Z  MultiFrameOccFlow-Hard+ft (Janai et al. 2018) - (6.05) - (7.09) - - - - 6.65 -

o MultiFrameOccFlow-Soft+ft (Janai et al. 2018) — 3.89 723 8.81 - - - 6.59  22.94%
DDFlow 2.97 3.83 - 4.85 - 8.27 - — 17.26 -
DDFlow+ft-Sintel 346  (2.92) 6.18 (3.98) 740 5.14 - 12.69

DDFlow+{t-KITTI 6.35 6.20 - 7.08 - 235 3.0 457% 572 14.29%




Quantitative Comparisons

d 28.6 % relative improvement on KITTI 2012, 37.7% relative improvement on
KITTI 2015.

Muihiod Chairs  Sintel Clean Sintel Final KITTT 2012 KITTI 2015
test train test train test train  test  Fl-noc train Fl-all

FlowNetS (Dosovitskiy et al. 2015) 2,71 450 7.42 545 8.43 8.26 - - - -

FlowNetS+{t (Dosovitskiy et al. 2015) - (3.66) 696 (444) 7.76 1.52 9.1 - - -

2 SpyNet (Ranjan and Black 2017) 2.63 4.12 6.69 5:57 8.43 9.12 - - - -

'z SpyNet+ft (Ranjan and Black 2017) - (3.17) 6.64 (432) 836 825 10.1 1231% - 35.07%

2  FlowNet2 (Ilg et al. 2017) - 2.02 396 3.14 6.02 4.09 - - 10.06 -

»»  FlowNet2+{t (Ilg et al. 2017) - (1.45) 4.16 (2.01) 574 (1.28) 1.8 482% (23) 11.48%
PWC-Net (Sun et al. 2018) 2.00 333 - 4.59 - 4.57 - - 13:20 -
PWC-Net+{t (Sun et al. 2018) - (L.70) 386 (2.21) 513 (145 1.7 4.22% (2.16) 9.60%
BackToBasic+{t (Jason, Harley, and Derpanis 2016) 5.3 - - - - 11:3 9.9 - - -
DSTFlow+ft (Ren et al. 2017) 5.11  (6.16) 1041 (6.81) 11.27 1043 124 - 16.79 39%
UnFlow-CSS+ft (Meister, Hur, and Roth 2018) - - - (791) 1022 329 - - 8.10  23.30%

9 OccAwareFlow (Wang et al. 2018) 3.30 523 8.02 6.34  9.08 12.95 - - 21.30 -

'z OccAwareFlow+{t-Sintel (Wang et al. 2018) 376 (4.03) 795 (595 9.15 12.9 - - 22.6 -

2  OccAwareFlow-KITTI (Wang et al. 2018) » 7.41 - 792 - 355 . 8.88  31.2%

Z  MultiFrameOccFlow-Hard+ft (Janai et al. 2018) - (6.05) - (7.09) - - - - 6.65 -

o MultiFrameOccFlow-Soft+ft (Janai et al. 2018) — (3.89) 7.23 (5.52) 8.8l - - - 6.59
DDFlow 2.97 3.83 - 4.85 - 8.27 - — 17.26 -
DDFlow+ft-Sintel 346  (2.92) 6.18 (3.98) 740 5.14 - 12.69

DDFlow+{t-KITTI 6.35 6.20 - 7.08 - 2.35 457% 572 [14.29%




Quantitative Comparisons

d On KITTI 2012, DDFlow outperforms Flownet 2.0 for ranking metric Fl-noc.

Muihiod Chairs  Sintel Clean Sintel Final KITTT 2012 KITTI 2015
test train test train test train  test  Fl-noc train Fl-all

FlowNetS (Dosovitskiy et al. 2015) 2,71 450 7.42 545 8.43 8.26 - - - -

FlowNetS+ft (Dosovitskiy et al. 2015) - (3.66) 696 (444) 7.76 1.52 9.1 - - -

2 SpyNet (Ranjan and Black 2017) 2.63 4.12 6.69 5:57 8.43 9.12 - - - -

'z SpyNet+ft (Ranjan and Black 2017) - (3.17) 6.64 (4.32) 8.36 825 101 12.31% - 35.07%

2  FlowNet2 (Ilg et al. 2017) - 2.02 396 3.14 6.02 4.09 - - 10.06 -

»»  FlowNet2+{t (Ilg et al. 2017) - (1.45) 4.16 (2.01) 574 (1.28) 1.8 (2.3) 11.48%
PWC-Net (Sun et al. 2018) 2.00 333 - 4.59 - 4.57 - - 13:20 -
PWC-Net+{t (Sun et al. 2018) - (L.70) 386 (2.21) 513 (145 1.7 4.22% (2.16) 9.60%
BackToBasic+{t (Jason, Harley, and Derpanis 2016) 5.3 - - - - 11:3 9.9 - - -
DSTFlow+ft (Ren et al. 2017) 5.11  (6.16) 1041 (6.81) 11.27 1043 124 - 16.79 39%
UnFlow-CSS+ft (Meister, Hur, and Roth 2018) - - - (791) 1022 329 - - 8.10  23.30%

9 OccAwareFlow (Wang et al. 2018) 3.30 523 8.02 6.34  9.08 12.95 - - 21.30 -

'z OccAwareFlow+{t-Sintel (Wang et al. 2018) 376 (4.03) 795 (595 9.15 12.9 - - 22.6 -

2  OccAwareFlow-KITTI (Wang et al. 2018) - 7.41 - 7192 - 3.55 4.2 - 8.88 31.2%

Z  MultiFrameOccFlow-Hard+ft (Janai et al. 2018) - (6.05) - (7.09) - - - - 6.65 -

o MultiFrameOccFlow-Soft+ft (Janai et al. 2018) — (3.89) 7.23 (5.52) 8.8l - - - 6.59  22.94%
DDFlow 2.97 3.83 - 4.85 - 8.27 - — 17.26 -
DDFlow+ft-Sintel 346  (2.92) 6.18 (3.98) 740 5.14 - - 12.69 -
DDFlow+{t-KITTI 6.35 6.20 - 7.08 - 235 30 572 14.29%
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Quantitative Comparisons

d DDFlow achieves the best occlusion estimation performance on Sintel Clean
and Sintel Final datasets.

d On KITTI dataset, the ground truth occlusion masks only contain pixels
moving out of the image boundary. Under such setting, our method can

achieve comparable performance.

T Sintel Sintel KITTI KITTI
Clean Final 2012 2015
MODOF — 0.48 — -
OccAwareFlow-ft (0.54) (0.48) 095 0.88"
MultiFrameOccFlow-Soft+ft  (0.49) (0.44) — 0.91*
Ours (0.59)| 1 (0.52)| 0.94% 0.86*

19



Qualitative Comparisons

d Sample results on Sintel datasets. The first three rows are from Sintel Clean,
while the last three are from Sintel Final.

(a) Input Image 1 (b) GT Flow (c) Our Flow (d) GT Occlusion (e) Our Occlusion




Qualitative Comparisons

d Example results on KITTI datasets. The first three rows are from KITTI 2012,
and the last three are from KITTI 2015.

1 Note that on KITTI datasets, the occlusion masks are sparse and only
contain pixels moving out of the image boundary.

(a) Input Image 1 (b) GT Flow (c) Our Flow (d) GT Occlusion (e) Our Occlusion
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Quantitative: Ablation Study

d Comparing row 1, 2 and row 3, 4: occlusion handling can improve flow
estimation performance on all datasets.

Occlusion Census Data Chairs Sintel Clean Sintel Final KITTI 2012 KITTI 2015
Handling Transform Distillaion ALL ALL NOC  OCC ALL NOC OCC ALL NOC 0OCC ALL NOC o0OCC

L X X X 406 (5.05) (245 (38.09) (7.54) (481 (4246) 1076 335 5986 1685 645 R82.64
L/ X X 305 (445 (Q16) (3348) (656) (412) (37.83) 667 194 3801 1242 567 6059
X v/ X 375 (3.90) (1.60) (33.31) (5.23) (2.80) (3635) 866 147 5624 1404 406 77.16
v/ v X 324  (337) (1.34) (29.36) (447) (2.32) (31.86) 450 110 2704 801 302 4266
v/ v v/ 297 (292) (1.27) (23.92) (398 (2.21) (2674 235 102 1131 572 273 24.68




Quantitative: Ablation Study

d Comparing row 1, 3 and row 2, 4: census transform constantly improve
performance.

Occlusion Census Data Chairs Sintel Clean Sintel Final KITTI 2012 KITTI 2015
Handling Transform Distullation ALL ALL NOC  OCC ALL NOC OCC ALL NOC 0OCC ALL NOC o0OCC

LX X X 406  (5.05) (245 (38.09) (7.54) (48D (4246) 1076 335 5986 1685 645 R82.64]
v X X 395  (445) (2.16) (33.48) (656) (4.12) (37.83) 667 194 3801 1242 567 60.59
LX v/ X 375  (3.90) (1.60) (3331) (5.23) (2.80) (36.35) 866 147 5624 1404 406 77.16|
v/ v X 324  (337) (1.34) (29.36) (447) (2.32) (31.86) 450 110 2704 801 302 4266
v/ v v/ 297 (292) (1.27) (23.92) (398 (2.21) (2674 235 102 1131 572 273 24.68




Quantitative: Ablation Study

d Comparing row 4, 5: data distillation can greatly improve the performance,
especially for occluded pixels, with EPE-OCC decreases 18.5% on Sintel
Clean, 16.1% on Sintel Final, 58.2% on KITTI 2012 and 42.1% on KITTI
2015.

Occlusion Census Data Chairs Sintel Clean Sintel Final KITTI 2012 KITTI 2015
Handling Transform Distillation ALL ALL NOC OCC ALL NOC 0OCC ALL NOC OCC ALL NOC o0OcCC

406 (5.05) (245 (38.09) (7.54 (481) (4246) 1076 335 5986 1685 645 8264
395 (445) (2.16) (33.48) (6.56) (4.12) (37.83) 667 194 3801 1242 567 6059
375 (3.90) (1.60) (33.31) (5.23) (2.80) (36.35) 866 147 5624 1404 406 77.16
324 (337) (1.34) J29.36)] (447) (232) K31.86)] 450 1.10 J27.04 | 8.01 3.02 [42.66]
297  292) (.27 2390 398 221 267H1 235 102 113 1 572 273 [2468

NN > N x
NSNS > X
N[ > > X
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Video Flow Estimation on Sintel Dataset

 The top part is the input frame and the bottom part is the corresponding
optical flow estimated by DDFlow.




DDFlow code

1 Code and models available on https://github.com/ppliuboy/DDFlow.
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https://github.com/ppliuboy/DDFlow

What is Next?



Motivation

« Can we completely get rid of synthetic data?
« Can we win Sintel back?

Liu, King, Lyu, Xu. SelFlow: Self-Supervised Learning of Optical Flow. CVPR 2019



Initially, p; and p, are non-occluded from I, to I, , p;
and p, are their corresponding pixels. NOC-Model can
accurately estimate the flow of p; and p, using
photometric loss.

—> — Flow




We inject random noise to I;,;and let noise cover
p, and p,, then p; and p, become occluded from I; to
I,.,. OCC-Model cannot accurately estimate flow of
p, and p, using photometric loss.
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We distill reliable flow estimations of p; and p, from
NOC-Model to guide the flow learning for OCC-Model.
The guidance is only employed to pixels that are
occluded from I, to I, , but non-occluded from I, to I, 1,

such as p; and p,.
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Quantitative Results



Our unsupervised results outperform all existing
unsupervised results on all datasets by a large margin.

Sintel Clean Sintel Final KITTI 2012 KITTI 2015
Method
train test train test train test  test(Fl) train test(FI)
BackToBasic+ft [ 1V] - - - — 11.3 9.9 - - -
T DSTFlow+ft [30] (6.16) 1041 (6.81) 11.27 1043 124 - 16.79 39%
f UnFlow-CSS [25] - - (7.91) 1022 3.29 - - 8.10  23.30%
2 OccAwareFlow+ft [ 9] 4.03) 795 (8.95) 9.15 35 4.2 - 8.88 31.2%
f,j MultiFrameOccFlow-Hard+ft [ 7]  (6.035) - (7.09) - - - - 6.65 -
> MultiFrameOccFlow-Soft+ft [1 7] (3.89) 7.23  (5.52)  8.81 - = = 6.59  22.94Y9
| Ours (2.82) 656 (3.87) 657 1.69 22 7.68% 4.84 14.19% |
FlowNetS+ft [V] (3.66) 696 (444) 7.76 7.52 9.1 44.49% ~ —
FlowNetC+ft [V] (3.78) 6.85 (5.28) 8.51 8.79 - - - -
SpyNet+ft [2+] (3.17) 6.64 (4.32) 8.36 8.25 10.1  20.97% - 35.07%
FlowFieldsCNN+ft [ ] - 3.78 - 5.36 - 3.0 13.01% - 18.68 %
DCFlow+ft [42] - 3.54 - 5:12 - - - - 14.83%
- FlowNet2+ft [ 1] (1.45) 4.16 (2.01) 574 (1.28) 1.8 - (2.3) 11.48%
2 UnFlow-CSS+ft [25] - - - - (1.14) 1.7 842% (1.86) 11.11%
£ LiteFlowNet+ft-CVPR [ 1] (1.64) 486 (2.23) 6.09 (1.26) 1.7 - (2.16) 10.24%
S LiteFlowNet+f{t-axXiv [ | 3] (1.35) 454 (1.78) 538 (1.05 1.6 727% (1.62) 9.38%
Y PWC-Net+ft-CVPR [36] 2.02) 439 (2.08) 504 (145 1.7 8.10% (2.16) 9.60%
PWC-Net+ft-axXiv [ 35] (1.71) 345 (2.34) 460 (1.08) 1.5 6.82% (1.45) 7.90%
ProFlow+ft [ 2 1] (1.78) 2.82 ~ 502 (@(1.89) 21 7.88% (5.22) 15.04%
ContinualFlow+{t [ 7] - 3.34 - 4.52 - - - - 10.03%
MFF+ft [29] - 3.42 4.57 7.87% 7.17 %

Ours+ft (1.68) 374 (1.77) 426 (0.76) 15 6.19% (1.18) 8.42%




Our unsupervised results even outperform several
famous fully-supervised methods.

Sintel Clean Sintel Final KITTI 2012 KITTI 2015
Method
train test train test train test  test(Fl)  train test(FI)
BackToBasic+ft [ 1V] - - - — 11.3 9.9 - - -
2 DSTFlow+ft [30] (6.16) 1041 (6.81) 11.27 1043 124 - 16.79 39%
f UnFlow-CSS [25] - - (791) 1022 3.29 - - 3.10 23.30%
,5:_ OccAwareFlow+ft [ 1Y] 4.03) 795 (595 9.15 3D 4.2 - 8.88 31.2%
Z  MultiFrameOccFlow-Hard+ft [17] ~ (6.05) = (7.09) = — — - 6.65 -
=  MultiFrameOccFlow-Soft+ft [17]  (3.89) 7.23 (5.52) 8.81 - - - 6.59  22.94%
Ours (2.82) 656 (387) 657 169 2.2 4.84
FlowNetS+ft [V] (3.66) 696 (444) 7.76 7.52 9.1 44.49% -~ -
FlowNetC+ft [V] (3.78) 6.85 (5.28) 8.51 8.79 - — ~ -
SpyNet+ft [ 25] (3.17) 6.64 (4.32) 8.36 8.25 10.1  20.97% - 35.07%
FlowFieldsCNN+ft | ] - 3.78 - 5.36 - 3.0 J13.01% -
DCFlow+ft [42] - 3.54 - 5.12 - - — -
e FlowNet2+it | | 1] (145 4.16 (2.01) 574 (1.28) 1.8 - (2.3) 11.48%
2 UnFlow-CSS+ft [25] - — = - (L1417 (1.86) 11.11%
= LiteFlowNet+ft-CVPR [ 7] (1.64) 486 (2.23) 6.09 (1.26) 1.7 = (2.16)  10.24%
S LiteFlowNet+ft-axXiv [ | 3] (1.35) 454 (1.78) 538 (1.05 16 727% (1.62) 9.38%
Y PWC-Net+ft-CVPR [36] (2.02) 439 (2.08) 504 (145 1.7 |8.10%]) (2.16) 9.60%
PWC-Net+ft-axXiv [ 7] (1.71) 345 (2.34) 460 (1.08) 1.5 6.82% (1.45) 7.90%
ProFlow-+t [ 7] (1.78) 282 - 502 (1.89) 2.1 [7.88%] (5.22)
ContinualFlow+f{t [27] - 3.34 - 4.52 - - — - 10.03%
MFF+ft [29] - 3.42 - 4.57 - 7 ~ 7.17%
Ours+ft (1.68) 374 ((1.77) 4.26 (0.76) 1.5 6.19% (1.18) 8.42%




Our fine-tuned models achieve state-of-the-art results
without using any external labeled data.

Sintel Clean Sintel Final KITTI 2012 KITTI 2015
Method
train test train test train test  test(Fl) train test(FI)
BackToBasic+ft [ 1 V] - - - — 11.3 9.9 - — -
T DSTFlow+ft [30] (6.16) 1041 (6.81) 11.27 1043 124 — 16.79 39%
f UnFlow-CSS [27] - - (7.91) 10.22 3.29 - - 8.10 23.30%
g OccAwareFlow+ft [ 1] 4.03) 795 (595 9.15 3355 4.2 - 8.88 31.2%
-'2 MultiFrameOccFlow-Hard+ft [ 7]  (6.05) - (7.09) - - - - 6.65 -
> MultiFrameOccFlow-Soft+ft [17]  (3.89) 7.23 (5.52) 8&.8I = = = 6.59  22.94Y%
Ours (2.82) 6.56 (3.87) 6.57 1.69 22 7.68% 484 14.19%
FlowNetS+ft [V] (3.66) 696 (444) 7.76 T2 9.1 44.49% - -
FlowNetC+ft [V] (3.78) 6.85 (5.28) 8.51 8.79 - - - -
SpyNet+ft [ 25] (3.17) 6.64 (4.32) 8.36 8.25 10.1  20.97% - 35.07%
FlowFieldsCNN+ft [ ] - 3.78 ~ 5.36 — 3.0 13.01% — 18.68 %
DCFlow+ft [42] - 3.54 - 5:12 - - - - 14.83%
- FlowNet2+ft | | ] (1.45) 4.16 (201) 574 (1.28) 1.8 - (2.3) 11.48%
2 UnFlow-CSS+ft [25] - - - - (1.14) 1.7 842% (1.86) 11.11%
5 LiteFlowNet+ft-CVPR [ | }] (1.64) 486 (2.23) 6.09 (1.26) 1.7 — (2.16) 10.24%
S LiteFlowNet+ft-axXiv [ | 3] (1.35) 454 (1.78) 538 (1.05) 1.6 727% (1.62) 9.38%
Y PWC-Net+ft-CVPR [ 6] (2.02) 439 (2.08) 504 (1.45 1.7 8.10% (2.16) 9.60%
PWC-Net+ft-axXiv [ 5] (1.71) 345 (234) 460 (1.08) 1.5 6.82% (1.45) 7.90%
ProFlow+ft [ 23] (1.78) 2.82 - 502 (1.89) 2.1 7.88% (5.22) 15.04%
ContinualFlow+ft [27] - 3.34 - 4.52 - - - - 10.03%
MFF+ft [2Y] — 3.42 — 4.57 — 1.7 7.87% — 7.17 %
| Ours-+t (1.68) 3.74 (1.77) 426 (0.76) 1.5  6.19% (1.18) 8.42% |




énd Ranki

here after users upload them and

Final Clean

EPE all EPE matched EPE unmatched d0-10 d10-60 d60-140 s0-10 s10-40 s40+

GroundTruth ['] 0.000  0.000 0.000 0.000 0.000  0.000 0.000  0.000  0.000
ISeIFIow 2] 4262  2.040 22.369 4083 1.715  1.287 0.582 2343  27.154 I ‘Visualize Results
ContinualFlow_ROB 4528 2723 19.248 5050 2573  1.713 0.872 3.114  26.063
MFF [ 4566 2216 23.732 4664 2017 1222 0.893 2902  26.810
PWC-Net+ B! 4596  2.254 23.696 4781 2.045 1.234 0.945 2978  26.620 Visualize Results
CompactFlow_mix [© 4.691 2.307 24.142 4327 1933  1.458 0.863 2552  28.873 Visualize Results

CompactFlow_ROB "] 4.720 2.334 24.185 4305  1.959 1.529 0.815  2.668 29.065 Visualize Results




Qualitative Results



Effect of Self-supervision
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Compared with PWC-Net, our fine-tuned model
estimates optical flow with more accurate details.
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To demonstrate the generalization ability of our model, we further
show our flow estimation on real-word videos (from the DAVIS
dataset).
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Q&A

Hiring in Vision and Graphics ;)
http://pages.cs.wisc.edu/~jiaxu/
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