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Abstract—The modeling of visual attention has gained much
interest during the last few years since it allows to efficiently drive
complex visual processes to particular areas of images or video
frames. Although the literature concerning bottom-up saliency
models is vast, we still lack of generic approaches modeling top-
down task and context-driven visual attention. Indeed, many
top-down models simply modulate the weights associated to
low-level descriptors to learn more accurate representations of
visual attention than those ones of the generic fusion schemes in
bottom-up techniques. In this paper we propose a hierarchical
generic probabilistic framework that decomposes the complex
process of context-driven visual attention into a mixture of latent
subtasks, each of them being in turn modeled as a combination of
specific distributions of low-level descriptors. The inclusion of this
intermediate level bridges the gap between low-level features and
visual attention and enables more comprehensive representations
of the later. Our experiments on a dataset in which videos
are organized by genre demonstrate that, by learning specific
distributions for each video category, we can notably enhance
the system performance.

Index Terms—Top-down visual attention, hierarchical proba-
bilistic framework, context-aware model.

I. INTRODUCTION

The interest of understanding how humans perceive and
react to the great number of visual stimuli in the real world
has motivated to many researchers during the last years. A
region of a scene can draw our attention at the same time as
others are ignored. Observers are generally attracted by the
most informative [1] and surprising [2] regions, and also by
those that, given a task, allow to achieve an objective [3].

The huge amount of visual data available nowadays con-
stitutes an important source of information that requires of
automatic analysis techniques in order to select spatial and
temporal regions of special interest. Visual attention models
have been proposed for that purpose in many different image
and video applications, such as object [4] and action [5]
recognition, video surveillance [6], image retrieval [7], or
video summarization [8].

Two main families of visual attention models can be
distinguished: bottom-up and top-down. On the one hand,
bottom-up (BU) models are mainly based on characteristics of
the visual scene (stimulus-driven) such as color, orientation,
movement or depth. BU attention is fast, involuntary and
mostly feedforward. On the other, top-down (TD) models
(goal-driven) are determined by cognitive phenomena like

knowledge, expectations or goals. In these models, attention
is focused on advanced indications. TD attention, in contrast
to BU, is slower, task-driven, voluntary and closed-loop.

The origin of many of the existing visual attention models
is the Treisman and Gelade’s “Feature Integration Theory”
[9], which introduced relevant features for the perception of
objects. Koch and Ullman [10] designed a model to combine
these features, and defined the concept of Saliency Map (SM)
as a mechanism to model local visual attention driven by the
set of visual stimuli in the scene.

Borji et al. presented a survey on visual attention modeling
in [11]. The first implementation and verification of a BU
model, which uses color, intensity and orientation features,
was performed by Itti et al. [12]. Harel et al. [13] proposed a
saliency algorithm based on graphs, which extracted the same
features at different scales. These two representations are the
most frequently employed due to their good performance in a
lot of situations.

While a large amount of BU models have been developed,
TD methods are still scarce, and generally integrated within
systems particularly tailored to very specific scenarios. In these
cases, only the efficiency of the whole scheme is evaluated.
Moreover, although the prevailing view is that both BU
and TD mechanisms cooperate to guide our attention, few
investigations address this cooperative approach.

To overcome these limitations, we present a hierarchical
probabilistic framework to estimate visual attention in videos,
which can be applied to different scenarios. In our model TD
visual attention is decomposed into mixtures of various latent
sub-tasks that are in turn modeled as combinations of low-
level features. According to each scenario, distinct features
could draw visual attention: e.g. in sports videos, for instance,
motion features will be needed to follow players, while color
or intensity can highlight some objects in video games scenes
or ads. We will show how our approach successfully learns
particularly adapted hierarchical representations of visual at-
tention in various scenarios (video genres in our case), thus
improving the performance of a generic system trained using
all data.

The remainder of this paper is organized as follows: Section
II reviews the related work, focusing mainly on TD ap-
proaches. Section III describes the generative model proposed,
the features extracted and a novel normalization procedure.



Experimental results are gathered in Section IV, and Section
V summarizes our conclusions and outlines further work.

II. RELATED WORK

As mentioned above, despite their importance in the process
of driving visual attention, we still lack of generic TD ap-
proaches. In general, most TD models guide attention towards
specific targets by modulating gains associated with low-level
stimuli. Navalpakkam and Itti [14] optimized the integration
of BU cues for target detection by maximizing the signal-
to-noise ratio of the target vs. background. Elazary and Itti
[15] proposed a more flexible model that can both select the
best features to guide attention and adjust the width of feature
detectors. The evaluation of TD algorithms is often performed
at application level, such as in [16], [17].

Bayesian models are characterized by their capacity to learn
from data, taking advantage of data statistics to model the un-
derlying attention process and allowing to obtain interpretable
relationships between data and visual fixations. Zhang et al.
presented in [18] a probabilistic model that defines saliency as
the pointwise mutual information between BU local features
and TD search target features. Li et al. [19] proposed a
multi-task learning approximation for visual attention in video,
where different ranking functions for fusing BU and TD maps
were learned depending on the scene content.

In contrast to [19], our hierarchical model introduces a
new intermediate level between feature extraction and visual
attention computation stages. This level is defined by means of
latent topics that represent a set of subtasks that contribute to
the complex process of visual attention. Latent topics are not
directly observed but unsupervisedly inferred as combinations
of low-level features. In addition, the top level of our approach
is related to visual attention, which is modeled as a linear
regression over the topic proportions at each spatial location.
The weights associated with the regressor will be trained using
human fixations as training data.

The definition of the model is generic and independent
of the application scenario and can therefore be seamless
adapted to any scenario of application by learning from the
expert/human fixations. Furthermore, rather than directly learn
a predictor of human attention over low-level visual features,
our method provides a hierarchical interpretation of visual
attention, advantageous for further comprehensive analysis.

III. A GENERATIVE MODEL FOR VISUAL ATTENTION

A. Overview

The proposed model relies on the following assumption:
Task-driven visual attention in video can be modeled as a
mixture of several subtasks which, in turn, can be represented
as combinations of low-level spatio-temporal features obtained
from video frames. For example, in a video-surveillance sce-
nario, the visual attention of an operator may be attracted by
various events: objects/people moving extremely fast or with
irregular trajectories, abandoned objects, explosions, crowds,
accesses to restricted areas, etc. Let us note that we do not
aim to detect the final events of interest for an application,

but to efficiently guide the later processing to particular areas
of special importance in the video. Hence, the goal of our
proposal is to automatically identify a set of subtasks that
contribute to the process of visual attention in a particular
context or application and, moreover, to model these subtasks
as combinations of low-level spatio-temporal features. For that
end, we propose a probabilistic Latent Topic Model (LTM)
approach based on the well-known Latent Dirichlet Allocation
(LDA) [20] method and its supervised extension [21].

In our particular context, task-driven visual attention is
modeled as a finite mixture over a set of K topics z
= {z1, z2, ..., zK}, which represent the subtasks contributing
to attention. Then, for a given video frame It, a set of L
low-level visual descriptors f = {f1, f2, ..., fL} is extracted
at each spatial location. The topics are in turn modeled as
combinations of these low-level features. For simplicity, we
will consider conditional independence among features, so
that the joint distribution of features for a particular topic
can be factorized into the individual probability distributions
p(fl|z,Γl), where Γl stands for parameters of the distributions.

The original LDA infers topics in an unsupervised way,
discovering an underlying structure from a collection of doc-
uments. However, as our system aims to learn how humans
guide their attention to some visual stimuli, we will drive our
training step using ground-truth (GT) fixations provided by
different subjects. Since the proposed system aims to learn
how humans guide their attention to some visual stimuli,
it relies on the supervised version of the LDA [21]. The
Supervised Latent Dirichlet Allocation (sLDA) associates a
continuous response variable y with each document, and then
learns a linear model over the latent topics proportions to
predict that variable y. In our approach, as the goal is to predict
a response variable (the visual attention) for each spatial
location x ∈ X in a frame, we will consider an alternative
response variable gx at each location x.

In the next subsections we describe the set of input visual
features extracted and the generative LTM proposed.

B. Feature Extraction and Normalization

The proposed framework naturally incorporates a great
number of diverse features. Depending on their nature, it
is possible to model them using various probability density
functions: e.g. normal, exponential, discrete, etc. In order to
provide a sufficiently rich and valid representation suitable
for a variety of scenarios, 11 low-level features have been
considered.

• Color, Intensity and Orientation maps proposed by Itti
et al. in [12].

• Velocity and Acceleration: for each spatial location x,
we first compute motion vectors using the optical flow
method provided in [22]. Then, the motion magnitude
Mx (using the L2-norm) and its absolute derivative Ax
are computed.

• Coherency-Based Features: coherency features relies on
the distribution of pixel values over space and time to
highlight those regions where dispersion is large and
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Fig. 1. Sample distributions for the feature maps considered. All distributions
p(fl) can be approximated by Gaussians with zero mean and a given standard
deviation σl.

might be more salient for observers. We draw on the
work done in [23], but use the quartile coefficient of
dispersion (QCD) as dispersion statistic, which is com-
puted as QCD = Q3−Q1

Q3+Q1
, being Q1 and Q3 the first

and third quartiles, respectively. Spatial, temporal and
spatio-temporal coherency maps are extracted. In total,
we compute 6 maps: three over the pixel intensity values
and three over the motion magnitude.

Feature Normalization
A normalization step is crucial to generate suitable feature
maps to be properly fused in our probabilistic framework.
Hence, we have designed two types of normalization: a)
statistical feature normalization and b) inter-feature intra-
frame normalization.

Figure 1 shows the sample distributions for the considered
feature maps. Since all distributions p(fl) can be approximated
by Gaussians with zero mean and a given standard deviation
σl, we have developed a Statistical Feature Normalization
(SFN) as follows: first, we approximate each feature distri-
bution by N (0, σ2

l ); second, we normalize it using a multiple
of the standard deviation f̂l = fl

6σl
; finally, we truncate the

maximum value to 1 (which corresponds to 6σl, and covers
the ∼ 99.7 of the data samples).

In addition, we have observed that we often find maps
where very large areas of the frame show high values of
a feature (fl ∼ 1). We know that this behavior does not
correlate well with the idea of visual attention, which cannot
be shared all along the frame. Furthermore, we have also
noticed that these features tend to dominate the inference
process, thus causing a drop of the performance. Consequently,
assuming that visual attention usually focuses on small areas
(the fixations), we have proposed the following inter-feature
intra-frame normalization (IF-IF):

f̂lx =
flx

C exp (γ(
∑X
x=1 flx − 1))

(1)

where γ has been heuristically set to γ = 1e− 4; C has been
computed as C = max(f̂1x, f̂2x...f̂Lx), ensuring that at least
one stimulus l is maximal at one spatial location x (f̂lx = 1
for one x, l). This assumption seems reasonable if we provide
a sufficiently rich and expressive set of features.

C. Proposed Supervised Topic Model
The proposed LTM involves the following generative

process for each frame It in a corpus of videos I =
{I1, I2, ..., IT }:

Fig. 2. Graphical representation of the proposed generative topic model for
visual attention. Shaded circles represent observations from frames, white
circles indicate hidden variables to be inferred, and boxes mean independent
repetitions.

1) Draw corpus global proportions for the K topics using
a Dirichlet distribution: θ|α ∼ Dir(α).

2) For each spatial location x ∈ X in the frame:
a) Draw topic assignment using a multinomial distri-

bution: zx|θ ∼Mult(θ).
b) Represent the local appearance of the spatial loca-

tion x by drawing L visual features using Gaussian
distributions: flx|zx,Γlzx ∼ N(µlzx , σ

2
lzx

).
c) Draw the response variable modeling the visual

attention using a linear regression model:
gx|zx, η, δ2 ∼ N (ηT zx, δ

2).
A graphical representation of the model is shown in Figure

2. Intuitively, the K latent topics represent the subtasks that
contribute to visual attention. Let us note that some of these
subtasks may attract human attention whereas others may
inhibit it. Hence, for each video frame, we first generate a
particular mixture of these topics θ based on the distribution
with the global topic proportions α. Once θ is known, we
analyze the different spatial locations of the frame so, for each
x, we first select a subtask by using the index-variable zx
(zx is K-length vector with a 1 on the location associated
with the selected topic). Based on zx, we draw the local
appearance of the spatial location using the particular feature-
topic distribution flx|zxΓlzx . Finally, we also generate the
attention response gx by computing the linear regression model
over the selected topic.

As in the original sLDA [21], exact inference is not pos-
sible due to the coupling between the variables θ and z,
which prevents from inferring the posterior distribution of
the parameters given the data. Therefore, we propose to use
a simplified variational distribution q (that is tractable) and
mean-field variational inference, so that the Kullback-Leibler
divergence between the variational distribution q and the
posterior distribution is computed. The proposed variational
distribution is as follows:

q(θ, z|γ, φ1:X) = q(θ|γ)
X∏
x=1

q(zx|φx) (2)

that incorporates two new variational parameters: φ, which is
the parameter of a multinomial distribution q(zx|φx), and γ,



the parameter of a Dirichlet distribution q(θ|γ). This optimiza-
tion is equivalent to maximize the lower bound (ELBO) over
the log-likelihood of all the frames in the corpus. In particular,
using Jensen’s inequality, the ELBO of the log-likelihood of
a frame can be expressed as:

log p(f1:X,1:L, g1:X |α,Γ1:L,1:K , η, δ
2) ≥ Eq[log p(θ|α)]

+
X∑
x=1

Eq[log p(zx|θ)] +
X∑
x=1

Eq[log p(fx,1:L|zx,Γ1:L,1:K)]

+
X∑
x=1

Eq[log p(gx|zx, η, δ2)] +H(q) (3)

where Eq[·] and H(·) are, respectively, the expectation over
the variational distribution q and the entropy of a distribution.

The first two terms of Eq. (3) and the entropy of the
variational distribution are identical to the corresponding terms
in the ELBO for unsupervised LDA and are described in [20].
The third term is the expected log probability of the data
given the related topic model parameters. Assuming Gaussian
distributions Γl,1:K ∼ {µl,1:K , σ2

l,1:K} and conditional inde-
pendence between features:

Eq[log p(fx,1:L|zx,Γ1:L,1:K)] = −
K∑
k=1

φxk

L∑
l=1

log(σkl
√

2π)

−
K∑
k=1

φxk

L∑
l=1

(fxl − µkl)2

2σ2
kl

(4)

where φxk is the probability that the location x has been drawn
by the topic k. The fourth term refers to the response variable
gx at location x and is drawn as a linear regression model
over the topic assignment zx with parameters {η, δ2} :

Eq[log p(gx|zx, η, δ2)] = −1

2
log(2πδ2)

− 1

2δ2
(g2x − 2gxη

Tφx + ηT diag(φx)η)
(5)

where φx is the vector of topic proportions φxk in the location
x. Computing the derivatives of the KL divergence with
respect to the parameters and setting them equal to zero,
we obtain the update equations for the variational procedure.
In particular, in the variational E-step we must update the
variational parameters:

φxk ∝
1∏L

l=1 σkl
exp

[
Ψ(γk)−Ψ

 k∑
j=1

γj

+

gxηk
δ2
− η2k

2δ2
−

L∑
l=1

(fxl − µkl)2

2σ2
kl

]
(6)

γk =αk +
X∑
x=1

φxk (7)

Note that we have used the expression Eq[log(p(θk|γ)] =

Ψ(γk)−Ψ
(∑k

j=1 γj

)
, where Ψ(·) is the digamma function.

In the M-step, we maximize the corpus-level ELBO with
respect to the model parameters Γ1:L,1:K , η, δ

2, in order to
compute their optimal values. First, parameters µkl and σ2

kl

are computed for each feature l and topic k:

µkl ∝
T∑
t=1

Xt∑
x=1

φtxkftxkl (8)

σ2
kl ∝

T∑
t=1

Xt∑
x=1

φtxk(ftxkl − µkl)2 (9)

where it is worth noting that we have added the subindex t to
indicate the frame number in the corpus.

Furthermore, during the training step, we use the ground-
truth (GT) response value gtx of all points in the corpus to
learn the parameters of the linear regression model:

ηk ∝
∑T
t=1

∑Xt

x=1 φtxkgtx∑T
t=1

∑Xt

x=1 φtxk
(10)

δ2 =

∑T
t=1

∑Xt

x=1(g2tx − 2gtxη
Tφls + ηT diag(φtx)η)∑T

t=1Xt

(11)

Training and predicting visual attention maps
In the learning phase, we get the optimal values of the
parameters that maximize the ELBO of the log-likelihood. For
that end, spatial locations of frames are non-uniformly sampled
to ensure balanced datasets of salient and non-salient points.
GT values for each spatial location x ∈ X constitute also the
responses gx to be modeled as a linear regression model over
topic proportions.

Furthermore, as the considered feature maps fl have been
designed to be proportional to the final visual attention, we
aim to ensure that our model output grows with the feature
maps (i.e., the larger a feature map the more likely the
location attracts the visual attention). Hence, with the objective
of learning subtasks that either attract or inhibit attention,
we have designed topic-feature distributions as fixed-mean
Gaussians: µkl = 0 and µkl = 1 for those topics inhibiting
or attracting attention, respectively. This approach has led
to superior performance than a model with free mean and
variances.

Finally, once models are trained, in the test phase, attention
is predicted at uniformly spaced locations x in frames. For that
end, we remove all terms relating to the supervision (variable
g) and estimate the visual attention maps using the expected
value of the linear regression over the topic assignments:

E[gx|fx,1:L, α,Γ1:K , η, δ
2] ≈ ηTEq[zx] = ηTφx (12)

IV. EXPERIMENTS

A. Experimental Setup
The well-known freely-accessible CRCNS-ORIG [24] is

used as benchmark dataset. The database contains eye move-
ment recordings from eight distinct subjects watching 50



TABLE I
EVALUATION OF THE DIFFERENT NORMALIZATION STEPS, USING THE

CONTEXT-GENERIC TOPIC APPROACH IN THE CRCNS-ORIG [24]
DATABASE.

Normalization [0, 1] SFN SFN + IF-IF
sAUC 0, 590 0, 593 0, 606

different video clips (over 46,000 video frames, 25 minutes
total, 640× 480). Eye traces have been obtained using a 340
Hz ISCAN RK-464 eye-tracker. Clips include complex video
stimuli that can be divided into seven categories: Outdoor,
Videogames, Commercials, TV News, Sports, Talk Shows and
Others. Eye fixations of at least 4 subjects are provided
for each clip. For every frame, GT visual attention maps
are obtained by convolving fixation density maps with a 2D
Gaussian kernel (σ = 8).

In our experiments we will compare two approaches based
on our probabilistic model: a) a context-generic model trained
using frames belonging to videos in all the categories; and b)
7 context-aware models trained on those videos belonging to
each category or genre. Finally, in order to test the perfor-
mance over every video in the dataset, we have carried out
a 4-fold cross validation procedure, so that at each iteration
some videos were picked for evaluation. It is worth noting that
all the frames of a video are always grouped together in the
same set (train or test) to avoid over-fitting.

Many metrics have been proposed to compare visual at-
tention models [25]. For our experiments, we have selected
Shuffled Area Under Curve (sAUC), which is one of the most
commonly used. In the implementation used to estimate sAUC,
which is detailed in [26], common fixation positions receive
less credit for correct prediction so that center-bias effects of
the spatial distribution of eye fixations are eliminated.

B. Results

Selecting the optimal number of topics
The main parameter in our model is the number K of
subtasks or topics that contribute to model visual attention.
For simplicity, we have used the same number of topics
attracting (µkl = 1) or inhibiting (µkl = 0) visual attention.
We have assessed our proposed context-generic topic model
with respect to this parameter and found that the performance
increases with the number of topics until K = 30, where
it starts to remain more stable. Hence, we have selected an
intermediate value K = 40 for the rest of the experiments.

Evaluation of normalization stages
In order to assess the performance of the normalization
procedures, we have learned and tested our context-generic
topic model with various alternative normalizations. In
this experiment only the 10% of frames from the whole
dataset were used. Results shown in Table I demonstrate that
each proposed normalization helps to improve the system
performance.

TABLE II
SAUC OBTAINED FOR THE PROPOSED CONTEXT-GENERIC AND

CONTEXT-AWARE MODELS IN THE CRCNS-ORIG [24] DATABASE.
RESULTS OF THE WELL-KNOWN GBVS [13] METHOD ARE ALSO

INCLUDED FOR COMPARISON.

Context Size Frames
sAUC

C-Generic C-Aware GBVS [13]

Outdoor 17 8, 357 0, 646 0,669 0, 586

Videogames 9 15, 809 0, 603 0, 603 0,630

Commercials 4 2, 618 0, 574 0, 584 0,588

TV News 7 8, 071 0, 539 0,554 0, 458

Sports 5 4, 851 0,539 0, 537 0, 511

Talk Shows 4 4, 244 0,620 0, 599 0, 537

Others 4 2, 539 0, 644 0,699 0, 691

AVERAGE 50 46, 489 0, 595 0,603 0, 572
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Fig. 3. Visual attention maps obtained for some example frames from
CRCNS-ORIG [24] database. (a) Original frames. (b) GT visual attention
maps. (c) GBVS: Harel et al. [13]. (d) Context-Generic. (e) Context-Aware.

A comparison between generic and context-aware visual at-
tention models
Finally, we evaluate our method on different scenarios, learn-
ing both context-generic and context-aware models for the
whole database and each category, respectively. Results ob-
tained are provided in Table II. As can be seen, the context-
aware models outperform the generic approach in most genres,
which demonstrates that learning specific context-aware rep-
resentations of visual attention over smaller training sets (the
training videos belonging to each category) works better than
generic models over larger datasets (including all video cate-
gories). Best scores are obtained for Outdoor and Videogames
genres, due to the stronger influence assigned to motion-
related features, which strongly help to distinguish moving
objects. It is also noticeable the improvement achieved by the



two alternatives with respect to the well-known GBVS [13],
a reference BU method in the literature. Therefore, we can
conclude saying that learning specific distributions for each
video genre, we can notably enhace the system performance.

V. DISCUSSION

In this paper, we have introduced a novel probabilistic topic
model to estimate top-down visual attention in videos. In
contrast to previous existing TD methods, our model incorpo-
rates a new intermediate level that decomposes the complex
process of context-driven visual attention into a mixture of
latent topics. Those topics represent subtasks that drive the
visual attention and are unsupervisely inferred from data as
combinations of distributions of low-level visual descriptors
extracted from frames. In addition, by learning from human
fixations, our proposal can be adapted to any particular sce-
nario or task.

The experiments conducted in a dataset with videos orga-
nized by genre have shown how our approach successfully
learns specific distributions for each category, thus enhancing
the system performance with respect to a generic model for
visual attention and outperforming a well known reference BU
saliency method. However, it is still necessary to assess its
capability to predict the more interesting task-driven visual at-
tention, demonstrating its usefulness in end-user applications.
For that end, further work will focus on the development of
task-driven video datasets with human fixations to apply this
approach.
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