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Method

Introduction

Learning trajectory representation by contrasting and reconstructing

 Formulation: cluster 2D point trajectories by rigid motion (no visual inputs). Feature extraction: f_ Subspace estimation: g, Training and inference
* Background: robust statistical methods + joint optimization, spectral clustering, e Maps a single trajectory to an abstract e Time-dependent parameterized subspace basis e Training: requires fully observed data
sparse subspace clustering — most are either sub-optimal or very slow. representation of generating motion (damped version of cosine) with learnable parameters e Losses: InfoNCE + reconstruction + reconstruction in
e Observation: motion models as low dim. subspaces do not intersect in high e PointNet style . 3 feature space
- . o . Rl (t) = e~ (* 1)) cos(B;t + ;)
dim. trajectory space. We build on this disjoint subspace assumption. e 1D convolutions in temporal domain o Inference: pass through f, + hierarchical clustering
e No spatial pooling e MLP infers basis coefficients
PLANES IN 3D MOTIONS IN HIGH DIM. SPACE
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Method

Evaluating invariances of f_

Uniform occlusions Gaussian pixel noise Tracking failure
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. e Obijective to fill-in missing values:
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e Linear solution for fixed subspace: X* = A(B)X
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dim(S; ® S;) = dim(S;) + dim(S;)

Angle between features, °

e Yields approximate BCD approach, N
: BO — BO’qb(Xvis, t) 5 - - / | -v
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Era— BRI Clustering error on standard datasets Results
K3 b Evaluating completion Results
| | Hopkins155 Hopkins12 KT3DMoSeg
S . | | . . . . Method Mean Median Time Mean Median Mean  Median
i f €R g6 | | Minor corruption Major corruption
CNN P): % :EERMJ)V | : | 1.4 - —— 10% 1.4 - — 50% RANSAC 9.76 3.21 194 ms - - ~ -
feR ' | B | I s N e GPCA 10.34 2.54 417ms - - 34.60 33.95
Basis functions mathIHeShape‘»[ 1 T o\ — 40% Tl 0% MSL 5.03 0.00 19h 11m - - i, _
‘IVA“ > ) ) | | 5 ?%1-0‘ LSA 4.94 0.90 0.47s - - 38.30 38.58
T g mer ] 5 5 0 ALCs 376 0.26 5m 15s  3.81  0.17 2431  19.04
Y IL JI \} . ¢ ALCp 3.37  0.49 6m 11s 1.28  1.07 - -
| InfollCE |« J]' 2 g LRR 5.41 (.53 1.1s - - 33.67 36.01
0.4 - SSC 2.45 0.20 920ms - - 33.88 33.54
> Reconstr. Err. | g RSIM 101 000  176ms  0.68 070 - -
MultiCons 4.40 - 40ms - - - -
Feature Extraction :] Subspace Estimation [: Loss 0.0 : . : ; : 0.0 : o . o
A bl Ours 0.62 0.0 Oms 512 2.04 5.85 0.80
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