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Fig.1 Leveraging visual features for action recogni-

tion: Relevant visual features (squares) in-
duced by using the telephone and irrelevant
features (circles) produced by unrelated back-
ground objects.
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Algorithm 1 - 000000000000

1: for every video segment d in corpus d do

2: Initialize histogram vy = 0

3 for every extracted feature x4; do

4 Find the nearest representative point cj to xg;
5 if La(xg4i,Ck) > 0 then

6: Create new representative point c; < xg;

7 Set count of cluster vg; =1

8 else

9 Increment count vgj of nearest cluster cy,
10: end if

11: end for
12: end for
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Fig.2 Bi-modal latent variable model defined by the
latent topic zOspatial features s and temporal

features t.
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Fig.3 Key frames for the corpus Cops with 8 desk-
top actions involving objects.
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O (touch type on keyboard)
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O (beginner on keyboard)

(3) 0DOOODO (dial phone)

(4) 000000000 (fip page)

(5) D0ODO0OOODODOO (skim page)

(6) DODOOOOO (write paper)

(7) 0ooOOOooOo (sift paper)

(8) DOOOOOOO (take cup)
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Fig.4 Examples from corpus Cpg with 9 actions

including 3 different motions and 3 different
background objects. Direction of motion is
shown in white.
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Fig.5 Examples from corpus Cpgop with 8 differ-
ent actions with objects and varied random
background objects for each video segment.
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Table 1 Average posterior probabilities for each ac-
tion category using only temporal features.

Discovered Actions

2 4 5 8 6 1 3 7

Touch-key |0.97|0.01|0.02|0.00|0.00|0.00|0.00|0.00
Begin-key |0.02|0.82|0.05|0.09|0.01|0.01|0.00]|0.00
Dial-phone |0.02|0.00|0.97|0.00|0.00|0.00|0.00|0.00
Flip-page 0.00 | 0.00 | 0.00 {0.53]0.03|0.40 | 0.00 | 0.03
Skim-page |0.00{0.00|0.02|0.00|0.96|0.00|0.00|0.01
Write-paper | 0.01 | 0.48|0.27|0.09 | 0.03 |0.01|0.00|0.11
Sift-paper |0.01{0.01|0.01|0.02|0.00|0.01{0.94|0.00
Take-cup 0.00|0.00|0.03{0.40 | 0.00|0.00|0.00|0.56
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Fig.6 Baseline results: pLSA using only tempo-
ral features for corpus Co g s The horizontal
axes gives the ground truth for each video d
and the discovered action category z[The ver-

tical axis is the posterior probability p(z|d).
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Fig.7 The resulting posterior p(z|d) of corpus Cop
containing 8 different actions.
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Fig.8 The resulting posterior p(z|d) of corpus Cpa

containing 3 motions and 3 backgrounds.
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Fig.9 The resulting posterior p(z|d) of corpus Cgrg
containing 3 motions and 3 backgrounds.
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