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Goal and overview Approach Experiments

* Rel mani lation ion N I Y : state identification Y- 0 o
The problem e atej anipulation actio s.a d object §tates o2, Quantitative results
and discover them automatically from videos.
| | M put remove fill  open fill open  close
ethod : : Average
o Sesasssassss ........-o.........o..o..n....... wheel wheel pot oyster coff.cup fridge fridge
|nput: e A setof Contammg the same A B (a) Chance 0.10 0.11  0.10 0.07 0.06 0.10  0.10 0.09
, ¢ (b) Kmeans 025 012 011 023 014 019 022 | 0.18
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- — !' ’ - discovery  (e) At least one state only 0.43 0.55 046 0.52 0.29 0.43 0.39 0.44
. . . . I s —— - (f) Joint model 0.52 0.59 0.50 045 0.39 0.47 0.47 0.48
OUtpUt: * Precise temporal localization of the action. """"'...".""'l'!l..""""'l."'...". (g) Joint model + det. scores. 047  0.65 050 0.61 044 046 043 0.51
(h) Joint + GT act. feat. 055 056 056 052 046 045 049 | 051
 Spatial and temporal localization of states Z : action assignment A%ﬁ‘,?n Time T (i) Chance 031 020 015 0.1 040 023 017 | 022
' Koth (ii) [5] 024 013 011 0.14 0.26 0.29  0.23 0.20
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State 1 =——> Action —> State 2 Model localization ;. 'y5int model 067 057 048 032 082 057 044 | 055
o ot (v) Joint + GT stat. feat. 072 0.66 044 046 086 055 044 | 0.59
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No temporal labels for object states and actions. Action constraint Z: One time interval is selected (saliency of action). ﬁ .
* Variability in appearance and motion. 22 2

State cost function [1]:

Contributions:

A joint model for object states discovery and actions localization.

An effective non-convex optimization algorithm for learning the
model.

Promising results on a challenging dataset of instructional
videos.

Dataset action/states

e 7 actions, ~20-30s per video,

* Time annotation for actions,

 Track level annotation for states with labels:

* Video extracted from YouTube, Instruction videos [2] and Charades [3].

state 1 |state 2 | false positive | ambiguous

Objects  Actions (#clips) States #Tracklets
wheel {remove (47), put (46)} {attached, detached} 5447
coffee cup {fill (57)} {full, empty} 1819
flower pot {put plant (27)} {full, empty} 2463
fridge {open (234), close (191)} {open, closed} 7968
oyster {open (28)} {open, closed} 1802
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Discriminative loss on data  Regularizer

State constraints y: .

e Ordering constraints: State 1 - State 2,
e At least one constraint.

Joint cost: Action should be in between initial and final state.
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Optimization
minimize f(Z) + g(Y) + d(Z,Y)
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Relaxation:

Joint cost bilinear relaxation:
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A Non convex objective!

* Optimization using Frank-Wolfe [4],

e Use DP as the linear oracle to handle
the constraints,

 Rounding with various techniques.

“Non overlap”: only one object manipulated at a time,

Object states discovery in the wild

Obtain the clip containing manipulation action automatically

from YouTube instructional videos by searching the associated

narration.

Method put remove  fill open fill Ave.
wheel  wheel pot oyster coff.cup
(¢) Cstrs only 0.23 0.34 025 029 0.11 0.24
State  State + det. sc.  0.33 048 028 040 0.13 0.32
'< .>- ” .4» ” “ disc.  (g) Joint 0.38 053 025 043 0.20 0.36
-02¢ H*E_: ' (g) Curated 0.63 0.68 0.63 0.63 0.53 0.62
' / ' (i) Chance 0.14 0.10 0.06 0.10 0.15 0.11
Action (iii) Action 0.05 0.10 0.00 0.15 0.25 0.11
local. (iv) Joint 0.30 0.30 0.20 0.20 0.20 0.24
ut it in position you ’re going to center [theSPareIMEION the! wheel studs that °s what the lug nuts go so go X
ghead andp?io that yhmng 1tgup gyou see it lines are pretty easy then install your lug nuts again c%ockwmg is ugght (iv) Curated 0.53 0.35 032 040 0.59 ‘ 0.44
counterclockwise is loose so we ’ll take them up b; ‘hand as far as they ll go once the ure centered lug nuts are
hand tight take the lug wrench e lugs to their firm not too tlght because
remember your cars up on a j n’t want 1t falhng off with too much leverage of force insert
‘ clockwise again we 're going to lower the vehicle again this will take
'some time but going down a lot easier than gomg up it seems to be going down easy you can just do it like this
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