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Introduction
Representation of Fine-grained Motion

» Optical Flow:

v Dense & Short-term motion displacements between the specific frame pairs.
« Point Tracker (Tracking-Any-Point):

v Sparse & Long-term motion trajectories during the whole frame sequences.

** Above description is for one-step inference result with practicle resource

Dense & Short-term Optical Flow [1] Sparse & Long-term point tracker [2]

[1] Teed Z, Deng J. Raft: Recurrent all-pairs field transforms for optical flow[C]//Computer Vision—ECCV 2020: 16th European Conference, Glasgow, UK, August 23—-28, 2020, Proceedings, Part

I 16. Springer International Publishing, 2020: 402-419. 2
[2] Harley A W, Fang Z, Fragkiadaki K. Particle video revisited: Tracking through occlusions using point trajectories[C]//European Conference on Computer Vision. Cham: Springer Nature
Switzerland, 2022: 59-75.
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Motivation g
Temporal Continuity of Real Motion
Discrete Flow Continuous Parametric Flow
» Description: discrete point correspondence. v Description: continuous point trajectories.
« Concept Limitation: frame-to-frame mapping. v' Concept Expansion: time-to-time mapping.
* Implement Limitation: implicit prediction. v Implement Optimization: parametric constraints

with implicit regression.
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Motivation
Efficiency of Spatial-Temporal Aggegation

O Expectation: dense & long-term motion estimation for a video.

® Optical Flow: step-to-step chain needs additional inference time.

® Point Tracker: single-point centric model needs large memory for image-scale inference. x

v CPFlow: spatially dense & temporally continuous motion prediction for one-step inference.
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Method

Overall Architechture

O Continuous Feature Generation: implicitly construct spatio-temporal representation
binded with candidate moment by Neural ODE with ConvGRU.

O Continuous Parametric Representation: explicitly describe continuous flow trajectory by
cubic B-splines with flexible control points regressed by our model.

O Multi-time Correlation & lIterative Update : effectively connect implicit features with
explicit parameter regression.
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Parametric Model

O Goal: select a powerful & flexible curve to describe continuous flow.

O Comparision:

a. Polynomial Curve: fitting limitation, inflexible, hard to pass through occlusion

b. Bezier Curve: flexible control point, global optimization

C.

O Solution: Clamp Cubic B-spline

N-—1
F(t) =Y Bik(t)P
i= '
B 1 ¢, <t< ti—i—l
Bio(t) = {0 otherwise
t—t, feopaq —1
Bik(t) = ———Bir—1(t) + s Bit1k-1(t).

bivk — 1

tivk+1 — tiv

B-splines Curve: flexible control points, local optimization

L . =

Open

Knots List: Repeated Knots adjust the shape of curve
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Optimization Framework

O Goal: construct a valid end-to-end model to regress the control points for every pixel

O key: insert spatial-temporal feature representation for specific moment

O Solution: Neural ODE & ConvGRU O Supervision

Ng¢

L= sz“ ZHF(@“")—Dgt(tE““’)IIl

b. ConvGRU: aggregation for spatial-temporal information _

a. Neural ODE: temporal continuity in feature space

Neural ODE ODE-ConvGRU Step 1: Initial State Update

h(t) = ODE(f,t, hin(t)) fO.IWGRU \ tsrc — ODE(f, {tS?"C} h( sre )

ODE Solver | Transform ’
- Step 2: Information Aggregation

ODE
- —*| Solver

h(0)
ODE Solver
ODE Unit ODE Unit| ———

»>

153”"C = ConvGRU (h(t57¢), Xtsre)

¥

R Step 3: Final State Output

Xm

T)dT

ODE Solver|«—() f,gt L tgt L ~
= / {n(t")}* = ODE(fy, {#7'}*,h(0)) |
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Experiments
Dataset & Evaluation

O Synthetic Dataset
v’ Alarge-scale synthetic dataset based on Kubric.
v’ Long-term & Dense (>80%) GT Annotations

v Diverse Temporal Scales.

O Evaluation Perspective

Non-sampling Moments
Stagel ( )
o Trajectory Prediction L Stage 1 )
Blind . I . . .
Estimation Visible Sampling Non-sampling prediction with a fixed timescale
Frames Moments
. [ Stage 2 ]
Stage2 Temporal Length Selection _ _ - - -
Generalization test for multiple timescales in
Temporal ;
Adaptation Kubitc  DAVIS Kinectis different dataset
Subsets Subset Subset
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Experiments

Metric & Baseline

O Metrics
v Accuracy ADE = — o z [1F(te) — F*(t)ll2
1 1=
v Smoothness TRMSE = N XX: 7 ;0 | F(ta) — Dge(ta)l|?

O Baselines
« RAFT : optical flow estimator with sub-pixel performance.
 PIPs : recent point-centric tracker with powerful generalization.
B Process: Discrete Mapping + Link
B RAFT : chain adjacent flow with bililnear interpolation & explicit motion assumption.

B PIPs : generate all mapping at sampling moments for batch of pixels & explicit motion assumption.
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Experiments
Comparision Results on Synthetic Dataset

O Kubric Synthetic Dataset

Method Metric ~ Mark Query-Stride set Query-First set
8f  10f  16f  24f  8Ff  10f  16f  24f

ADE vis S 8.18 791 13.00 1443 568 7.18 11.12 17.56
- NS 7.13 6.08 1021 11.31 494 542 847 1391

ADE Occ S, 962 1216 2773 2495 626 8.60 1477 2486
RAFT - NS 879 937 2198 1806 560 643 1072 19.04

ADE All S 832 817 1493 1637 3573 727 1144 1849
- NS 739 637 1237 13.06 5.00 551 875 14.72

TRMSE - 850 7.82 1581 16.66 586 6.77 10.35 16.85

ADE vis S 466 439 877 10.13 312 412 7.81 14,23
- NS 397 340 692 792 297 326 597 10.27

ADE Occ S 713 771 2154 1997 485 7.28 1289 2234 ; 4 Ve 88 ' : L, ' -
PIPs — NS 643 5093 16.83 15.16 423 403 9.31 16.35 (a) Ground Truth (b) RAFT (c) PIPs (d) Ours

ADE All S 474 458 1041 1209 376 493 835 14.68
= NS 413 361 868 986 325 376 642 11.76

TRMSE - 493 449 11.27 13.02 390 472 776 13.70

O Query-Sride: sample from spatial-temporal space

O Query-First: sample from the first frame
ADE vis . 381 38 808 788 28 372 026 12,08

NS 338 311 647 629 251 286 483 973

ADE Occ .S. 624 809 2272 1993 470 686 1134 1961 » Dense Prediction: improve the accuracy &
- NS 565 635 1821 1509 417 504 824 1519 th tor | | el inf

ADE All S, 400 413 989 1031 296 388 671 13.05 SMOOTNNESS Tor large-scale parallel interence.
- NS 360 337 854 866 261 3.02 3526 1064 3 Favourable Performance: outperform baselines

TRMSE - 426 417 1138 1203 312 378 642 1238 thoroughly including moments/visibility/timescales.

ODE-6spline
(Ours)

" S, NS are respectively referred to as the sampling and non-sampling moments.
B . . -
f is an abbreviation of frames.
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Comparision Results on Synthetic Dataset

O Real-World Dataset

Vid-DAVIS [8]

Vid-Kinetics [8]

Method Metric Mark
200 24f  28f  32f  36f  48f  128f 250f
ADE Vis . 1684 1972 1942 2337 1397 1900 3019 3593
SVis NS 1242 1471 1587 1833 1298 1636 2499 30.63
ADE Occ S 1858 2382 2791 3135 1923 2189 3198 39.76
RAFT -Occ NS 1467 1856 2019 2253 1607 1885 2611 33.10
ADE All S 1799 2025 2297 2565 1674 2070 3147 3781
Al NS 1423 1607 1791 1968 1490 1773 25.16 3149
TRMSE - 1691 1895 2128 2381 1662 2451 2750 3423
ADE Vis S 1296 1547 1562 1873 1271 1648 2834 3856
Vi NS 1039 1139 1260 1527 1049 1330 2231 31.08
ADE Occ S 1884 2667 3060 3221 1759 2108 3182 4231
PIPs -Occ NS 1442 2066 2088 2326 1542 1856 2534 3541
ADE All S, 1318 1798 2206 2331 1370 1779 3176 40.59
SALNS 1194 1438 1662 1849 1273 1372 2467 33.90
TRMSE - 1480 17.38 20.66 2279 1251 1582 2860 37.25
ADE Vis 5. 1137 1680 1616 1899 1209 1502 2525 3118
-Vis NS 932 1221 1337 1522 999 1234 2135 27.13
ADE Oce S, 1575 2067 2671 2799 1776 2050 2979 37.12
ODE-6spline ADE-O°¢  Ng 1222 1591 1800 2055 1517 1800 2498 32.00
Ours) T DE al S, 1348 1691 1981 2L16 1248 1582 27.68 34.42
=l NS 1080 1331 1508 1668 1047 1310 2280 2965
TRMSE - 1296 1576 1812 2027 1206 1491 2543 3277

(a) Ground Truth (b) RAFT [12] (c) PIPs [9] (d) Ours

» Long-term Tracking: keep the motion trend
to suppress drift for long-term tracking.

» Generalization Beyond Training Range:

stable tracking with 10% improvement than
baselines for ultra-distance(250f) scene.

11
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Conclusion
An Exploration of Continuous Pixel Motion Estimation

« A novel motion representation based on continuous parametric optical flow fusing with implicit feature
optimization and explicit parametric modelling.

« 1) propose continuous parametric optical flow to provide spatially dense & temporally
continuous pixel displacements simultaneously.

« 2) implicitly and explicitly fusion of continuous information by ODE-ConvGRU & parametric curves
« 3) a new simulated dataset & evaluation framework

« Our work shows that CPFlow is suitable to achieve long-term & continuous tracking for large —
scale pixels built with flexible parametric modelling & implicit feature aggregation.

 Limitation
« 1) parametric model is easy to fail in complex motion scenes

« 2) feature aggregation only rely on part of moments.

12
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