Introduction

Unsupervised Optical Flow Estimation
» Important due to lack of labels
» Assuming appearance constancy and flow smoothness
» Current challenges:
* Occlusion: Objects cover each other
* Motion boundary: Objects move differently
-> Optical flow is low-level, but we still need object-level info!

What kind of object-level info?
» Previous work: Semantic Segmentation
X Separate instances of the same class X Novel objects
» Ours: Segment Anything Model (SAM)
v’ Separate objects of different levels v Open-world objects
- Use SAM masks to guide unsupervised optical flow!

Method Overview

Two settings: We use SAM ...
> Setting 1: only during training
> Setting 2: both training and inference (Inference speed |, Accuracy 1)

* This figure is adapted from the original figure in ARFlow
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Method Details

» Semantic augmentation (“+aug”)
Inspired by SemARFIow[Z] self—superwsmn by augmented samples
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Another random sample

» Homography smoothness loss (“+hg”)

Previous edge-aware smoothness losses are too local!
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We evaluate “smoothness” based on piece-wise homography:
1. Pick SAM objects with occlusions

2. Estimate homography for each selected object

3. Refine and self-supervise

» Mask feature module (“+mf”)
Simply added to the decoder; aggregate features on each SAM object
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Benchmark tests

Train Test Train Test
Method Clean | Final Clean Final 2012 | 2015 2012 2015 Param.
all all all  noc occ all noc occ EPE | EPE | Fl-noc EPE | Fl-all Fl-noc Fl-bg Fl-fg
< | PWC-Net+ [55] (1.71) | (2.34) | 345 1.41 20.12 | 460 225 23.70 - (1.50) | 3.36 1.4 | 7.72 491 7.69  7.88 8.8M
2 | IRR-PWC [22] (1.92) | (2.51) | 3.84 147 2322 | 458 2.15 24.36 - (1.63) | 3.21 1.6 | 7.65 4.86 7.68 752 6.4M
E RAFT [57] ©0.77) | (1.27) | 1.61 0.62 9.65 | 2.86 1.41 14.68 - (0.63) - - 5.10 3.07 474  6.87 5.3M
S | FlowFormer [20] 0.48) | (0.74) | 1.16 042 7.16 | 2.09 096 11.30 - (0.53) - - 4.68 2.69 437 6.18 | 18.2M
“ | SAMFlow [73]*f - - 1.00 038 597 | 2.08 1.04 10.60 - - - - 4.49 - - - -
UnFlow-CSS [42] - 791 | 938 5.37 4211 | 1022 6.06 44.11 329 | 8.10 - - 23.27 - - - 116.6M
DDFlow [34] (2.92) | (3.98) | 6.18 2.27 38.05| 740 341 3994 235 | 5.72 4.57 30 | 1429 955 13.08 2040 | 43M
SelFlow [35] (2.88) | (3.87) | 6.56 2.67 38.30 | 6.57 3.12 34.72 1.69 | 4.84 4.31 22 | 1419 965 12.68 21.74 | 4.8M
3 | SimFlow [23] (2.86) | (3.57) | 593 2.16 36.66 | 692 3.02 38.70 - 5.19 - - 13.38 821 12.60 17.27 -
-2 | ARFlow [33] 2.79) | (3.73) | 478 191 2826 | 589 273 31.60 144 | 2.85 5.02 1.8 | 11.80 891 1030 19.32 | 2.2M
g UFlow [26] (2.50) | (3.39) | 5.21 2.04 31.06 | 6.50 3.08 3440 1.68 | (2.71) | 4.26 19 | 11.13 841 9.78 17.87 -
2 UPFlow [39] (2.33) | (2.67) | 468 1.71 2895 | 532 242 28093 1.27 | 245 - 14 | 938 - - - 3.5M
> | Ours (baseline) (2.67) | (3.63) | 429 1.64 2596 || 5.81 ) 2.76 30.60 1.32 | 2.44 4.05 1.6 || 9.60 6.77 874 1389 | 2.5M
Ours (+aug)* (2.35) | (3.33) | 400 1.58 23.76 || 5.33 | 2.53 28.17 1.33 | 2.26 4.15 1.6 || 9.05 6.46 796 1455 | 2.5M
Ours (+aug +hg)* (2.25) | (3.10) | 4.00 1.76 2236 || 5.22 | 2.62 26.40 1.27 | 2.11 3.89 1.5 || 8.18 6.04 6.67 1572 | 2.5M
Ours (+aug +hg +mf)*T | (2.21) | 3.07) | 3.93 1.67 2234 || 5.20 | 2.56 26.75 1.26 | 2.01 3.79 14 || 7.83 5.67 640 1498 | 2.6M
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