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Problems & Ideas

* Problems of existing approaches:

— Two-frame Dependency: Traditional methods require consecutive frames. Consecutive
frames often unavailable in practice.

— Supervised Training Limitation: Existing single-image methods depend heavily on
labeled data. Obtaining labeled optical flow data is expensive and labor-intensive.

— Deterministic Predictions: Current methods produce fixed outputs, unable to model
motion uncertainties.

* |deas: Leverage a training-free diffusion model to generate diverse future

frames from a single image and aggregate flow predictions into a
probabilistic distribution.
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Overview of optical flow distribution prediction: Given an original image (xg), the
optical flow distribution predictor (F) estimates a set of plausible optical flows (I').



Main Contributions

* Contributions:

— New Perspective: reformulate single-image optical flow as predicting a
distribution of plausible motions rather than a single result;

— Training-Free Framework: propose ProbDiffFlow, a diffusion-based
method that requires no task-specific training to generate diverse
motion estimates;

— Strong Empirical Results: Demonstrate effectiveness across synthetic
and real-world datasets, achieving high accuracy and motion diversity.
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Method
EPE(px)| Fl-bg(%)| Flfg@%)| Fl-all%)], AEC)| EPE(px)| Flbg%)| Flfg(®)| Flal(%)] AEC)]

RAFT[1] 7.14 12.15 24.30 21.80 81.85 832 13.42 26.85 24.97 95.35
PWC-Net [2] 8.13 14.28 28.56 25.62 93.17 10.07 15.19 30.38 28.25 1154
RPK-Net [3] 373 10.28 20.56 18.44 4275 6.76 10.82 21.63 20.12 77.47
RAPID-Flow [4] 3.63 991 19.81 17.77 41.60 6.52 10.74 21.48 19.98 74.72
U-Net [5] 10.99 19.35 3871 34.72 115.95 13.58 200 40.0 37.20 115.63
Motion-Blurred [6] 427 11.80 23.58 20.19 4291 7.16 12.40 24.80 20.98 77.69
robDiFlom (O 343 9.64 19.28 17.29 3931 618 10.34 20.69 19.24 70.82

robDiffFlow (Ours) < ¢1q, 2.72% 2.68% 2.70% 550%  521% 3.72% 3.68% 3.79% 5.22%
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EPE(px) | Fl-bg(%)| Fldg@%)| TFlall%)| AEC)| EPE(px)| Fl-bg(%)| Flfe(%)| Fl-all(%)| AEC)|

RAFT[1] 24.04 2211 44.22 28.44 108.92 6.29 13.76 27.52 18.92 72.08
PWC-Net [2] 3276 262 524 33.70 114.43 7.44 1651 33.02 2270 85.26
RPK-Net [3] 16.65 17.94 35.81 23.03 95.29 3.06 11.56 23.13 15.90 45.07
RAPID-Flow [4] 16.80 20.0 39.90 25.72 96.90 3.04 1135 22.69 15.60 44.84
U-Net [5] 43.67 39.77 79.53 51.15 126.33 9.91 21.64 4328 29.75 113.57
Motion-Blurred [6] 17.80 21.27 43.52 28.50 98.50 3.64 12.14 29.30 1631 46.50
ProbDifFiow Ous) 159 17.90 35.79 23.02 82.87 3.02 11.25 225 15.47 44.61

ropTfow (urs 450% 0.22% 0.06% 0.04% 13.03%  0.66% 0.88% 0.84% 0.83% 051%

Quantitative Comparison of Optical Flow Methods: Performance comparison on multiple datasets using
EPE, AE, and F1 metrics — ProbDiffFlow achieves top accuracy and diversity across all benchmarks.



