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We present a method to analyze a relationship between eye movements and saliency dynamics in videos for estimating attentive
states of users while they watch the videos. The multi-mode
saliency-dynamics model (MMSDM) is introduced to segment
spatio-temporal patterns of the saliency dynamics into multiple
sequences of primitive modes underlying the saliency patterns.
The MMSDM enables us to describe the relationship by the local
saliency dynamics around gaze points, which is modeled by a set of
distances between gaze points and salient regions characterized by
the extracted modes. Experimental results show the effectiveness
of the proposed model to classify the attentive states of users by
learning the statistical difference of the local saliency dynamics on
gaze-paths at each level of attentiveness.
CR Categories: H.1.2 [MODELS AND PRINCIPLES]: Information Systems—User/Machine Systems;
Keywords: switching linear dynamical system, saliency map, attentive state estimation
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Figure 1: The multi-mode saliency-dynamics model describes
time-varying patterns of saliency dynamics as multiple sequences
of primitive modes extracted from the dynamics. The local saliency
dynamics around gaze points can be represented by using a set of
distances between the gaze points and salient regions characterized by the modes. We statistically learn the variation of the local
saliency dynamics on gaze scan-paths in order to estimate the attentive states toward videos being looked at.

Introduction

“Eyes are a window into the mind” — eye movements
are often regarded as crucial clues to understand user
states [Just and Carpenter 1976; Calder et al. 2002]. Estimation
techniques of the states such as interests [Brandherm et al. 2007;
Nakano and Ishii 2010;
Hirayama et al. 2010],
attentions [Fletcher and Zelinsky 2009;
Doshi and Trivedi 2010]
or fatigues [Ji et al. 2006] allow machines to perform an intelligent
interaction with humans. Our goal is to estimate users’ attentive
states (e.g., highly attentive to or distracted from the task) from eye
movements while they watch general videos.
Estimation methods of user states often include an analysis of
relationships between eye movements and contents or surrounding environments being looked at. It is because eye movements can be affected not only by the user states but also by
the contents or environments as human information processing
is classiﬁed into two types: a controlled and an automatic processing [Schneider and Shiffrin 1977]. Related work focuses on
“what types of dynamics does the user look at” for the estimation, and they can be classiﬁed based on how to describe features of the eye movements using the properties of gaze-related
objects in the contents or the surrounding environments. For instance, many studies on interactive systems begin the analysis
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by specifying objects being looked at, and then extract unique
features such as the duration or the frequency of gazing targets [Qvarfordt and Zhai 2005; Brandherm et al. 2007], 3-gram sequences of the targets [Nakano and Ishii 2010], or reaction times to
dynamic content updates [Hirayama et al. 2010]. Some studies on
driving assistance systems investigate the correlation between eye
gazes and the environments. They detect speciﬁc objects from the
environments using optical ﬂow [Doshi and Trivedi 2010] or obstacle, sign and pedestrian detection [Fletcher and Zelinsky 2009],
and analyze the relationship between gaze directions and the object
locations to estimate the driver’s attention. Those studies employ
heuristic speciﬁcations for the extraction of gaze-related objects and
their dynamics from the contents or environments.
On the other hand, we aim to estimate user states toward general
videos from eye movements. Eye movements on the videos such
as movies [Goldstein et al. 2007], animations [Munn et al. 2008],
or dynamic natural scenes [Dorr et al. 2010] are complicated due
to the variety of the videos, and existing studies mainly focus on
similarities of the eye movements among subjects. Consequently,
it remains unclear how the eye movements can be correlated with
various dynamics in the videos. General videos usually contain
enormous variety of objects, and the objects have complex dynamics such as appearances and disappearances, motions, shape deformations, temporal texture variations, and temporal variations of visual saliency (i.e., the strength of targets’ attractiveness to users’
bottom-up attention). These dynamics are all expected to affect eye

movements, and modeling of such complex dynamics can be a fundamental approach to estimate the user states toward the videos.
In this paper we propose a method that models the complex dynamics using simpler descriptions and examines “what types of dynamics does the user look at” from eye movements, in order to estimate the attentive states of users toward general videos. The main
contribution is to introduce a novel model called the multi-mode
saliency-dynamics model (MMSDM), which describes dynamics of
multiple visually-salient regions by simpler dynamics referred to as
modes (Figure 1). The MMSDM is a model composed of multiple
switching linear dynamical systems (SLDSs). Since each SLDS
enables us to model the dynamics of a single salient region as the
switching between modes, the MMSDM can capture the overall
saliency dynamics in the videos consisting of multiple salient regions by the set of modes.
The MMSDM can describe the local saliency dynamics around
gaze points by the spatial relationship between the gaze points and
salient regions characterized by modes. We estimate the attentive
state by statistically learning variations of the local saliency dynamics on gaze scan-paths, which is conditioned by several levels of
attentiveness. Namely, the MMSDM provides a framework to classify user’s attentive states based on “what types of local saliency
dynamics does the user look at”.
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Overview of the proposed method

types of dynamics does the user look at”, and thus eye-movement
features can be described by the properties of objects in contents.
From this point of view, S can be described as “the overall saliency
dynamics in videos”, and E as “the types of local saliency dynamics
being looked at”. General videos have complex dynamics including
appearances and disappearances of salient regions at various locations, motions, shape deformations, temporal texture variations or
temporal saliency variations of the regions. Likewise, local saliency
dynamics around gaze points can be also complex because they are
extracted from the overall dynamics. Such complex dynamics require a large number of parameters of S and E, and make it difﬁcult
to learn their probabilistic dependencies.
The MMSDM is introduced to overcome this difﬁculty. Since the
MMSDM describes the overall saliency dynamics as the sequences
of modes (see Section 3 and 4 for details), it provides the descriptions of S and E in much more compact forms. Speciﬁcally, with
regard to the features of saliency dynamics S, a set of modes simultaneously existing in a frame, which we refer to as a scene, is
introduced instead of the complex saliency dynamics themselves.
And with regard to eye-movement features E, a set of distances between gaze points and salient regions characterized by modes of the
scene is employed in order to describe the local saliency dynamics
around the gaze points (see Section 5 for details). Consequently,
the proposed method can handle the probabilistic dependencies between complex dynamics by using simpler descriptions.

2.2 The proposed method
2.1

Problem setting and approach

Assume that general videos such as TV commercials are displayed
on a screen, and a user watches the videos. The user’s eye movements can be observed as a sequence of gaze points on the screen
by using an eye tracker. The attentive state is measured as how
strong users pay attention to the videos; that is, we assume the attentive state can be quantiﬁed into several levels. Attentive-state
estimation is a problem consisting of classifying the levels of attentiveness based on the videos and the observed eye movements.
The basic concept behind the proposed method is that different
gaze scan-paths can be observed depending on the level of attentiveness. Kahneman proposed the attention theory that likens
attention to a limited resource which is allocated to speciﬁc
tasks [Kahneman 1973]. Following this theory, the level of attentiveness can be regarded as the amount of attention resource that
allocates to video-viewing tasks in this study. And thus, we assume
that users watch videos more actively using the attention resource
when they are highly attentive to the videos.
A challenge arises here, since the eye movements can be affected
not only by the level of attentiveness but also saliency dynamics that
attract human gaze in a video as mentioned in Section 1. We therefore assume that the observed eye movements can be conditioned
by both of them. Let S and E be features of saliency dynamics
and those of eye movements respectively, and let A be the level of
attentiveness. When E is statistically learned under the condition
of both S and A, the unknown level of attentiveness Â is estimated
from a newly-observed pair of Ŝ and Ê as follows:
Â

=

arg max P (A | Ŝ, Ê)

=

arg max P (Ê | Ŝ, A)P (A),

The overview of our proposed method is as follows. As shown
in Figure 2(A), we ﬁrst extract salient regions to be looked at,
and their dynamics patterns from videos. We employ the saliency
map [Itti et al. 1998], which is known as a model of the bottom-up
visual attention. The saliency map enables us to detect the salient
regions automatically from the general videos without using speciﬁc heuristics. In order to model the dynamics of salient regions
parametrically, we employ the Gaussian mixture model (GMM)
and parameterize the temporal variations in a sequence of saliency
maps. By tracking the spatio-temporally continuous Gaussian components, we obtain multiple saliency patterns that represent dynamics such as motions, approximate shape deformations and temporal
saliency variations of the regions.
We then learn modes, primitive dynamics that appear in the saliency
patterns, based on the MMSDM (Figure 2(B)). The MMSDM segments all the saliency patterns into sequences of modes.
As a result of the segmentation, the dynamics in a single frame can
be characterized by a scene: a set of modes appeared simultaneously in the frame. The feature of the overall saliency dynamics, S
in Eq. (1), is described by the scene. Besides, the local saliency dynamics around gaze points, E, is described by using the distances
between the gaze points and regions characterized by modes of the
scene. In the learning phase, these distances are learned as distributions under the condition of the scenes and the levels of attentiveness (Figure 2(C)). In the estimation phase, once we newly observe
a pair of videos and eye movements, we ﬁrst identify the scene and
then estimate the attentiveness based on Eq. (1).

3 Extraction of saliency patterns

A

(1)

A

where we assumed that the level of attentiveness A is independent
of the saliency S for simplicity.
This study introduces the descriptions of features S and E. As mentioned in Section 1, the important clue to the estimation is “what

This section introduces the extraction and the parametric representations of saliency-dynamics patterns. We utilize the saliency map
here, a bottom-up computational model of visual attention. The
saliency map typically includes the extraction of low-level visual
features such as intensities, colors, orientations, or motions from
sequential images at multiple scales, the normalization and the in-
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sists of frames with the same number of regions, C (k) . We describe
the saliency dynamics in each interval by a set of saliency patterns
produced by salient regions.
To parameterize the pattern of the regions, we approximate the
saliency maps by the GMM. That is, salient regions are modeled
by Gaussian components and their saliency patterns can be obtained
by tracking spatio-temporally continuous components. This modeling sacriﬁces representation of a detailed contour and texture of
the regions. Instead, the GMM allows us to describe locations, approximate shapes, and the strength of saliencies of the regions by
means, covariances and weights of the components, respectively.
The concrete procedure begins with normalization of the saliency
map ît as a probability distribution on the image (i.e., 2-d plane),
and approximation of the distribution by massive samples. We
then estimate parameters of the GMM based on the expectationmaximization (EM) algorithm. Let us denote the probability distribution of the GMM, which is ﬁtted to ît , as Ψt . The mean, covariance, and weight vector of c-th component in Ψt are respectively
(c)
(c)
(c)
denoted as µt , Σt , and φt . The overall properties of region c
(c)
at frame t is denoted as θ t ∈ R6 (c ∈ {1, . . . , C (k) }, t ∈ I (k) ).
(c)
(c)
(c)
(c)
It can be modeled as θ t = ((µt )T , (σ t )T , φt )T , where
(c)
3
σ t ∈ R consists of the variances and the covariance (i.e., ele(c)
ments of Σt ). By tracking the spatio-temporally continuous components in the interval I (k) , the saliency pattern of the region c is
(c)
(c)
obtained as the vector sequence Θ(k,c) = (θ bk , . . . , θ ek ).
While the convergence of the iterative procedure of the EM algorithm is guaranteed, the results strongly depend on given initial values. We assume that the salient regions change “smoothly” except
for shot changes. And there, for the initial values of the iteration,
we employ the optimized parameters in the previous frame.

mode 1
Distance

Figure 2: Overview of the proposed method.

tegration of the features into a 2D map with a saliency value at each
pixel. We obtain a sequence of saliency maps from a video 1 , i.e.,
a saliency map ît is computed from an input frame it at frame t.
Because videos often contain multiple objects in a frame, the obtained map ît is expected to include several salient regions. These
regions individually include the dynamics such as motions, shape
deformations, temporal texture variations, and temporal saliency
variations. Moreover, the number of regions is time varying;
in other words, regions can appear and disappear at any frame
throughout a single video.
In the following subsections, we ﬁrst model a saliency pattern produced by salient regions in Subsection 3.1, and then introduce the
technique to track the number of regions in Subsection 3.2.

3.2 Tracking the number of components
This subsection introduces the tracking technique of the timevarying number of components so as to segment a video into intervals. In order to determine the number when a video displays
a complex scene and salient regions have ambiguous contours, we
prepare the candidates of GMMs with various numbers of components for each frame, and optimize the time-varying number
of components. Speciﬁcally, we ﬁrst set the minimum and maximum number of components as Cmin and Cmax , respectively.
The GMM distributions and their parameters consisting of each of
{Cmin , . . . , Cmax } components are obtained for every frame. The
number of components is tracked based on the greedy algorithm.
Let us denote the probability distribution of γ-component GMM
Pγ
(c,γ) (c,γ)
(γ)
on the image at frame t as Ψt
=
ψt
(γ ∈
c=1 φt
(c,γ)
(c,γ)
(c,γ)
{Cmin , . . . , Cmax }), where ψt
= N (µt , Σt ) describes
(c,γ)
c-th Gaussian distribution and φt
denotes the weight of the distribution. The estimated number of components at frame t is denoted as Ĉt , and it is derived from the following equation:
Ĉt =

3.1

Modeling saliency patterns using the GMM

Let us ﬁrst assume that the numbers of regions in all the frames
are given. The video can be then segmented into an interval sequence, (I (1) , . . . , I (K) ), where the interval I (k) = [bk , ek ] con1 The implementation of saliency extraction is in MATLAB using the
Saliency Toolbox [Walther and Koch 2006]. The features computed here
include intensities, colors, orientations, and inter-frame motions.

arg max
γ∈{Cmin ,...,Cmax }

{VD (γ)−αVP (γ)+βω(t,t−1) VS (γ, Ĉt−1 )}.
(2)

VD is a data term that measures the similarity between the saliency
(γ)
map ît and the ﬁtted γ-component GMM distribution Ψt by
(γ)
the Bhattacharyya coefﬁcient denoted as VD (γ) = BC (ît , Ψt ),
where we here normalize ît so that it can be treated as a probability
distribution. In order to keep components apart and eliminate the
redundancy of the models, VP is employed as the parameter term.
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Figure 3: Example of time-varying saliency patterns. The 1st row of the ﬁgure depicts some of the saliency maps and the rest of the rows
depict the saliency patterns of salient regions: means (2nd row), covariances (3rd row) and weights (4th row). With regard to means and
covariances, the ﬁgure depicts the 1st principal component of the signals for visualization. The vertical dashed lines describe the frames in
which the number of components changes.

VP evaluates a similarity among components; this term calculates
the minimum distance among components by the maximum Bhattacharyya coefﬁcient as follows:
“
”
(i,γ)
(j,γ)
VP (γ) =
max
BC (ψt , ψt ) .
(3)
i,j∈{1,...,γ},i̸=j

α(> 0) is a scale parameter deﬁned as a ratio between the standard
deviation of VD sequence and that of VP sequence.
VS is a smoothness term described as VS (γ, Ĉt−1 ) = δ(γ, Ĉt−1 )
where δ(i, j) denotes the Kronecker delta. This term is regularized by ω(t−1,t) that measures the similarity between the successive saliency maps by ω(t−1,t) = BC (ît , ît−1 ). The parameter
β(> 0) describes the strength of the regularization. We gradually
increase β from zero as long as we obtain short intervals consisting
of the same number of components. In this paper we set β to make
all the intervals longer than 0.5 sec.
The interval I (k) is obtained with a set ofo saliency patterns
n
Θ(k,c) | k ∈ {1, . . . , K}, c ∈ {1, . . . , C (k) } as a result of the
tracking. Figure 3 depicts an example of the patterns obtained from
a TV commercial. The vertical dashed lines in the ﬁgure describe
the frames in which the number of components changes.

4

4.1

Modeling saliency dynamics based on the
MMSDM
The multi-mode saliency-dynamics model

The modeling of the overall saliency dynamics in videos is required
for the estimation of attentive states as mentioned in Subsection 2.1.
In general videos, multiple salient regions can appear and they can
have a dynamics individually. And thus, the variety of the overall
saliency dynamics can diverge because they are described as the
combination of the dynamics of each region. Since we assume the
eye movements conditioned by the saliency dynamics as Eq. (1), a

simpler description and a smaller variety of the overall dynamics
are essential for learning features of the eye movements.
Although the GMM describes the salient regions with relatively
small number of parameters, the Gaussian components obtained
frame-wisely still have a large variety because they includes parameters of locations as well as shapes and saliencies. On the other
hand, several typical patterns can be found in the saliency patterns
as shown in Figure 3. That is, the classiﬁcation of patterns in a
small interval is expected to lead to a drastic decrease of the variety
of the overall dynamics.
The multi-mode saliency-dynamics model (MMSDM) is a model
to describe the dynamics of multiple salient regions by simpler descriptions, and it is composed of multiple switching linear dynamical systems (SLDSs). The model of SLDS, which
has been widely studied in the ﬁeld of control theory2 , has now
become an efﬁcient tool to represent complex dynamics in human motion [Bregler 1997; Pavlovic et al. 2000; North et al. 2000;
Li et al. 2002]. The SLDS models the complex dynamics as the
switching between simpler dynamics, where each of the time evolutions of simpler dynamics is formulated by a linear dynamical
system. As we introduced in Section 1, we refer to each of these
simpler (i.e., linear) dynamics as a mode. Applying the SLDS to a
single salient region, we can model its complex dynamics (i.e., motions, approximate shape deformations, and temporal saliency variations) as the switching between multiple modes. In the case that
multiple regions exist, multiple SLDSs can be used, where each of
the regions is modeled by a different SLDS. Therefore, once we
successfully model the overall saliency dynamics in a video, the
MMSDM segments saliency patterns comprised in the video into
multiple mode sequences.
Figure 4 depicts an example of multiple mode sequences obtained
from the saliency patterns shown in Figure 3. Note that the number of mode sequences corresponds to that of components, and the
number is estimated using the greedy algorithm in Subsection 3.2.
2 Switching

linear dynamical system is often referred to as the “switched
linear system” in the ﬁeld of control theory.

Component ID in intervals

7

notation < mi , τ >. That is, the segment < mi , τ > corresponds
to a saliency pattern modeled by Di with length τ .

6

As a result, each saliency pattern is segmented into a mode se(k,c)
(k,c)
quence. Let M(k,c) = (M1 , . . . , MN(k,c) ) be a mode sequence
of the saliency pattern Θ(k,c) . M(k,c) is generated by the automaton and it assumes the ﬁrst-order Markov property for the generated intervals and that the adjacent intervals have no temporal gaps
or overlaps. Then, the mode transition process can be modeled
by the conditional probability, P (Mn =< mj , τ >| Mn−1 =<
mi , τp >), where it denotes that the segment < mj , τ > occurs
after the segment < mi , τp >. Since the duration has a large variability in our case, we chose not to model the distribution of segment durations but to model only the transition probability between
modes, i.e., we use P (< mj , τ >|< mi , τp >) = P (mj | mi ).

5
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Figure 4: The mode sequences obtained from saliency patterns
shown in Figure 3. The vertical axis shows component ID
{1, . . . , C (k) } in each interval I (k) , and the vertical position of
rectangles describes the ID of modes. The vertical dashed lines
describe the frames in which the number of components changes.

As a consequence, the mode sequences can newly appear or disappear as we see in Figure 4. In the remaining of this section, we ﬁrst
explain the MMSDM more speciﬁcally, and we then introduce the
learning and segmentation method of MMSDM brieﬂy.

4.2

Modeling saliency dynamics based on the MMSDM

Let us denote a set of linear dynamical systems as D =
{D1 , . . . , DN }. Each system Di models a transition of state vectors, from zt−1 to zt , as follows:
(i)

zt = F (i) zt−1 + g (i) + w t ,

(4)
(i)

where F (i) is a system matrix and g (i) is a bias vector. w t is
(i)
the process noise modeled by a Gaussian distribution N (w t |
(i)
(i)
(i)
0, Q ). That is, each dynamical system Di has F , g and
Q(i) individually. We assume that the systems are fully observable,
i.e., the states correspond to signal variables obtained from data.
(c)

(c)

Our focus is to model a saliency pattern Θ(k,c) = (θ bk , . . . , θ ek )
as a sequence of modes. The pattern includes motions, approximate shape deformations, and temporal saliency variations. Generally, the motion saliency is obtained by the relative changes such
as temporal differences of successive frames [Wildes 1998]. In
an analogous way, the other dynamics are expected to include an
important clue in their relative changes. We so describe a relative pattern of saliency dynamics by modes; zt is deﬁned as
(k,c)
(k,c)
(c)
zt = θ t − Θ̄
(t ∈ [bk , ek ]) where Θ̄
denotes a temporal
(k,c)
average of Θ
in the interval [bk , ek ]. The use of the relative
change also reduces the size of the parameter space.
On the other hand, the mode transitions are modeled by a ﬁnite state
automaton. Let {m1 , ..., mN } be a set of modes that corresponds to
D, where the mode mi corresponds to the linear dynamical system
Di . Since a mode, mi , has a certain duration, let us introduce the

In
the learning phase,
all the saliency
patterns
n
o
(k,c)
(k)
Θ
| k ∈ {1, . . . , K}, c ∈ {1, . . . , C }
obtained
from a large number of videos are used for the training data
to estimate the parameters of the SLDSs. Here, we assume
that all the patterns that appear in videos share the same set
of dynamical systems D in order to employ a large amount
of training data. This reduces the size of the parameter space
signiﬁcantly. However, the number of modes, N , is also unknown;
that is, the parameters to be estimated in the learning phase is:
{F (i) , g (i) , Q(i) | i = 1, . . . , N }, P (mi | mj ) (i, j = 1, . . . , N ),
and N itself. If N is given, then the MMSDM can be learned by
solving the segmentation of the saliency patterns and the parameter
estimation of linear dynamical systems simultaneously. Therefore,
a method of non-hierarchical clustering (e.g., the EM algorithm)
can be applied. However, our problem involves an unknown
number of modes, and moreover, the non-hierarchical clustering
algorithms often strongly dependent on the initial parameters.
Despite these difﬁculties, some algorithms have been developed for
this problem recently. In particular, we employ the method proposed in [Kawashima and Matsuyama 2005]. This method has proposed the use of the model-based hierarchical clustering of linear
dynamical systems that estimate their number of modes and the parameters. Hence, the estimation process is divided into two steps:
a clustering step and a reﬁnement step that reﬁnes all the parameters based on the EM algorithm including the transition probability
P (mi | mj ) (i, j = 1, . . . , N ). In parallel with the parameter
estimation, this method segments all the training data into mode sequences (see [Kawashima and Matsuyama 2005] for the details of
the learning algorithm).

5 Attentive state estimation
5.1 Scenes and local saliency dynamics
Our proposed method aims at the estimation of the attentive state
(i.e., the level of attentiveness) by analyzing a relationship between
eye movements and saliency dynamics in videos. It follows Eq. (1),
and requires both the overall saliency dynamics in videos and local
saliency dynamics around gaze points for S and E, respectively.
For modeling the saliency dynamics, we introduce the MMSDM
and segment the dynamics patterns into multiple mode sequences
as shown in Section 4. This section presents the description of S
and E using the mode sequences.
First of all, Eq. (1) models probabilistic dependencies in
simultaneously-obtained S, E and A. That is, the estimation pro-

cess is conducted within a certain time window. Here, as shown
in Figure 4, modes of saliency dynamics can sometimes change
rapidly. With consideration for such rapid changes, we assume
frame-wise dependencies, i.e., P (Et | St , At ).
How can St and Et be described using the obtained modes? St
describes the overall saliency dynamics, and thus we employ a set
of modes appeared simultaneously in the frame. Let us ﬁrst denote
(c)
a mode of c-th component at frame t in interval I (k) as st ∈
{m1 , . . . , mN }. We refer to St as a scene, and denote it as follows:
n
o
(c)
St = st | c ∈ {1, . . . , C (k) } .
(5)
The possible number of scenes with C components and N modes
can be calculated by a homogenous
product,
„
«
N +C−1
.
N HC =N +C−1 CC =
C
Recall that our framework examines “what types of dynamics does
the user look at”. This speciﬁcally requires not only the types but
also the spatial relationship of saliency dynamics toward the observed eye movements. The modes describe relative patterns of the
saliency dynamics and they do not include the information of the
absolute position of the regions. Thus, regarding the description
of local saliency dynamics Et , we utilize the distances between an
gaze point and salient regions with the modes. Let us describe Et
around an gaze point xt ∈ R2 by a set of distances as follows:
n
o
(c)
Et = ξ(st ) | c ∈ {1, . . . , C (k) } ,
(6)
(c)

where ξ(st ) denotes the distance between xt and the Gaussian
(c)
(c)
component with the mode st . Speciﬁcally, we here deﬁne ξ(st )
as follows:
q
(c)
(c)
(c)
ξ(st ) = (xt − µt )T (xt − µt ),
(7)
where

5.2

(c)
µt

is a mean of the component.

Learning of local saliency dynamics and attentive
state estimation

This subsection introduces a method for learning local saliency dynamics Et . As shown in Eq. (6), Et consists of a set of distances
(c)
{ξ(st )}. We learn the distances conditioned by the scene St (see
Eq. (5)) and the level of attentiveness At ∈ {A1 , . . . , ANA }.
With consideration of a large variety of scenes, we assume the independency of distances among modes, and learn the distances as
(c)
the naive Bayes model. That is, we learn each distance ξ(st )
(c)
as a probability distribution for the corresponding mode st ∈
{m1 , . . . , mN } individually.
Let us denote the probability distribution of the distance ξ(m) to
the component with the mode m, where a set of modes equals to S,
as Pm (ξ(m) | S, A). P (Et | St , At ) is then deﬁned as follows:
Y
(c)
P (Et | St , At ) =
Ps(c) (ξ(st ) | St , At ).
(8)
(c)

st

t

∈St

We collect various scenes with the same set of modes, and apply
the kernel density estimation to the obtained data to estimate the
probability distributions of distances.
Given that a new gaze point is observed under a scene Ŝt , we calculate the local saliency dynamics Êt and estimate the level of attentiveness Ât based on the maximum likelihood estimation:
Ât = arg max P (Êt | Ŝt , A).
A

(9)

In modifying Eq. (1) to Eq. (9), we assume P (A) as a constant and
equal in all the levels of attentiveness while watching each video.

6 Experiments
6.1 Experimental setup
We conducted some experiments and estimated the level of attentiveness. In this experiments, we aimed to discriminate two
levels: high and low, as a relatively-simpliﬁed evaluation (i.e.,
At ∈ {Ahigh , Alow }). 10 subjects took part in the experiments,
and 12 TV commercial videos (15 sec) were employed. The commercial videos are originally designed to attract the visual attention,
and therefore are expected to include some obvious salient regions.
Environment and conditions

A subject sat in front of a screen3 , and an eye tracker 4 was installed below the screen. The eye-tracking accuracy was, on average, around 0.7◦ . The distance between the subject and the screen
was around 1000 mm, and in this settings eye movements could be
observed during experiments.
As mentioned in Subsection 2.1, the level of attentiveness speciﬁes an amount of attention resource allocated to the video-viewing
tasks. We therefore adopt the following two conditions in order to
control the attentiveness in the experiments:
Condition 1 (high level of attentiveness) A subject watches a
video and answers a simple interview after that.
Condition 2 (low level of attentiveness) A subject watches a
video with doing a mental calculation.
For each condition, subjects were asked to orient their gaze to a
screen as far as possible.
In the experiments, the videos are split into two groups, VA (six out
of all the videos) and VB (the other six videos). Subjects watched
all the videos twice by following the procedures below.
• The half of the subjects carried out the tasks as: (1st trial)
VA —Condition 1, VB –Condition 2, and (2nd trial) VB—
Condition 1, VA—Condition 2.
• The other half carried out the tasks as (1st trial) VB
—Condition 1, VA –Condition 2, and (2nd trial) VA—
Condition 1, VB—Condition 2.
Between the trials, subjects took a small break. The order of videos
in video groups was randomized in each of the trials.
Preprocessing and parameters setting

Gaze data was acquired by the eye tracker at 30 Hz. Since we focus
on eye movements on a screen, we do not regard the eye blinks or
eyelid closures in this paper. As preprocessing, we applied a median ﬁlter with 0.5 sec window to the data to suppress spontaneous
noises and to interpolate short defects by eye blinks. We also exclude the remaining defects in the data caused by eyelid closures
from analysis, which constituted 23.6% of the total data.
The minimum and maximum number of components were set to
Cmin = 2 and Cmax = 8, respectively, during the extraction of
saliency patterns from the saliency maps. In addition, the strength
3 MITSUBISHI Diamondcrysta RDT262WH, 25.5 inch, W550
mm/H344 mm.
4 Tobii X60 Eye Tracker. An approximate allowed range of head motion
is 400×220×300mm.

Table 1: Estimation results. Mdur : the baseline method with the
gaze-duration feature, Mcom : the baseline method with the components clustering, and Mpro : the proposed method.
Method
Mdur Mcom Mpro
Accuracy (%)

59.3

68.9

80.6

of regularization for tracking, β in Eq. (2), was determined not to
generate intervals shorter than 0.5 sec. In the learning method described in Subsection 4.3, we employed all of the 12 videos for the
training data, and the number of modes was determined as 7.
Evaluation

120 data for each trial (totally 240 data), which consist of two levels
of attentiveness per each video, were obtained. We applied leaveone-out cross validation (LOOCV) to obtain the estimation accuracy. In order to exclude an order effect on watching of the same
video under the opposite condition, LOOCV is applied to each of
the trials. Namely, each of the validations we remove one of the
120 data to learn local saliency dynamics for all the scenes using
the rest of the data, and test for all the frames in the removed data
to be classiﬁed correctly. Thus, the accuracy is obtained as a ratio
of correctly-classiﬁed frames to all the tested frames.
Two different estimation methods, Mdur and Mcom , were used to
serve as baselines. Mdur utilizes gaze durations toward any salient
regions as a feature. Speciﬁcally, since the salient regions are
modeled as a Gaussian component, we utilize the minimum dis(c)
tance between gaze points and component means, mins(c) ξ(st )
t
in Eq. (7), to judge whether subjects gaze at the regions. The gazeduration feature is obtained as the ratio of intervals where the distances are within a threshold; the threshold was set to 4◦ empirically
with the consideration of the screen size, in a 0.5 sec sliding window. The level of attentiveness is estimated by applying the Fisher’s
discriminant analysis to the features.
The other baseline Mcom veriﬁes the efﬁciency of scene description
by MMSDM. Mcom includes a frame-wise clustering of parameter
(c)
(c)
changes of Gaussian components (θ t − θ t−1 ∈ R6 in Subsection
3.1) by applying GMM. The number of clusters is set to 7, the same
number as that of modes in the proposed method. Mcom follows the
estimation scheme shown in Section 5. That is, the scenes and the
local saliency dynamics in Mcom are described by using a set of
clusters instead of a set of modes.

6.2

Results and discussions

Table 1 shows the accuracy of the estimations, the ratio of correctlyclassiﬁed frames to all the tested frames. The results demonstrate
that the proposed method Mpro can work well even when the baselines have no clear discrimination of the two attentiveness levels.
The comparison of Mdur with Mpro and Mcom shows the effectiveness in handling saliency dynamics when analyzing eye movements. Regarding Mpro and Mcom , the common scheme underlying these methods is to learn eye-movement features (i.e., the local saliency dynamics) conditioned by scenes, and the difference is
how to model the scenes. The proposed method models scenes by a
set of modes. The number of clusters in Mcom is set to the same as
that of the modes for veriﬁcation, and the results indicate that the
proposed method can capture the scenes more efﬁciently.
The scenes in the proposed method have speciﬁc modes that perform effectively/ineffectively for the estimation. Figure 5 depicts

examples of distance distributions as well as saliency maps and
their scenes. Distance distributions from scene (a) show that all
the modes in its scene can contribute the estimation to some extent, however, the distributions from (b) and (c) demonstrate that
the mode 1 and 3 have little difference between the states (i.e., high
and low) and their contribution in the scene is limited. In addition, the scene with modes {1, 3, 3} has no modes that contribute
the estimation as shown by distributions from scene (d). In such
cases, we can “prune” the useless modes from the scene and can
describe the scene more simply. For instance, the scene {1, 3, 4, 5}
can be replaced by the scene {4, 5} with regard to scene (b). This
mode pruning will reduce the number of scenes to be considered,
and provide more training data for some scenes.
Modeling of saliency maps by GMM can describe saliency dynamics such as motions, shape deformations and temporal saliency
variations parametrically. However, this modeling has a side-effect
that the Gaussian components are inescapably ﬁtted to the locations
wherever the strength of saliency is higher than surroundings. As a
result, the intuitive numbers of salient regions do not always agree
with the number of components (the scene from saliency map (c)
for instance). Generally, scenes with a large number of components have a large variety in mode combinations and may cause an
overﬁtting. More accurate estimation of the number of components
is required for the proposed method as well as the mode pruning
mentioned above. Besides, it still remains unclear that which parameters in saliency dynamics contribute the estimation. The speciﬁcation of the contribution of each parameter for analyzing gaze
and attentiveness should be addressed in future work.

7 Conclusion
We propose a method to estimate the attentive states of users while
they watch general videos such as TV commercials. The multimode saliency-dynamics model (MMSDM) is proposed to describe
complex saliency dynamics in videos. Since the MMSDM segments the saliency dynamics into multiple mode sequences, it enables us to describe local saliency dynamics around gaze points efﬁciently with a set of modes. The experimental results demonstrate
that the difference in statistically-learned local saliency dynamics
can be a crucial clue to estimate the level of attentiveness.
This work is in part supported by MEXT
Global COE program “Informatics Education and Research Center for a Knowledge-Circulating Society”.
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