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Action Feature Representation
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Action Sparse Representation
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Sparse code
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Sparse codes
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atgmin [Y-DX/[? st Vi, [x/,ST X
K-SVD [1]

0 Input: signals Y, dictionary size, sparisty T
0 Output: dictionary D, sparse codes X

[1] M. Aharon and M. Elad and A. Bruckstein, K-SVD: An Algorithm for Designing
Overcomplete Dictionries for Sparse Representation, IEEE Trans. on Signal Process, 2006



Objective

Learn a

Cﬂmpﬂ(}t and Discriminative

Dictionary.
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‘ Probabilistic Model for Sparse
Representation

m A Gaussian Process

= Dictionary Class Distribution
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More Views of Sparse Representatign
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A Gaussian Process

« Rl

Yi. Y2 Y3 V4 II_>
ﬂii ilil ol
" il*

s, B~

A Gaussian Process
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* Covariance function entry: K(1,j) = cov(xy;, Xg)

X4 X, X, X,
043 0 0 0
0.63 0 0 0
0 0.64 0 0
0 0.53 0 0
033 -0.40 0 -0.42
L, L L

* P(X 4| Xp+) 1s a Gaussian with a closed-form conditional variance

V(d*|D*) — }C(d*,d*) — }C{(I;i*,D*)

}C_l

(

« p1yKa=,p)



Dictionary Class Distribution ©
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Dictionary Class Distribution

* PL|d), L 1, M]

* agoregate | xy| based on class labels to obtain a M sized vector

* P(L=1,|d.) = (0.33+0.40)/(0.33+0.40+0.42) =
* P(L=1,|d.) = (0+0.42)/(0.33+0.40+0.42) =

0.6348
0.37



Dictionary Learning Approaches &

Maximization of Joint Entropy (ME)

Maximization of Mutual Information (MMI)
0 Unsupervised Learning (MMI-1)
0 Supervised Learning (MMI-2)
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Maximization of Joint Entropy (M

- Initialize dictionary using k-SVD

Do :[E-; o

- Start with D* = ¢
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- Untill | D*| =k, iteratively choose d* from D°\D",

d* = arg max H(d | D"
Where d ,
H(d*|D*) = 2[09(2W6V(d*|D*))

-A good approximation to ME criteria

arg max H(D)
D

ME dictionar
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‘ Maximization of Mutual Information &
)
for Unsupervised Learning (MMI-1)

- Initialize dictionary using k-SVD

El Bl ES EFAFT AS EFada Eda EE R AA RS EaA EE

Ed EJEE ASES AT E A AdA EdEE EEAE EAE 3

Eld EEAEN ETES Ed EAEE B3 E3Ed Ed EE K= B3

QO =— El EEEd ESET El EFES EE EEaEdI EEES Ea E=
— EE EE ESd ESFEd EAEd EIEE ESA ESEd EdAEl ES =
El EZEI EAES EF EEEE EAa EEEE EEEE K& &3

EN ETEd EFES EF EAES ES ESE A A EEEE EE b=

El A Ed EJES EE EFES EESE IS Ed EE ES E& @

- Start with D* = ¢
- Untill | D*| =k, iteratively choose d* from D°\D",

MMI dictionary
d* = arg max H(d|D*) - H(d | D°\(DUd)) [E3 Kd hd k4 K=

d T RTRYRYRY
SR THRTRYRAT

-A near-optimal approximation to MMI criterialidl Kd E& K& ES
acg max I(D; D°\D) Ll
Ed K3 KX K3 KA

Within (1-1/¢) of the optimum EJEIEIEA A
M| §3-K5-K1-K1- 0

THTE & iK1
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Dictionary Class Distribution” "
+ P(L|d), L€ [1,M]
* agoregate | X, | based on class labels to obtain a M sized vector
* P1,|d;) = (0.334+0.40)/(0.33+0.40+0.42) = 0.6348
* P(,|d;) = (0+0.42)/(0.33+0.40+0.42) = 0.37
« P(L) =P(/d)
* P(L,) =P(L/D), where P(LID*) = 151 Xu,en- P(LId:)

A P A
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‘ Maximization of Mutual Information &
g2
for Supervised Learning (MMI-2)

- Initialize dictionary using k-SVD

- Start with D* = ¢
- Untill | D*| =k, iteratively choose d* from D°\D",

d* = arg max [H(d|D") - H(d | D°\ (D" d))]
+ }"[H(Ld | LD*) - H(Ld | LDo\(D*U d))]

- MMI-1 is a special case of MMI-2 with A=0.
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Other learning methods &
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= K-means
= Liu-shah [1]

AI(dla dz): Z p(d@-)p(lei) IOgP(L\dz')
Le[1,M],i=1,2

—p(di)p(L|d;)log p(L|d™)

where

p(L|d*) =

p(Lld1) + B3p(L|ds)

p(d* p(

p(d*) = p(di) + p(d2)

[1] J. Liu and M. Shah, Learning Human Actions via Information Maximization, CVPR 2008



Purity and Compactness &
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Representation Consistency

Known Actions
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Keck gesture dataset )

Turn left Turn right Attention left Attention right Attention both Stop left Stop right

Stop both Flap Start Go back Close distance Speed up Come near
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Dictionary Size |D*| Dictionary Size |D*| Dictionary Size |D*|
(a) Shape (| D°| = 600) (b) Motion (| D°| = 600) (¢) Shape and Motion (| D°| = 1200)

The recognition accuracy using initial dictionary D°: (a) 0.23 (b) 0.42 (c) 0.71
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