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Abstract. At any given moment, humans eye captures a large amount
of information simultaneously. Among these information, human visual
system is able to select speciﬁc information in which human is interested. In recent years, there have been trials for (system) experimental,
computational and theoretical studies on imitating human visual system, which are commonly referred as sparse coding. When any visual
stimuli are given, human visual system makes a minimal number of neurons activated eﬃciently. It increases the storage capacity in associative
memories. A set of activated neurons and deactivated neurons are called
sparse code and the process to make sparse code is called sparse coding.
In this paper, the eﬀectiveness of the proposed method is demonstrated
for Graz-02 dataset. And visual words were visualized that were relevant to activated neurons as patch-level images and sparse coding. By
displaying active neurons that are represented by visual words, sparse
coding could be a solution to top-down visual object detection.
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Introduction

At any given moment, human’s eye captures a large amount of information
simultaneously. Among these information, human visual system is enable to
select speciﬁc information in which human is interested. A bag of model is similar
method to imitate human visual system[1]. This model consists of codewords
chosen from training samples. This bag of model is enable to classify scenes for
arbitrary view. However, there is limit to target-oriented computer vision that is
reﬂected human internal state such as object detection, segmentation and image
classiﬁcation.
Recently, sparse coding is in the limelight to resolve target-oriented computer
vision task. In recent years, a combination of experimental, computational, and
theoretical studies have pointed that information is represented by a relatively
small number of simultaneously active neurons out of a large population, commonly referred as sparse coding[2]. For instance, assume that there are optic
neurons that corresponds to their own color. When yellow signal comes to visual system, neurons taking charge of red and green signal could be activated.
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But, human visual system gets only one neuron that take charge of yellow signal activated to handle this yellow signal more simply. As any stimuli is given,
human visual system makes minimal neurons activated eﬃciently. It increases
the storage capacity in associative memories. A set of activated neuron and deactivated neuron is called sparse code and the process to make sparse code is
called sparse coding. In sparse coding, dictionary is a kind of function that is
mapping external stimuli to sparse code and in computer vision, dictionary is
called visual words. Sparse code’s sparsity depends on how dictionary is deﬁned.
So, dictionary learning is essential process to represent sparse code eﬃciently.
Jimei Yang et al.[3] tried to ﬁnd top-down visual saliency using joint CRF
and dictionary learning. Conditional random ﬁeld(CRF)[4] is modeled using
sparse code extracted from image patches by SIFT[5] and its corresponding
ground truth label. CRF’s parameter and dictionary is derived by max-margin
approach[6] and gradient descent algorithm[7]. This method showed top-down
object detection is possible via joint CRF and dictionary learning.
In this paper, the eﬀectiveness of the proposed method is demonstrated for
Graz-02 dataset. And visual words were visualized that were relevant to activated
neurons as patch-level images and sparse coding. The rest of this paper is organized as follows: Section 2 reviews related work such as sparse coding(dictionary
learning), CRF and max-margin approach. Section 3 explains how to generate
visual words by using CRF and sparse coding. Section. Experimental results are
presented in section 4, and this paper is concluded with a future research plan
in section 5.

2

Related Work

In this section, related work such as sparse coding, CRF, max-margin classiﬁcation to demonstrate that top-down object detection is described.
2.1

Sparse coding(Dictionary learning)

At any given moment, high-dimensional information is captured by natural sensors: eyes, ears, etc. This information is largely redundant. However, a few information is necessary for human to generate physical process and make decision[8].
There are many dimension reduction methods such as PCA and ICA[9, 10]. The
goal of these methods is to reduce dimension by training given dataset. So, the
number of basis is ﬁxed as generated basis depend on their training dataset.
However, an arbitrary stimuli is given to human, they respond their own way.
Assume that each responce consists of factors and let each factor is basis. Then,
the response could be expressed as linear combination of basis. This concept is
called sensory coding, as ﬁrst outlined by Barlow[11]. It is crucial for eﬃcient
dimensional reduction to select basis in observed data. Dictionary learning is
promising research ﬁeld to select basis eﬃciently and sparsity constraint is key
issue to dictionary learning.
Let us denote the dictionary as D and sparse code as S. Then, a given signal X
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(b) Parts of sparse representation.

Fig. 1. Sparse coding simple example.

is represented as linear combination of a small number of signal[8].

X = Ds =

K
∑

(1)

dk sk

k=1

Assume that input signal X is two dimension vector. In this space, there are
many regions that represent their own features. By calculating Equation 1, there
are many solution S as dictionary D is over-complete. The yellow signal X is
represented as linear combination of features that are in red and green region.
Also, this signal X is represented as feature in yellow region. Latter case is more
sparse so that this signal X could be represented only one basis.
Like above example, there are many solutions to sparse codes to represent arbitrary X. The sparsest solution is usually derived by minimizing cost function[8,
12],
min ∥s∥1

2

subject to ∥x − Ds∥ ≤ ϵ,

(2)

where ∥.∥ denotes the lp norm. As combinatorial l0 -norm minimization is
impractical. L1 -norm, as the closest convex function to l0 -norm minimization is
applied[13]. Equation 2 could be expressed one cost function by adding lagrange
multiplier as
2

s = arg min ∥x − Ds∥ + λ ∥s∥1 ,
s

(3)

where λ is a parameter controlling the sparse penalty. The method to derive
sparsest solution is proven by H. Lee et al.[12].
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(a) General CRF models.

(b) Used CRF models assumed all latent variable i.i.d.
Fig. 2. CRF models.

2.2

CRF

CRF(Conditional Random Field) is an undirected graphical model, or a kind of
markov random ﬁeld. Generally, G = (V, E) is used for describing undirected
graph model. Each vertex in V is indexed as yi in Y. CRF is satisﬁed when each
yi in Y is conditioned by xi in X and all yi obey markov property as
P (yi |x, y\{i} , w) = P (yi |x, yni , w)

(4)

where y\{i} are vertices except yi and w is CRF weight vector for deﬁning probability model. General model is described in Fig 2.(a). But, in this paper, CRF
model is described like Fig 2.(b) by assuming all nodes in X is i.i.d.
In the CRF model, probability could be expressed as
P (Y |X, W ) =

1
exp −E(X, Y, W ),
Z

(5)

where Z is the normalized parameter and E is energy function. Thus, maximizing
a posteriori probability is identical to minimizing the energy function. Energy
function is consist of two energy term such as unary potential and pairwise
potential. Unary potential is a node yi ’s probability conditioned by xi . And
pairwize potential is probability between some nodes yi in Y unrelated to X.
This energy function could be expressed as follows. In this equation, CRF weight
w = [w1 ; w2 ] have to be trained and this is similar to most CRF models[3, 6].

E(X, Y, W ) =

∑

i∈V

ψ(xi , yi , w1 )+

∑

i,j∈E

ψ(yi , yj , w2 ) =

∑

i∈V

−yi w1 xi +

∑

w2 I(yi , yj ),

i,j∈E

(6)
where I(yi , yj ) is one for diﬀerent labels. Like above equation, enery minimization
could be converted to max-margin classiﬁcation by assuming energy function is
linear to weight vector W.
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2.3

5

Max-margin approach

Given arbitrary input vector X and CRF weight vector W, the goal of inference
is ﬁnding maximum a posteriori labeling y* such as Y = arg maxY P (Y |X, W ).
Also, weight vector W have to be found for satisfying
P (Y (n) |X (n) , W ) ≥ P (Y |X (n) , W )

(7)

for all Y not equal to Y (n) all n[3, 6]. This equation could be expressed in term
of energy.
E(Y (n) , X (n) , W ) ≤ E(Y, X (n) , W )

(8)

Given X (n) , energy of Y (n) is called ground truth energy that is always less than
energy of Y except Y (n) . To satisfy these conditions, many constraint equations
are needed. To reduce the number of constraint equation, most violated energy
closest to ground truth enery is chosen. Let us denote most violated energy Ŷ (n) .
Then, constraint equation is expressed as
E(Ŷ (n) , X (n) , W ) − E(Y (n) , X (n) , W ) ≥ γ

(9)

where γ is margin for maximizing. This equation could be converted as

min
w

1
2
∥W ∥
2

subject to E(Ŷ (n) , X (n) , W ) − E(Y n , X (n) , W ) ≥ 1,

for ∀Y ̸= Y (n) by transforming γ =
cost function as

1
∥W ∥ .

(10)

This equation could be converted a

2

F n (D, W ) = λ

∥W ∥
− E(Ŷ (n) , X n , W ) + E(Y n , X n , W )).
2

(11)

where λ represent lagrangian multiplier.

3
3.1

Visual words generation via sparse coding
Model

In this section, the process how visual words are generated is explained using
sparse coding, CRF and max-margin classiﬁcation. Graz-02 dataset is used for
training. In this dataset, each image size is 640 by 480. Each image is divided as
37 by 27 patches that are sampled 64 by 64 pixels by shifting 16 pixels. Feature
vector x could be derived from each patches via SIFT[5]. By dictionary learning,
each feature vector x is converted to sparse code that is corresponded to labeling
yi . By doing this, CRF model is generated like Fig. 3.
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Fig. 3. (a) Procedure for generating CRF model. (b) simplicated CRF model.

3.2

Learning algorithm

Given CRF model like Fig. 3, cost function could be deﬁned as
2

F n (D, W ) = λ

∥W ∥
− ln (D, W )
2

(12)

where ln (D, W ) ≡< W, f (S (n) , Ŷ (n) ) > − < W, f (S (n) , Y (n) ) >. Energy term
could be transformed by inner product between CRF weight vector W and potential function f (S, Y ). To ﬁnd visual words, dictionary D and CRF weight
vector W have to be found for minimizing above cost function. These parameters could be updated by gradient descent method. The gradient descent with
respect to W is
∂F
= λW − f (S (n) , Ŷ (n) ) + f (S (n) , Y (n) ).
(13)
∂W
As the cost function is not explicit function with respect to D, the gradient
with respect to D has to be evaluated by chain rule,
∑ ∂F n T ∂si
∂F n
=
(
)
.
∂D
∂si
∂D

(14)

i∈V

(n)

Gradient F (n) with respect to S is expressed as (yi (n) − ŷi )W . And gradient
si with respect to D is evaluated by using implicit diﬀerentiation on the ﬁxed
point equation[3, ?],
∂ D̃T x ∂ D̃T D̃s̃
∂s̃
= (D̃T D̃)−1 (
−
),
(15)
∂D
∂D
∂D
where symbol tilde means taking only non-zero elements. Using this gradient
descent method, weight W and dictionary D could be derived eﬃcently.
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Experiment results

(a) Bike.

(b) Car.

(c) Person.

Fig. 4. Trained visual words of high frequency.

Dictionary D is trained dependent on targets such as bycicle, car and person
that are in Graz-02 dataset. Among visual words corresponding to non-zero
element with respect to each target, visual words of high frequency are showed
in Fig. 4. Actually, visual words are not images, but feature vectors. However,
patch nearest to visual words is chosen to show visual words as images.
Original image

Saliency map

(a) Bike.

Ground truth

Original image

Saliency map

Ground truth

Original image

(b) Car.

Saliency map

Ground truth

(c) Person.

Fig. 5. Saliency map for each target.

Using trained visual words, an arbitrary image whose target already deﬁned
is expressed as a combination of their own patches representing probabilities in
Fig. 5. And their precision-curve is shown in Fig. 6. In this ﬁgure, baseline is the
result before learning. As seen from Fig. 6, the result shows that sparse coding
could improve the CRF model’s performance more.

5

Conclusion

In this paper, target-driven visual words were displayed via sparse coding, CRF
and max-margin approach. For that, Graz-02 dataset including bicycle, car and
person is used. Using trained parameters by dictionary learning, saliency map
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Fig. 6. Precision-recall curve.

was generated for any arbitrary image. A precision-recall curve was plotted to
evaluate the proposed method and this result showed the performance was improved. Our future work includes generating dataset in accordance with any
circumstance, in particular, indoor environment. Using this generated dataset,
the saliency map will be generated in regard to any targets as well as bike, car
and person. During generating the dataset, RGB-D sensor will be used for constructing 3D saliency map. And this map will be applied to pre-processing for
cleaning-up a messy room using a robot.
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