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Unsupervised action segmentation
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e Aim: Detect unitary actions in videos
o How do we define what a unitary action is?
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Learning video approximations

e Single video processed at a time (sensitive data: e.g. hospitals)
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Learning video approximations

e Single video processed at a time (sensitive data: e.g. hospitals)
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e Learn pseudo-frames V,, ~ (Q such that they approximate "as close
as possible” the distribution of real frames v; ~ P

T. Nguyen, Z. Chen, and ]. Lee, “Dataset meta-learning from kernel ridgeregression” in ICLR, 2020.
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Metric choice

e "As close as possible” — maximum mean discrepancy (MMD)

Real frames
V; ~ P

Pseudo-frames
Vm ~ Q

Frame distribution space
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Kernel choice

e Catch: up = pg <= P = Q only holds for characteristic kernels
(s.a. exponential family).

e Infinite NTKS (S. Arora et. al., NeurIPS, 2019) are more expressive
than fixed exponential kernels (but not characteristic)
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Kernel choice

e Catch: up = pg <= P = Q only holds for characteristic kernels

(s.a. exponential family).

e Infinite NTKS (S. Arora et. al., NeurIPS, 2019) are more expressive
than fixed exponential kernels (but not characteristic)
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MoF (1) IoU (1) Fi (1)
Gauss 62.1%  46.0% 56.7%
NNGP [48] 67.7%  46.2% 56.6%
NTK [30] 69.1%  42.3% 52.6%
NTK sphere [33] 67.1%  46.6% 57.3%
SNTK [34] ! 62.7%  45.7% 56.5%
GaussxNTK sphere  69.8%  44.6% 55.0%
GaussxNTK (Ours) 70.1% 44.9% 55.3%
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Does it work?

True # actions Random # actions
MoF (1) Boundary acc. (1) MoF (1) Boundary acc. (1)
TW-FINCH 72.5% 64.4% TW-FINCH 60.3% 58.8%
Ours 73.3% 51.2% Ours 60.5% 62.4%

(a) Segmentation with true classes and random number of classes
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(b) True number of segments: 5" video (left) and 35" video (right).
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(c) Random number of segments: more (5" video) and less (35" video).
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Thank you!
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