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A Model of Binding Concepts to Spoken Names

Andrew P. Papliński1, Lennart Gustafsson2, and William M. Mount1

1 Monash University, Australia
Andrew.Paplinski@monash.edu

2 Lule̊a University of Technology,Sweden
Lennart.Gustafsson@ltu.se

Abstract. We present a preliminary model of binding mental objects to their respective spoken names that
aims at mimicking fMRI-tested behaviour. Our model consists of three mutually interconnected association
modules which store mental objects, represent their spoken names and bind these to the mental objects,
respectively. The auditory information is supplied to the unimodal association auditory module from a
sensory or primary auditory module. The mental objects map is created during the learning process by
information from the primary objects module. The information exchanged between modules is reduced to
a 3-dimensional mental ‘label’. It is shown that this highly non-linear dynamic network is able to quickly
reconcile spoken names with congruent and incongruous ‘thoughts’.

Key words: Multimodal integration, cortical modelling, mental binding

1 Introduction

We present a model of one aspect of processing speech as in the human brain concentrating on the fundamen-
tal problem of how our speech related mental activities excite a variety of interconnected cortical areas. The
current functional neuroanatomy model of speech processing known as the dual-stream model is presented in
[1–4]. This model identifies seven general networks of processing speech information [1]: Spectrotemporal
analysis is carried out bilaterally in auditory cortices, while the Phonological network is responsible for
sub-lexical phonological processing and representation. The model then diverges into two broad streams: the
articulatory stream, concerned with speech development and production, includes a Sensorimotor interface
and an Articulatory network; the lexical stream, concerned with auditory and speech recognition, compre-
hension and lexical access, includes the Lexical interface which links phonological to semantic information
and a Combinatorial network, postulated to integrate lexical and articulatory processing. The final network
in the model is the Conceptual network, a widely distributed system with both posterior perceptual and
more anterior cognitive components. All the above networks are asymmetrically located in both hemispheres
and are also bi-directionally interconnected, resulting in a rather complicated overall structure. Facing such a
complexity we choose to model a small section of the cortical speech processing structure, concentrating on
interaction of the phonological, lexical and conceptual networks.

Our model belongs to the class of models using maps that describe, firstly, mapping multidimensional
sensory signals into a low-dimensionality cortical representation. We direct the reader’s attention to [5] for a
discussion on the existence and significance of cortical maps. For a related neurocomputational account of map-
based processing and its role in speech comprehension and production, see also [6, 7]. In this paper we study
the development of activities over time in modules of our simulated network when thought commands about
different mental objects, in this case animals, and their associated spoken names are simultaneously presented.
This perceptual or mental binding task is considered central to speech understanding and generation. This
case is akin to the fMRI-based study of recognition of spoken words representing animals when subjects had
been cross-modally primed for different animals [8]. Although our work has been influenced by many research
findings, we will only refer to those that are closest to our approach. We first state that the use of Kohonen
self-organizing maps [9] in modeling brain activities is a well-established method. A more recent generalization
is the ability to create networks of such maps. Typically, maps and their interconnections are trained using the
Kohonen learning law, normalised Hebbian learning, or a combination of both as in [10–13, 6, 7].

In our approach, which follows from our earlier works on multi-modal integration ([14, 15]) self-organized
modules form low dimensional labels. These labels are used as afferent signals to up-stream modules, and
may represent any type of perceptual, conceptual or lexical ‘features’, consistent with the neurocomputational
modelling efforts of [16].

2 Initial simulation results

The model presented here is based upon an hierarchical network of idealised cortical modules involved in the
binding of spoken words and names to mental objects. A model, in general, implies a degree of simplification and
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abstraction. In this sense, we do not attempt to represent each and every cortical area taking part in perceptual
and semantic processing of animal names, in particular, or higher-level language and cognitive processes, in
general. Rather our aim is to represent processing in a smaller number of modules or maps aggregating the
processes of several cortical areas. Such simplifications allow us to present better how our computational tools
and methods can be useful in studying problems related to mental objects or concepts and their spoken or
written names.

In our simulation experiments we connect four main modules representing four cortical areas, arranged as
shown in Figure 1. These areas store, represent and perform the following functions

– Mental Objects map (MO) which stores mental concepts, i.e., combination of perceptual features, of 30
animals, including a tiger as shown in Figure 1.

– Sensory Auditory map (SA) modelling aspects of primary auditory function.
– Unimodal Association auditory map (UA) which performs sub-lexical processing of auditory information

and projects the spoken names to the bi-modal association map.
– ‘Bimodal’ association map (M+A) where perceivable mental objects and their corresponding spoken names

are lexically bound together

Before we describe technical details of the structure and functions of the simulation network, let us imagine, with
reference to Figure 1, that an fMRI scan has been taken when a human subject has been thinking about and
listening to a spoken name ‘tiger’. Our simulation model consists of only four cortical-like areas that respond

tiger

SA
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UA
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tiger

M+A

 

 

0.8 0.85 0.9 0.95

tiger

MO

 

 

0.8 0.85 0.9 0.95

thought

Fig. 1. Interconnection of four simulated cortical maps: MO – Mental Objects map, M+A – Bimodal association map:
mental objects and auditory names, UA – Unimodal association Auditory map, SA – Sensory Auditory map

to this stimulus. The spoken word excites cortical patches representing the mental object ‘tiger’ in its four
manifestations as shown in Figure 1. Note that there is a feedforward path from low-level sensory area (SA)
through the unimodal association area (UA) to the bimodal binding area (M+A). Similarly a forward pathway
exists from the ‘conceptual’ mental objects area (MO) to M+A. These direct feedforward paths assure that
the binding process is rapid – at least in the case of congruous thoughts and inputs. In the case of incongruity
between the mental object and the spoken word (I think ‘horse’, you say ‘tiger’) a feedback loop is activated
from the M+A area back to the to MO and UA areas. We discuss details and provide examples of activations
of the feedforward and feedback paths in the following sections. We also consider the crucial question of what
information is actually passed between the maps.

3 Modules and Maps

Each module consists of a number of artificial neuronal units randomly located in a circular area. Relative
positions of ‘neurons’ inside the circle are described by the position matrix V. The total number of neurons is
selected in proportion to the number of objects represented by the module and in our case, having 30 objects,
the number of neurons is approximately 30× 30 = 900, which is the number of rows in the weight matrices W
characterizing the synaptic strengths in each module.

Conceptually we have two types of modules: sensory modules and association modules. Sensory modules
operate on a relatively large number of afferent signals and produce a low-dimensionality efferent signal labeling
the sensory object. This label information consists of a three-dimensional vector encoding the relative location
of the excited neuron within a given cortical patch, supplemented by the post-synaptic activity level of this
neuron. Such labels form a universal representation of all information passed between object maps within the
hierarchical model. Association modules, in turn use these labels as their afferent signals and produce efferent
labels encoding positions of activated neuronal patches within these maps. This is a fundamental property of
our model.

In Figure 3, which we will discuss in detail later, we present an example of three maps, namely, Mental
Objects, MO, Unimodal association Auditory, UA, and Bimodal association, U+A maps. In the maps, neuronal
positions are marked with the yellow dots and the map area is tesselated with respect to the peaks of neuronal
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activities for each stimulus. We can recognize the patch for ‘tiger’ and compare it with the activity surface for
the same stimulus in Figure 1. Note that the tessellation pattern depicted in Figure 3 is rather nominal and an
approximation to the specific cortical activity map as in Figure 1.

The objects or spoken names are ‘placed’ in the relevant cortical area during the learning process. Once the
learning is completed, the cortical area responds with an activity pattern characteristic to each stimulus. The
operation of a cortical module is functionally equivalent to mapping the higher dimensionality input space to a
three-dimensional output space.

It is assumed that during normal operation each association module performs a static non-linear mapping
of the form:

yMA = g(xMA) , xMA = [yMO,yUA]

where x and y represent input and output signals, respectively and g(·) describes the Winner-Takes-All function
of WMAxMA.

4 The structure and operations of the network

The modules as described above are connected into the network presented in Figure 2. The top row consists
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Fig. 2. The four-plus-one map network

of three mutually interconnected association modules with the ‘bimodal’ integration module (M+A) binding
mental objects from the MO module to their spoken names from the UA module.

The auditory sensory module SA operates upon a pre-processed representation of the spoken animal names.
The names have been obtained from the Merriam-Webster online dictionary [17]. During pre-processing each
name was converted into 36 mel-cepstral frequency coefficients using the VoiceBox toolbox [18] for MATLAB

[19]. For each waveform we use three windows overlapping by 50% each window producing 12 mel-cepstral
coefficients. The output of the sensory auditory (SA) module is a three-dimensional vector ySA indicating the
relative position of the maximum excitation neuron and its relative postsynaptic strength.

To create the map of mental objects, MO, we first categorize selected animals in the additional primary
objects module, P. During the learning process this module is supplied with a feature vector xP describing the
animals. Following training, the object categorizing module P is disconnected and the signal yP is interpreted
as thought commands used for recalling mental objects stored with the module MO.

Adding feedback to a highly non-linear and complex network is always a challenge. For the bi-modal asso-
ciation module we can write the following formal dynamic equation:

yMA(t + 1) = M(yP(t),ySA(t),yMA(t)) (1)

however this does not help apart from emphasising the recurrent and non-linear nature of the network. Nonethe-
less from the simulation perspective it is pleasing to note that the trained network settles immediately if we
apply known stimuli congruent with the thoughts. In other words, if the labels in the network are known and
congruent, the network quickly converges to a stable state.

In order to improve performance of the network, particularly during the learning phase, we project all n-
dimensional vectors onto a surface of a n+1-dimensional unity hypersphere. Working with unity vectors makes
it easy to compare them by calculating relevant inner products. This allows us to use a simplified dot-product
learning law [9]. The sensory-level maps, P and SA, are trained first, independently of each other, producing
maps similar to that presented in Figure 3. The learning parameters are carefully selected so that learning
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Fig. 3. Incongruent, but similar objects (think ‘cat’, hear ‘dog’). The red line is the trajectory of winners. The starting
and terminal points are marked with ‘�’ and ’*’, respectively. Relative post-synapic strength is measured as cos α

proceeds relatively quickly through the competition and cooperation phases (see [9] for details). After a few
hundred epochs the maps are typically fully developed. The three association modules forming the recurrent
part of the network are then trained together. This time, after each learning step we perform several relaxation
steps running the network as in eqn (1), until all efferent signals in the network are constant. There is a limit
on the number of iterations imposed that is important in the initial learning stages. Once the maps are fully
developed, the network stabilizes quickly after a small number of iterations depending on congruence between
the thoughts and auditory inputs.

5 Simulating incongruent thoughts and names

Now we can conduct number of tests exposing the network to congruent, noisy and incongruent stimuli. When
we apply auditory sensory inputs congruent with internal ‘thoughts’ the network quickly activates corresponding
patches across cortical areas as in Figure 1. In our previous works we tested responses of similar networks [14, 15]
to congruent, but noisy stimuli (phonemes and letters). Here we present the results for incongruent ‘thoughts’
and objects’ spoken names. In general we have identified three basic types of behaviour depending on the level
of similarities between the incongruent objects and related thoughts.

First we consider the situation when the objects are similar, but names are dissimilar e.g. think ‘cat’, hear
‘dog’. The results of such simulation are presented in Figure 3. In this simulation only three association modules:
MO, UA and M+A, which are interconnected by the feedback loop (see Figure 2) actively participate. At the
starting point, the MO module thinks ‘cat’, whereas the auditory unimodal association module UA hears the
word ‘dog’. The bimodal association map, M+A is arbitrarily initialized with a mental object ‘cat’. This initial
state is marked on three maps in Figure 3 with the ‘�’. Since these positions have been learned during the
training procedure, the relative post-synaptic strengths are initially at their maximum value, as seen in the plot
in Figure 3.

Due to the corrective feedback through the network, the perceptual strengths at each of the maps varies
from the initial points, but after just five steps, settles to a stable pattern of activity. The MO and M+A maps
confabulates from their initial ‘cat’ position to a position in the ‘dog’ area, with a post-synaptic strength that
indicates that the level of confidence has been reduced (see the plot in Figure 3) because the thought ‘cat’
is still being supplied. Similarly, the auditory UA map shifts its response from the original ‘dog’ positions to
modified positions within the same patch, showing slightly reduced confidence levels. This is a good result in
two respects, processing speed and correctness; the maps quickly negotiate the initial confusion and select a
sensible, “predominantly ‘dog’ ” solution.

The space limitation allows for only a brief description of two other types of results. Consider now the
think ‘frog’, hear ‘dog’ situation when the objects are dissimilar but the names are acoustically similar. In this
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case the network quickly settles to a solution when the thought prevails: the UA map moves from the initial
‘dog’ position into the ‘frog’ area. Finally, when both, objects and names are dissimilar, the maps can oscillate
between two positions until the thought is changed to coincide with the name.

We hope that the above examples clearly demonstrate the power of presented simulation model.

Conclusion

We presented a model for binding spoken names to mental objects and provide preliminary results to demonstrate
how this can potentially emulate several realistic cognitive behaviours related to speech and language processing.
These include the virtual immediacy by which object names are perceptually bound to perceivable objects during
typical human activities such as reading and listening, cognitive delays typically experienced when resolving
conflicts with partially incongruous, or perhaps misheard auditory information and even the rivalrous sequences
of perception or oscillating mental activity that can result when exogenous stimuli (evidence of the senses)
contradict endogenous patterns of thought.

In the interest of maintaining structural simplicity of the model, several assumptions have been made and
in the case of the mental objects map, the distinction between perceptual modalities, conceptual categories
and semantic relationships have been somewhat blurred. This simplification has distinct advantages in terms of
computational efficiency, allowing conceptual information to be encoded as arbitrary lists of features and object
qualities. In a more comprehensive and biologically realistic model, the auxiliary ‘P’ module could be divided
into specific sensory modalities or sub-modalities, used to represent visual, tactile, spatial or other modally-
grounded perceptual features applicable to mental object categories (such as animals). The representation of
the mental objects would then involve a multi-modal integration of such features and lexical binding of these
to their associated written or spoken names.
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14. Chou, S., Papliński, A.P., Gustafsson, L.: Speaker-dependent bimodal integration of Chinese phonemes and letters
using multimodal self-organizing networks. In: Proc. Int. Joint Conf. Neural Networks, Orlando, Florida (2007)
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Abstract. Towards hardware implementation of real-time visual image processing, we propose a region-
based coupled Markov Random Field (MRF) model with phases as hidden variables for coarse image region
segmentation tasks. In general, two types of coupled MRF models, boundary-based and region-based, are
known according to their hidden variables that play a crucial role for detecting discontinuities in intensity,
color, depth and motion in image scenes. A region-based coupled MRF model with phases as hidden
variables has been proposed for image restoration task. For coarse region image segmentation tasks, we
customize the previous model in view of efficient hardware implementation. Our model has an advantage
over the resistive-fuse network, which is a boundary-based coupled MRF model, in dealing with the hidden
variables explicitly. Consequently, our model can extract closed regions from given images by phases as
labels at different timing and act as a spatial-temporal nonlinear filter.

Key words: Coupled MRF Model, Boundary-based and Region-based Models, Hidden Phase Variables,
Coarse Region Image Segmentation, Spatial Temporal Filter, Hardware Implementation

1 Introduction

Great advances in computational theory support practical algorithms and hardware implementation for visual
image processing [1–3]. Coupled Markov Random Field (MRF) models have been proposed as a model for
detecting discontinuities in intensity, color, depth and motion in visual scenes [4–15]. In coupled MRF models,
the discontinuities are represented by hidden state variables that are not explicitly included in visual images
but necessary for 3D reconstruction from 2D images. According to the effects of hidden variables, coupled
MRF models are divided into two classes: boundary-based and region-based models [5]. In these models, hidden
variables that determine the interaction between units corresponding to image pixels are referred to as a line
process and a label process, respectively [5, 8].

In a coarse image region segmentation task, the region-based models have an advantage in dealing with
the hidden variables explicitly as compared to the boundary-based models. Even if an input image contains a
gradual slope, the region-based model can extract a closed region from the input image by hidden variables
referred to as a label process. However, the conventional region-based models have a problem that solutions
obtained from the gradient descending method are often trapped in local minima because the hidden variables
can take only two discrete states. In order to solve this problem, a region-based coupled MRF model with
continuous hidden phase variables has been proposed [8]. It is shown numerically that the neutral stability of
the phases settles a steady state at the global minimum [8].

In previous works, the region-based coupled MRF model with continuous phase variables has been proven
to demonstrate good performance in image restoration task [8, 9]. In contrast, the model has a difficulty in
optimizing parameters that control the balance between image segmentation and smoothing in applications to
coarse image region segmentation tasks. In our previous work, we improved the region-based model in terms of
parameter setting for efficient hardware implementation [16, 17]. However, the meaning of these models is still
unclear because of their piecewise binary approximation [16, 17].

In the present work, we propose a novel region-based coupled MRF model with phase dynamics for coarse
image region segmentation towards practical hardware implementation. We introduce nonlinear functions into
the previous model to be tractable in terms of parameters that control balance between image segmentation and
smoothing. We compare the performance and characteristics of the proposed model with those of a resistive-
fuse network, which is one of boundary-based coupled MRF models. We show that our model provides better
performance than the resistive-fuse network in coarse image region segmentation tasks. We further demonstrate
that our model can extract closed regions from given images by phases as labels at different timing of iterative
calculation.

This paper is organized as follows. Section 2 describes the boundary-based and region-based coupled MRF
models. In this section, we will propose a novel cost function of a region-based coupled MRF model with phase
dynamics. Section 3 describes the performance of the proposed model in coarse image region segmentation as
compared to the resistive-fuse network. Finally, we will make a summary and conclude the present work in the
last section.
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Fig. 1. Nonlinear characteristics of the resistive-fuse network: (a) J(V ) and (b) I = G(V ) that represents the current-
voltage relationship through the nonlinear conductance known as the resistive-fuse.

2 Boundary- and Region-based Coupled MRF Models

Let us compare the characteristics of boundary- and region-based coupled MRF models in applications to coarse
region image segmentation. We here consider the 1D cases for simplicity in explanation.

2.1 Resistive-fuse network: a boundary-based coupled MRF model

Boundary-based coupled MRF models have been proposed for edge preserving image reconstruction [4, 6]. The
cost function of the boundary-based models is defined as follows:

E(f, l|d) =
η

2

∑

i

(fi−di)2 + λ
∑

i

∑

j

(fi−fj)2(1− lij) + γ
∑

i

∑

j

V (lij) (1)

where fi is the state value at the i-th node referred to as the intensity process, di is the input value at the
i-th node, and lij the hidden variable referred to as a line process, which determines interaction between i-th
and j-th nodes. The first term forces fi to be close to di, and the second term determines the strength of the
interaction between two neighborhood nodes. The third term is constraint with respect to the hidden variables.
The simplest constraint and the necessary condition to minimize the cost function are given by:

V (lij) = lij , lij =

{
1 if fi − fj >

√
γ/λ

0 otherwise
(2)

where η, γ, and λ are the scale parameters that determine the balance between three terms of the cost function.
In this case, the line process is binary, and the cost function is same as that of the weak membrane [6]. For
continuation of the line process, the binary line process can be integrated out by introducing parameter T [11],
leading to the cost function closely related to that of the resistive-fuse network defined as follows [10]:

E(f |d) =
η

2

∑

i

(fi − di)2 +
∑

i

∑

j

∫ ∆f

0

G(V )dV (3)

with

G(∆f) = [1− lij(∆f)]∆f, lij(∆f) =
1

1 + exp{−(λ∆f2 − γ)/T} (4)

where ∆f = fi − fj is the intensity difference. The function G(·) represents the nonlinear voltage-current
characteristics of the resistive fuse element (Fig. 1), and lij the continuous line process. The parameter T
represents the temperature for simulated annealing in order to converge a state at the global minimum to
minimize the cost function shown in (3). The resistive fuse acts as a fuse over a certain threshold Q, which is
equals to the gradient limit

√
γ/λ as the scale parameter η = 1. The resistive-fuse network cannot deal with

hidden variables explicitly.
The gradient descending algorithm of the resistive-fuse network has been implemented on silicon platforms

for detecting discontinues [10–14] and for coarse region segmentation in image [15]. The discretized algorithm
using the Euler method is represented as follows:

fi(t + 1) = fi(t) + hf

[
1
2

∑

j

G(∆f)− η(fi − di)
]

(5)

where hf is the time constant that corresponds to the time step for each iterative calculation.

7

Volume 11, No. 2 Australian Journal of Intelligent Information Processing Systems



Fig. 2. Nonlinear characteristics of the proposed model. (a) H(V ) and (b) ∂H(V )
∂V

that corresponds to the current through
the nonlinear conductance.

2.2 Region-based coupled MRF models with phase dynamics

The cost function of a region-based MRF model with phases as hidden variables is represented as follows [8]:

E(f, φ|d) =
η

2

∑

i

(fi−di)2 +
λ

4

∑

i

∑

j

{1+cos(∆φ)}(∆f)2− J

2

∑

i

cos(∆φ) (6)

where φi is the phase as continuous hidden variable referred to as a label process, ∆φ = φi − φj the phase
difference, and η, λ and J the scale parameters. In this model, the phases are introduced to settle a steady
state at the global minimum by means of the neutral stability of the phases [8]. The first term forces fi to be
close to di. The second term smooths the gradient between fi and fj according to the difference between the
corresponding phases. The phase φi interacts with neighborhood phases and the corresponding state fi. The
third term is the constraint with respect to the phases.

The discretized gradient descending algorithm for the cost function (6) is represented as follows:

fi(t + 1) = fi(t) + εf

[
λ

{
1 + cos(∆φ)

2

}
∆f − η(fi − di)

]
(7)

φi(t + 1) = φi(t)− εφ

[
1
2

{
J − λ

2
(∆f)2

}
sin(∆φ)

]
(8)

where εf and εp are the time constant. In this model, it is difficult to optimize parameters λ and J that
determine the balance between image segmentation and smoothing because the coefficient of the second term
in (6) includes a quadratic function of ∆f with infinite range.

We introduce the nonlinear functions into the cost function (6) to be tractable to tune the parameters that
control the balance between image segmentation and smoothing. The cost function of the improved model is as
follows:

E(f, φ|d) =
η

2

∑

i

(fi−di)2+
λ

4

∑

i

∑

j

{1+cos(∆φ)}H(∆f)− J

2

∑

i

cos(∆φ) (9)

with

H(∆f) = {1− cos(∆f/σ) exp(−∆f2/σ2)}/β (10)

where H(·) represents the nonlinear function and the partial derivative of the function with respect to the
voltage ∂H(V )

∂V corresponds to the current through the nonlinear conductance (Fig. 2). Parameter σ tunes the
resolution and controls the balance between image segmentation and smoothing. The parameter β normalizes
the nonlinear functions. The nonlinearity of the function (10) is introduced to restrict the second term of the
cost function within a finite range. It should be noted that the nonlinear characteristics of the proposed model
(Fig. 2) are qualitatively similar to those of the resistive-fuse network (Fig. 1).

We further replace the phase variables φi with φi +ωt for averaging the phase variables so that steady states
become periodic. This transformation causes stable phase-locked patterns of the phase variables and suppresses
small oscillation of the phase variables. The angular velocity ω determines the period of the phase-locked
oscillation.
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Fig. 3. 1D simulation results. Parameter σ tunes the resolution that determines the balance between image segmentation
(right side: σ = 0.1) and smoothing (left side: σ = 0.05).

3 Results

We numerically compare the performance and characteristics of the proposed region-based model and the
resistive-fuse network as a boundary-based model.

3.1 1D simulations: Geometric figure

We verified the effect of resolution tuned by parameter σ in coarse image region segmentation. We set a geometric
figure as input image. As an initial condition, we normalized each initial state di within [0, 1] and set each initial
phase φi at πdi. We set the scale parameters as η = 0.01, J = 1, and λ = 2, the normalize parameter as β = 0.5,
and the time constants as εf = 0.001 and εφ = 0.01π, and the angular velocity ω = 0.25.

When parameter σ was large (σ = 0.1), the resolution became low, and a small region in the geometric figure
was smoothed in both the intensity and label (phase) processes (Fig. 3 left). In contrast, when parameter σ was
small (σ = 0.05), the resolution became high, and the edges of the small region were preserved (Fig. 3 right).
The results show that the parameter σ can control the balance between image segmentation and smoothing.

3.2 2D simulations: Gray scale pictures

We compare the performance of the resistive-fuse network as a boundary-based model and the proposed model
as a region-based model in coarse region image segmentation tasks. We used natural pictures as an input image
and converted color into gray scale in the pictures as preprocessing. The initial conditions were set in the same
way as in the 1D simulations.

We firstly measured the state values {fij} of the intensity process at a steady state. We set η = 0.02, λ = 1,
γ = 0.01 and hf = 0.05 for the resistive-fuse network and η = 0.01, J = 1, λ = 2, β = 0.25, σ = 0.04,
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boundary-based region-based

input image

boundary-based region-based

input image
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input image

Fig. 4. 2D simulation results. Comparison between the resistive-fuse network and the proposed region-based coupled
MRF models in coarse image region segmentation.

εf = 0.001, εφ = 0.01π, and ω = 0.25 for the proposed model. For the resistive-fuse network as shown in Fig.
4 (left side), high spatial-frequency components except edges were smoothed, however, low spatial-frequency
components were still remained. The resistive-fuse network can act as a spatial low-pass filter with a narrow
frequency range in closed regions. In contrast, for the proposed model as shown in Fig. 4 (right side), both
high and low spatial-frequency components were smoothed in closed regions. The proposed model can act as a
smoothing filter with a wide frequency range in closed regions.

We further measured the phase values {φij} of the label process in the proposed model. Closed regions can
be extracted from given images by the phases as labels at different timing in the iterative calculation, as shown
in Fig. 5. The steady states of the phases are periodic, and therefore static images are converted into dynamic
patterns of phase-locked oscillation of phase variables. As a result, we can represent coarse image regions in
spatio-temporal domain. The proposed model can act as a spatial-temporal filter with edge preserving function.

4 Conclusion

In this paper, we have proposed a region-based coupled MRF model with phase dynamics for coarse image
region segmentation. We introduced nonlinear functions into the previous model to be tractable to tune scale
parameters that determine the balance between image segmentation and smoothing. Our model has an advan-
tage over the resistive-fuse network in dealing with the hidden variables explicitly in a coarse image region
segmentation task. In fact, our model can extract closed regions from given images by phases at different timing
in iterative calculation. This means that our model can act as an edge preserving spatial-temporal filter.

The nonlinear functions introduced in our model are qualitatively similar to those in the resistive-fuse
network, and such nonlinear functions can be implemented as analog, digital and mixed/merged circuits. This
facilitates practical and efficient implementation of the region-based coupled MRF models with phase dynamics
on silicon platforms as in our related work. We will further consider possible nonlinear measures for the cost
function and their validity and meaning in the information theory as our future work.
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Abstract. This study addresses how animals select the right strategies for  motor sequence learning without any 
prior knowledge of correct sequence or task constraints. We developed a motor sequence learning task in which rats 
learn to press levers on the walls of an octagonal operant chamber in an unknown from intracranial self-stimulation 
reward only after the completion of the entire sequence. One rat could learn three-step sequence among four levers 
with more than 80% accuracy after 2000 episodes during 20 hours of training. We observed non-monotonic changes 
in their lever press sequence features. Correlation analysis between the motor sequences of rats and those from 
reinforcement learning simulations by the Q-learning algorithm with different length of memory indicated that the 
state variables and learning parameters changed with the progress of learning. These results suggest that rats can 
flexibly choose appropriate learning methods and parameters in accordance with learning progress. 

Keywords: rat, sequence learning, reinforcement learning 

1   Introduction 

Animals and humans have remarkable capability of learning novel behaviors without any prior knowledge of task 
requirements, such as the relevant sensory cues and the length of the motor sequence to achieve a goal. In order to cope 
with the uncertainty of task-relevant states in partially observable Markov decision processes (POMDP), reinforcement 
learning theory prescribes a number of solutions, such as using eligibility traces or augmented state vector by the 
sequence of past observations and actions [1,2,3,4], However, how to choose the right eligibility parameter and the state 
vector length remains an open issue. Here we analyze rats’ whole learning history in learning an unknown lever press 
sequence and try to get an insight of how animals choose the right strategies for sequence learning. Our hypothesis is 
that animals start from the restricted memory space and gradually increase the memory span as it turns out to be 
necessary. 
To test this hypothesis, we developed a new motor sequence learning task in which a rat learns to press levers in an 

unknown sequence from intracranial self-stimulation reward only after completion of the entire sequence. A distinctive 
feature of this task is that the rat has to find out the right sequence purely by exploration without any instruction cues or 
the knowledge of the correct sequence length. After analysis of the statistical features of the rats’ action sequence in 
different stages of learning, we tested a number of reinforcement learning algorithms for the same task to see any 
similarity in the behaviors. The result revealed that the rats indeed took different  learning strategies in different stages 
of learning. 

2   Methods 

Animals and Surgery 
We used male Long-Evans rats (n=2 rats, 280-330g body weight, more than 10weeks old) housed individually under a 
reversed light/dark cycle (turn on at 8:00 p.m. and off at 8:00 a.m.). All experiments were conducted during the dark 
phase. Food was provided after training not to fall below 80% of the weight when rats could feed freely. 

Rats were anesthetized with pentobarbital sodium (5mg/kg, i.p.) and isoflurane (1.7-2.3% at 350-400ml airflow) and 
were immobilized in a stereotaxic instrument. After the skull was exposed and holes were drilled, two bipolar electrodes 
were implanted chronically into the medial forebrain bundle (MFB) in both hemispheres (AP:2.5, L:±1.5, V:-8.5 mm) 
for Intracranial self-stimulation (ICSS). All surgical and experimental procedures were approved by the Animal 
Research Committee of Okinawa Institute of Science and Technology. 
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Fig. 1. Apparatus and task procedure. (a) Octagonal operant chamber has 7 inch LCDs for land marks and stainless retractable levers 
for response. The 46-cm-high walls face to another one with 50 cm distance. (b) The reward was provided after completion of the 
entire sequence. The figure shows an example that the correct sequence was 6-8-7. All the motor sequence learning was created by a 
truly free act of rats without any instruction cue but only with starting eject and ending retract of candidate levers. One session was 
less than 1.5 hours with 10 minutes break. Total time of the daily sessions was regulated within 5 hours. 

Apparatus and Experimental protocol 
For our behavioral task, we used a custom made octagonal operant chamber (OHARA Co., Ltd.) with 7 inch LCDs and 
stainless retractable levers on every eight walls respectively. This chamber was placed in a noise reduction box for 
controlling noise and illuminance level. The distance between face-to-face walls was 50 cm which was three times 
longer than rat’s body. The height of the walls was 46 cm which was high enough for protecting escaping risk of rats 
(Fig.1a).  

In this study, the rat learns to press levers on the walls in a pre-determined sequence. In order to increase the chance 
of getting reward and to keep up the motivation of rats, we introduced the rule that the sequence with unnecessary 
pressing was also rewarded. For example, if the rat made the lever pressing of 6-7-8-7, reward was also provided where 
the correct sequence was 6-8-7 (Fig.1b).  

We used LCDs only for land marks with eight colors. But we did not show any instruction cues on them. All the 
reward was provided after completion of the entire sequence. Therefore, rats have to find out the right sequence purely 
by exploration without any instruction cues, any proximity indicator of steps to reward, and the knowledge of the 
correct sequence length.  

We employed intracranial self-stimulation for the immediate reward which delivers electrical stimulation on MFB. 
Reward stimulation was given in 50 hertz rectangular wave (duration=300μs, current=200µA) for 500 milliseconds [5]. 

Each of the daily learning was within 5 hours and 10 minutes break was given at every 1 or 1.5 hour intervals. We 
did not show any onset alerts and rats could get the task started by themselves. So rats conducted the task as a voluntary 
learning. 

Statistical procedures 
To find out an appropriate learning model which can explain the feature of learning method of a rat, we did computer 
simulations on the assumption that rat’s brain uses reinforcement learning.  

At this time, we introduced Q-learning model with eligibility traces “Q(λ)”. “Actions” of the learning model were 
defined by four candidate behaviors of lever pressing (e.g. pressing lever 5, 6, 7, and 8) and “States” of it were 
represented by previous actions. From a viewpoint of memory length of the past lever pressing of rat, we made Q-
learning models with three varieties of the state variable length. The state representation of “Q(λ)_1step (with 4states)” 
was given by previous one step history of lever pressing. Similarly, “Q(λ)_2steps (4^2states)” had previous two steps 
history and “Q(λ)_3steps (4^3states)” had previous three steps history. 

The learning model consists of four parameters (learning rate α, temporal discounting factor γ, inverse temperature 
parameter for Boltzmann action selection β, and eligibility traces parameter λ). Under 25 conditions of parameter 
setting [α=0.1, γ=0.9, β={2, 4, 6, 8, 10}, λ={0.1, 0.3, 0.5, 0.7, 0.9}], we investigated the relations between parameters 
and length of state representation relating to behavior feature of the rat. The simulations were done ten times under each 
parameter setting. Kullback–Leibler divergence between the probability distribution of lever press sequence of rats and 
of simulation data was calculated for evaluating fitting level. 
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3   Experimental Results 
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Fig. 2. Performance and sequence feature of lever pressing actions. The target sequence was 6-8-7 out of four candidate levers [5 to 
8]. Dotted line with triangle indicates boundary of session. (a) Acquisition rate of ICSS reward. Horizontal gray lines indicate the rate 
for each step to getting reward. (b)(c) Occurrence rates of 2-steps lever press sequence after getting reward; (b) the rates are 
represented by intensity of black color and sequence with asterisk is element of optimal behavior. All values were shown by moving 
average [bin=100steps]. (c) Rates of 2-steps sequence and (d) histograms of steps to reward during three learning phases. 

In order to figure out the feature of learning process of the rat, here we analyzed the sequence of lever pressing 
actions of the rat that could learn three-steps sequence among four levers with more than 80% accuracy after 2000 
episodes [approx. 0.26 rewards/step, 20000 steps]. This rat achieved such a level with voluntary learning during a total 
time of 20 hours. [15days]. Figure 2 shows performance transition and sequence feature during the three-steps sequence 
learning.  

In the beginning of learning within 5000 steps, occurrence rate of 8-7 action after getting reward was highest. This 
means rat shows alternating action between lever 7 and 8 relating to reward and previous action on optimal sequence. 
However, it was decaying on the progress of learning and 6-8 action after 7 relating to optimal sequence was increasing. 
The number of step to getting reward was also decreased. Broad distribution of histogram of number of steps during 
early learning phase converged into optimal three-steps gradually (Fig. 2d). Hence, these shows that rat have a learning 

14

Volume 11, No. 2 Australian Journal of Intelligent Information Processing Systems



ability to acquire optimal sequence 6-8-7 by ICSS reward via trial and errors without any instruction cue on such a 
POMDP task.  

We could also observe the intermediate phase from 5000 to 20000 steps where the rat visited 7 again after the reward 
and searched other than lever 5 (Fig.2bc). In the process of getting the performance better to find out optimal sequence 
well, roundabout search (e.g. 6-7-8-7) was occurred. It indicates that the rat introduced some strategy which is not 
extending retrace length for solving POMDP problem. In order to figure out the generating mechanism of this strategy, 
we did a computer simulation of reinforcement learning comparing rat behavior. 

4   Model Simulation 
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Fig. 3. The matching of the probability distributions of action sequences produced by the simulation and the actual measured by 
Kullback–Leibler divergence (the smaller the better). Top row: early learning phase [first 5000 steps]. Middle row: intermediate 
phase [steps 5001 to 20000]. Bottom row: late phase [steps > 20000]. Each column shows the performance of Q(λ)_1step, _2step and 
_3 step model. Graphs with 9 out of 25 parameter settings of β and λ are shown. 

We then compared the distribution of rat’s action sequences with those of Q-learning models using the Kullback–
Leibler (KL) divergence as the criterion. The lower KL divergence means the better model fit. Figure 3 shows the 
average KL divergence over ten runs of simulations with three learning models using nine different settings of 
parameters for the three stages of learning. 

In the early learning phase, the performance of Q(λ)_1step with a short eligibility trace (λ=0.1) and a large inverse 
temperature (=10) showed the best fit. This indicates that a model with a simple state representation with short 
memory of past action with greedy choice explained the rat’s behavior best. Persisting behavior for 8-7 action sequence 
after getting reward was a typical feature of this phase.  
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In the intermediate phase, Q(λ)_1step with a short eligibility trace (λ=0.1) but smaller inverse temperature (=6) fit 
the rat’s actions best, suggesting more exploratory behaviors. 

In the late phase, Q(λ)_2step with a low inverse temperature (β=2) best fit the rat’s performance. This result suggests 
that the rat started to utilize a more elaborate state representation in the late stage. 

5   Discussion 

Our results showed that rats can flexibly choose appropriate learning methods in accordance with learning progress 
in the motor sequence learning in a POMDP situation. An important issue in the next step is to find out the algorithm by 
which such a flexible choice of learning strategies is done. Another important issue is to find out how such a flexible 
choice of strategy is implemented in the brain [6,7,8]. 

Acknowledgments. We would like to thank Dr. Uchibe E., Dr. Ito M., Dr. Shouno O., and Dr. Takeuchi Y. for their 
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Abstract. In this paper, we investigate an effect of the overlap among memory patterns for a delay
feedback control method in the chaotic neural network (CNN) model. In the memory search problem, it is
important to control chaotic wandering states flexibly and softly, and the delay feedback control method
is one of them that realize the change of chaos flexibly and softly. We have shown that the delay feedback
control method stabilizes a chaotic wandering state into a certain memory pattern. In addition, the results
suggest that the delay feedback control method enable us hierarchical memory search by means of chaotic
wandering states if we construct hierarchical memory patterns by controlling overlap among them. In this
paper, therefore, we employ five kinds of memory patterns with different structures of the overlap among
them. We investigate how the overlap among memory patterns influences the states stabilized by the
delay feedback control method. From the computer experiments, we show that the accessibility to memory
patterns in the delay feedback control method is governed by the degree of the overlap.

Key words: Chaotic Neural Network, Delay Feedback Control, Memory Search, Pattern Overlap

1 Introduction

At the end of 20th century, chaotic phenomena have been observed in various systems including brain [1]-[3].
Skarda and Freeman observed chaotic behavior in olfactory bulb from biological and computer experiments, and
presented an attractive idea in recalling process and learning process[4]: (i)During waiting for input signals, the
dynamical response of the olfactory system falls into a highly developed chaotic attractor. (ii)When a certain
memorized input is presented, suddenly the highly developed chaotic response shrinks into a weak chaotic
attractor or a limit cycle. Thus, in the recalling process, they assume that the chaotic attractor or limit cycle
have proceed by feedback.

From the theoretical viewpoints, Japanese five gang suggested fruitful ideas of potentiality of chaos in
remarkable brain functions independently. For instance, Nara and Davis represented interesting results in a
complex memory search of the neural network model with multi-cyclic memory patterns[6]. Inspired by them,
Kuroiwa, et. al. presented interesting results that the property of the sensitive response to memory pattern
fragments in chaotic wandering state is general even though the mechanism of chaos is different [7].

In realizing a complex memory search by means of a chaotic wandering state, it is important to control
chaotic dynamics flexibly and softly. We have shown that the delay feedback control method stabilizes a chaotic
wandering state into a certain memory pattern[8, 9]. In addition, the controlled CNN model converges into a
certain memory pattern when the chaotic wandering orbit passes through its attractor at the moment that
the control signal is injected. On the other hand, the controlled CNN model converges into various memory
patterns when the chaotic wandering orbit passes through the boundary of the basin of its attractor. Thus, the
results suggest that a hierarchical memory search would be possible by controling chaotic wandering states with
the delay feedback control method if we construct hierarchical memory patterns with overlap among them[10].
Indeed, Iwai et. al. have shown that the overlap among memory patterns influences in chaotic orbits of chaotic
neural network model[11].

In order to realize the hierarchical memory search, it is important to show the accessibility to memory
patterns in the delay feedback control method depending on the overlap among memory patterns. In this paper,
therefore, we investigate an effect of the overlap for a delay feedback control method in the chaotic neural
network (CNN) model.

2 CNN Model

Let us present the CNN model proposed by Adachi and Aihara [5], briefly. The updating rule of ith neuron in
the CNN model at time t is written as follows:

xi(t + 1) = f(ηi(t + 1) + ζi(t + 1)), (1)
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ηi(t + 1) = kfηi(t) +
N∑

j=1

wijxj , (2)

ζi(t + 1) = krζi(t) − αxi(t) + ai, (3)

where t represents a discrete time (t = 0, 1, 2, · · ·), the xi(t) is the output of the ith neuron at time t, the internal
state variable of ηi(t) denotes a feedback input from the other neurons in the CNN model which represents the
effect of the associative memory, the internal state variable of ζi(t) represents the refractoriness effect of the
neuron at time t, ai is a constant bias input of the ith neuron, and N is the number of neurons in the network.
The parameter α controls the refractory scaling of neuron. The parameters kf and kr are the decay parameters
for the feedback inputs and the refractoriness, respectively.

The function f( · ) is referred as the output function. In this paper, we employ sigmoid function with the
steepness parameter ε as follows:

f(x) =
1

1 + exp(−x/ε)
. (4)

The variables wij denotes synaptic weights to the ith neuron from the jth neuron given by,

wij =
1
N

P∑

p=1

(2ξp
i − 1)(2ξp

j − 1) (5)

where ξp
i represents the ith component of the pth binary patterns stored as basal memory patterns in the CNN

model, and takes 0 or 1. The P is the total number of stored memory patterns. In this paper, we employ
binary patterns as shown in Fig.1. Each pattern consists of 400 pixels, indicating N = 400. In Fig.1, the black
corresponds to 1, and the white corers ponds to 0.

3 Delay Feedback Control Method in CNN Model

Let us explain a delay feedback control method in a CNN model, briefly[9]. The delay feedback control method
is described as follows:

xi(t + 1) = f(ηi(t + 1) + ζi(t + 1) + Fi(t + 1)), (6)

Fi(t + 1) = kdFi(t) + βxi(t − τ), (7)

where Fi(t) is a control signal, β is the strength of the control signal, τ represents the delay time, and the
parameter kd is the decay parameters for the control signal.

In a CNN model, the existence of the refractory scaling α and the steepness of the sigmoid function ε
introduce to chaotic dynamics. In usual, the steepness of the sigmoid function ε is fixed. In the delay feedback
control method, thus, we can control chaotic dynamics by adjusting the effect of the refractory scaling α through
the delay feedback control.

4 Computer Experiments

4.1 Purpose and Method of Computer Experiments

The purpose of this paper is to study an effect of the overlap among memory patterns with a certain hierarchical
structure for a delay feedback control method in CNN model. We prepare 4 kinds of memory pattern with
different overlap among then as shown in Table1:

– group a: This group consists of pa
1 , p2, p3, p5. Only the patterns pa

1 and p4 have small overlap of 0.2.
– group b: This group consists of pb

1, p2, p3, p5. Only the patterns pb
1 and p2 have small overlap of 0.2..

– group c: This group consists of pc
1, p2, p3, p5. Only the patterns pc

1 and p2 have overlap of 0.4 and the
patterns pc

1 and p4 have small overlap of 0.2.
– group d: This group consists of pd

1, p2, p3, p5. The patterns have a hierarchical structure of overlap.

In this paper, we evaluate the overlap between pth pattern {ξp
i } and qth pattern {ξq

i } as follows:

opq =
1
N

N∑

i=1

(2ξp
i − 1)(2ξq

i − 1). (8)

In the CNN model, we select the parameter value as follows, kr = 0.9, kf = 0.3, ai = 0.02 and ε = 0.00125.
We employ the refractory scaling parameter to be α = 0.29, in this simulation. In the above parameter set,
the largest Lyapunov exponent of CNN model takes the positive value, indicating that the system is in chaos.
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Table 1. Overlap among memory patterns.

A pa
1 p2 p3 p4 p5

pa
1 1 0 0 0.2 0

p2 0 1 0 0 0

p3 0 0 1 0 0

p4 0.2 0 0 1 0

p5 0 0 0 0 1

B pb
1 p2 p3 p4 p5

pb
1 1 0.2 0 0 0

p2 0.2 1 0 0 0

p3 0 0 1 0 0

p4 0 0 0 1 0

p5 0 0 0 0 1

C pc
1 p2 p3 p4 p5

pc
1 1 0.4 0 0.2 0

p2 0.4 1 0 0 0

p3 0 0 1 0 0

p4 0.2 0 0 1 0

p5 0 0 0 0 1

D pd
1 p2 p3 p4 p5

pd
1 1 0.3 0.1 0.2 0

p2 0.3 1 0 0 0

p3 0.1 0 1 0 0

p4 0.2 0 0 1 0

p5 0 0 0 0 1

In the delay feedback control method, we set τ = 1, β = 0.25 and kd = 0.9. In this parameter set, the decay
parameters for the control signal kd takes the same value of the decay parameter for the the refractoriness kr.
If one choose different value slightly, we can get similar results qualitatively.

In order to show an effect of the overlap among memory patterns for a delay feedback control method in
CNN model, we perform the following two experiments:

1. Accessibility to memory patterns with a hierarchical structure of overlap in the delay feedback control
method: In group d, we evaluate how many times the CNN model converges into each pattern in controlling
various states in the basin of the attractor of the memory pattern pd

1. The state is given by chaotic wandering
states, and corresponds to the state at the moment when the control signal was injected. In order to classify
the staring positions, we calculate the hamming distance between the the pattern pd

1 and the position in its
basin.

2. Dependence of accessibility on the overlap: In this simulation, we employ 4 group as memory patterns, group
a, group b, group c, and group d, and evaluate the same value mentioned above for each group between the
Hamming distance of 80 and 100.

In the evaluation, we employ 2,000 starting points. In general, as known well, the recurrent neural network model
with synaptic connections written by Eq.(5) generates spurious memories. Therefore, controlled states almost
corresponds to spurious memories. In this paper, when the system converges into a certain spurious memory,
we regard that the system converges into the memory pattern which is nearest to the spurious memory.

Fig. 1. Memory pattern with N = 400.
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Fig. 2. Accessibility to memory patterns with a hierarchical structure of overlap in group d.

4.2 Accessibility to Memory Patterns with a Hierarchical Structure of Overlap

Results are given in Fig 2. From the Fig 2, the controlled CNN model converges into the memory pattern
of pd

1 when the chaotic wandering state passes through its attractor at the moment that the control signal is
injected, corresponding to Hamming distance of 20 to 40. As the chaotic wandering state becomes distant from
the attractor, the accessibility to pd

1 becomes smaller and the accessibility to the other patterns, p2, · · · and p5

becomes larger.
At next, we consider the effect of overlap. The accessibility depends on the effect. Indeed, except for the

result of Hamming distance of 20 to 40, the accessibility becomes larger as the overlap between pd
1 and the

controlled pattern becomes larger. Note that, in group d, the overlap with pd
1 becomes larger in order of p2, p4,

p3 and p5.

4.3 Dependence of Accessibility on the Overlap

Results are given in Fig 3. From the Fig 3, the system is almost controlled into the pattern with overlap. The
situation of Hamming distance of 80 to 100 means that the chaotic wandering state is in almost half distance
positions from the boundary of the basin of the attractor when the control signal is injected. Of course, in
consistency with previous results, the controlled CNN model converges into the memory pattern, pa

1 , pb
1, pc

1 or
pd
1, when the chaotic wandering state passes through its attractor for the case of small Hamming distance. The

results suggest that the feature of the accessibility is general independently from employed memory patterns.

5 Conclusions

In this paper, investigate an effect of the overlap among memory patterns for the delay feedback control method
in the chaotic neural network (CNN) model. In especial, we focus on the problem how the overlap among
memory patterns influences the states stabilized by the delay feedback control method. Results are as follows:

– Around the boundary of the memory pattern, the system is controlled into the memory pattern or the other
patterns with overlap.
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Fig. 3. Dependence of accessibility on the overlap in controlling the states with Hamming distance 80 − 100.

– The accessibility to memory patterns with a hierarchical structure of overlap becomes smaller as the overlap
becomes smaller.

– The accessibility to memory patterns in the delay feedback control method is governed by the degree of the
overlap.

– The feature of the accessibility is general independently from employed memory patterns.

The results suggest that by means of the delay feedback control method, we can control chaotic wandering
states flexibly and softly. That is, for highly developed chaos, the system wanders among all the patterns. On
the other hand, for weak chaos, the system wanders among patterns with overlap. This is further problem.
And also, a novel method for synaptic connections, which avoids generating spurious memories, are necessary,
keeping the overlap among memory patterns.
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Abstract. Visual attention is one of the mechanisms existing in the brain of human and other primates that directs 

their perception to limited regions of the observed scenes which are probably more important and relevant. Inspired 

by this, several computational models have been proposed and are used in many computer vision and robotic 

applications. Since these models are proposed for conventional images, they are not suitable for being used for 

omnidirectional images which suffer from large amounts of non linear deformations and distortions. In this paper we 

propose a model of visual attention which uses some properties of omnidirectional images to modify the saliency-

based model of visual attention for these kinds of images. This model attends to the regions which are not only salient 

but also placed on the image’s radial lines, and so, are invariant to the deformations. In some experiments we show 

our proposed model has better performance than saliency-based model of visual attention for the task of 

omnidirectional image classification. 

1 Introduction 

Omnidirectional imaging systems are imaging systems developed capable of recording the world in all directions 

from a center of projection. The images taken by these imaging systems posses a very wide field of view and are 

independent from camera direction and this makes them appropriate for some types of tasks. Up until now, 

omnidirectional vision has been used in various applications such as visual surveillance [1], where one would be able to 

track individuals in heavily-cluttered environments. It has been also applied in robotics [2], where an autonomous robot 

may benefit from omnidirectional vision for robot navigation and situational awareness. 

Catadioptric systems are the most common systems which are used for omnidirectional imaging. These are made by 

combining a curved mirror —which projects the image of its surrounding environment— and a camera that captures the 

picture reflected in the mirror. The curved shape of the mirror produces inevitable radial distortions, proportional to the 

radial curvature of the mirror [4]. These deformations makes the shapes of the objects differ from an image to another 

and thus renders their recognition more difficult. 

As a result of the radial distortion and nonlinear deformations of omnidirectional images, most of the employed 

methods for conventional images cannot be used for omnidirectional images, and therefore, in the literature, there exist 

various methods to cope with omnidirectional image issues. One of these issues is the detection of the salient and key 

regions of the image that may contain interesting features and objects. This problem has been intensely investigated for 

the conventional images and, in the literature, there are several methods that are proposed to handle it. These methods 

usually inspire from the human visual attention and use its existing computational models to determine the salient and 

interesting regions of the image. 

Visual attention is one of the mechanisms existing in the brain of humans and other primates. This mechanism 

directs our perception to the most salient and valuable information among the huge amount of information that surround 

us [5]. In the past decades, various aspects of visual attention have been studied by the researchers in different fields of 

science, and some computational models have been proposed to describe its behaviors. 

The detected salient regions —attended regions— usually contain interesting and valuable objects and features of the 

image and can be used in many computer vision problems e.g. scene classification [7], robot navigation and localization 

[11] and video compression [12]. Moreover, visual attention has been used to detect the key regions for the 

omnidirectional images, e.g. in [6] visual attention is used for automatic landmark detection in an omnidirectional 

vision based robot navigation. 

Using the models of visual attention —which are developed for the conventional images— for the omnidirectional 

images can be the source of some problems. The attended regions may be deformed, as a result of the radial distortions, 

and thus not to be matched in the similar images and therefore the recognition performance will be degraded. In this 

paper, we tackle this problem and use some properties of omnidirectional images to modify the model of visual 

attention for these kinds of images, so that it attends to the more informative and invariant regions of the images. 
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In omnidirectional images, under the assumption that the camera is moving on a flat surface, radial lines, lines which 

cross from the center of projection of the image, are free from the omnidirectional deformations [5]. Hence, they would 

be a good candidate to be used in the extraction of features. In this paper, we utilize this property to alter the 

conventional model of visual attention for omnidirectional images. 

The main contribution of this work is in introducing a model of visual attention that is tuned for omnidirectional 

images and selects the regions which are not only salient and discriminated, but also invariant against the deformations 

and distortions of omnidirectional images. In the experiments, we compare our proposed model with the saliency-based 

model of visual attention in the task of omnidirectional image classification and show that, since our proposed model 

attends to the more robust features, it has better classification performance than the saliency-based model. 

2 Related Works 

In this section we review some previous researches which are related to ours. First, we introduce the saliency-based 

model of visual attention as the base-line of our model. Then we review some recent efforts to modify and use this 

model for the omnidirectional images and finally, we point to the some applications of the radial lines in 

omnidirectional vision. 

Saliency-based model is one of the admired and mostly used computational models of visual attention, proposed by 

Koch and Itti [5]. This model creates a spatial saliency map for each input image. In this map, the saliency of different 

regions of the image is computed and visual attention will be dedicated to the regions with more saliency. In this model, 

the saliency map is created as described in the following steps: (1) a number of maps are extracted from the scene, 

based on different feature channels of the image (i.e. chromatic, directional and intensity channels). Each of these maps 

is called a feature map (  ). (2) Each feature map    is transformed in its conspicuity map   . Each conspicuity map 

bolds the parts of the scene that strongly differ, according to a specific feature, from their surroundings. This process 

relies on a multiscale center-surround filtering. (3) The conspicuity maps are integrated together, in a competitive way, 

into a saliency map S in accordance with: 

S =       
 
    

Where N() is the weighting operator which determines the importance of each feature channel in construction of the 

saliency map. 

After the creation of the saliency map by this model, the focus of attention (FOA) will be directed to the most salient 

location of the map in a winner-take-all (WTA) competitive way which is inspired by the neural mechanisms of the 

brain. 

Recently, some efforts have been made to use visual attention to deal with omnidirectional and panoramic images. In 

[6], the authors use the saliency-based model of visual attention to find robust features to be used in robot navigation for 

panoramic images. They use saliency-based model of visual attention with chromatic, intensity and corner-based cues in 

building maps. In [4], the authors propose a new model of saliency-based visual attention which is devoted to 

omnidirectional images. Their model processes images in the spherical (non-Euclidian) space and produces the 

conspicuity maps through multiscale analysis on the sphere. In the experiments, they showed their model can deal with 

omnidirectional images better than saliency-based visual attention model in Euclidian space. 

Radial lines, as a result of being invariant against radial distortions, have been utilized in various omnidirectional 

vision problems. Brassart and his colleagues in [8] proposed a calibration and localization method for the SYCLOP 

omnidirectional vision sensor using the radial lines. They used radial lines to find the corresponding regions between 

two images taken by a stereoscopic omnidirectional camera. In [9], Kim and Oh used radial lines in SLAM for a mobile 

robot with an omnidirectional camera and a laser range finder in indoor environments. In [10] a robust feature is 

introduced to represent radial lines of the image. These features are extracted from orientation histograms around the 

image radial lines. The authors validated the robustness of their proposed feature descriptors to rotation and slight 

changes of illumination.  

3 Saliency-Based model of Visual Attention  for Omnidirectional Images 

In this section, we explain how to modify the saliency-based model of visual attention to become able to detect the 

regions which are not only salient, but also invariant against the omnidirectional image deformations. 

As previously discussed, radial lines of the images are free from the deformations, and so, if the salient regions be 

selected from them, they would be invariant against the deformations and distortions too. Therefore, in our proposed 

model, we bias the attention to the salient regions which are placed on the image radial lines and their supporting 

regions. 

For this purpose, in addition to the saliency map which is made by saliency-based model of visual attention, we 

construct another map which highlights the regions which will probably contain image radial lines. We call this map the 

‘radial lines map’ and the final saliency map for an image is obtained by combining its saliency and radial lines maps. 

In the following, we discuss about how the radial lines map is constructed in more detail. 
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3.1 Radial Lines Map 

Radial lines map shows the regions which will probably contain the salient radial lines of the image. Since in each 

thin sector of the omnidirectional image, radial lines have similar and specific slope and orientation, they can be 

detected by looking for the lines with the desired slope within the image sector. Therefore, in this paper, we divide each 

omnidirectional image into some distinct sectors and detect the radial lines within each of them separately. 

Moreover, since the radial lines of the image are the projection of the vertical lines of the scene, it is important to 

select the ones which are referring to the interesting and meaningful vertical lines of the scene, i.e. vertical edges of the 

walls, table legs and tree peduncles. Therefore, in the radial lines map, we represent the salient radial lines which are 

known by their different orientation from their surroundings and may refer to the meaningful objects of the scene. We 

construct the radial lines map using the saliency-based model of visual attention which contain only the orientation 

channels and, in each image sector, tries to emphasize the specific orientations to detect the radial lines within it. 

In the saliency-based model, the orientation feature maps (at different pyramid levels) are made by convolving a 

Gabor filter with the desired orientation with the intensity feature map of the image (at the same pyramid level). 

Formally, if we denote the orientation channel feature map with angle   and scale   with      , and also, show the 

intensity channel feature map at scale   as   , the orientation feature maps are derived as below: 

                  

As a result of the limited accuracy of the Gabor filters in distinguishing the stimulus orientations, we cannot make a 

distinction between the near radial lines which have similar slopes. Therefore, we divide each omnidirectional image 

into 8 separated sectors and compute feature maps with the corresponding orientations for each of them. After the 

computation of the feature maps, the conspicuity map is made for each sector as the below: 

                        

                       

   

     

 

   

 

In this formulation,      
 is the constructed conspicuity map for  th

 sector of the omnidirectional image and 

     
stands for the orientation in which the radial lines of the  th

 sector should be extracted. The total conspicuity map is 

made by summing up derived conspicuity maps of different image sectors: 

            

                  

 

Figure 1 summarizes the way that radial lines map is made. 

 

Fig. 1. Shows how the radial lines map is made by combining saliency maps 
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3.2 Combining Radial Lines Map and Saliency Map 

After the calculation of the radial lines and saliency maps for the input image, the final saliency map for the input 

image is obtained by the multiplication of these maps. Then the most salient regions of the image will attract the focus 

of attention in a winner-take-all competition. The attended regions, in addition to being salient and discriminated, are 

also invariant against the omnidirectional imaging distortions and deformations. Figure 2 shows 10 most salient regions 

selected by our proposed model for a sample image. 

 

Fig. 2. Right image shows the saliency map made by our proposed model of visual attention. Left image shows the first 10 locations 

which attracted the focus of attention. 

4 Experiments 

In this section we investigate the performance of our proposed model of visual attention, in detection of the regions 

which are not only salient but also invariant against the deformations and thus can be better matched for similar images. 

For this purpose we study the effectiveness of the regions extracted by our proposed model and the saliency-based 

model, in the task of omnidirectional image classification. 

After the extraction of the salient regions, these regions should be described in order to be used for image 

classification. In our experiments, we use the SIFT as a state-of-the-art methods of feature extraction and matching for 

omnidirectional images. In our experiments, we use a dataset of 640 images taken by an omnidirectional camera on a 

mobile robot captured from the outdoor environments. For each run, we use 60% of these images for training and the 

remaining 40% is used as test data which are classified by a simple k-NN (k = 1) classifier. In our implementations, we 

used the Matlab toolbox of saliency-based model of visual attention which is freely distributed on the web1. 

In figure 3, five attended regions, by our proposed model and the saliency-based model, are shown for two 

consecutive images. In this figure, the labels show the region identifiers. Since some of the regions attended by the 

saliency-based model, have been considerably reshaped, they could not be matched in two images and so, are identified 

as the different regions. In the contrary, all of the regions attended by our proposed model, are matched and thus have 

the same identifiers in two images. 

 

                                                           
1 http://www.saliencytoolbox.net/ 

26

Volume 11, No. 2 Australian Journal of Intelligent Information Processing Systems



Fig. 3. In (a) and (b) the attended regions by our propose models are shown by red boxes for two consecutive images. The regions 

attended by the saliency-based model for these two images are shown by blue boxed in (c) and (d) and, the labels show the region 

identifier. 

Figure 4 shows the classification performance for three cases: classification based on the regions selected by our 

proposed model, by saliency-based model and finally, the holistic approach in which the images are classified based on 

the features extracted from the whole image. The results are gathered from 5 runs with different divisions of train and 

test data. 

 

Fig. 4. Classification performance at different number of attended regions for our proposed model and the saliency-based model 

Our experiments demonstrate that using our proposed model of visual attention to select the key regions of the 

image, in comparison with the saliency-based model, leads to the selection of the more robust and invariant features of 

the images and thus improves the image classification performance. Moreover, the experiments show, when we are 

using more than five regions attended by our proposed model in the classification, the performance will be better than 

the holistic approach and this is while we are processing only a small portion of the input image (about 6%).  

5 Conclusion 

In this paper we proposed a model of visual attention which is customized for omnidirectional images. This model uses 

radial lines as the regions which are robust against the omnidirectional imaging deformations and distortions and 

assigns the focus of attention to the salient points within these regions. For this purpose, we introduced the ‘radial lines 

map’ as a topological map that determines the regions which will probably contain radial lines. We constructed this map 

by combining several saliency maps which are made for certain image segments and detected the radial lines within 

their own segment. In the experiments, we demonstrated the better performance of our proposed model than the 

saliency-based model of visual attention in the task of image classification. 
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Abstract. This paper presents the first attempt to apply instance-level transfer learning technique to
cross lingual opinion analysis by using the translation of annotated corpus from other languages as the
supplementary training data for the opinion classifier for target language. Firstly, Transfer AdaBoost al-
gorithm (TrAdaBoost) is applied as the base transfer learning strategy, which makes use of few labeled
examples in target language to leverage the large annotated corpus in other languages and selects the
translated annotated data with good confidence as supplementary training samples to improve the opin-
ion classifier for target language. Considering that the re-weighting scheme adopted in TrAdaBoost has
the potential risk of over-discarding of source training examples, this algorithm is further improved by
combining the bagging procedure and the boosting procedure of TrAdaBoost, named Transfer Boosting
with Bagging (TrBB). The proposed two algorithms are evaluated on document-level and sentence-level
Chinese opinion analysis, respectively. The achieved encouraging performances show that the proposed
transfer learning based approaches improve the opinion analysis effectively by exploiting small training
data in target language and large cross lingual training data.

Key words: Opinion Analysis; Cross Lingual; Transfer Learning; Transfer AdaBoost; Bagging

1 Introduction

With the rise of blogs and Web 2.0 society, more and more personal opinions like reviews, ratings, recom-
mendations have been shared on the Internet. As a result, to identify opinions in these texts and classify their
sentiment polarity has attracted much attention in recent years [1–3]. Many existing research focused on English
text. Accordingly, many resources like opinion lexicons (e.g., SentiWordNet [4]) and annotated opinion corpora
(e.g., MPQA [5]) in English are developed. On the contrary, the lack of reliably labeled resources is one of the
main research bottlenecks in opinion analysis on the other languages, which raises the following question: How
to re-use these existing resources in one (source) language for opinion analysis in another (target) language?

Motivated by this problem, the cross lingual opinion analysis (CLOA) techniques are investigated, which
leverage the training corpus in other languages to opinion classifier in target language. To perform CLOA,
the expressions between source and target language must be aligned. One way for establishing cross lingual
alignment is by using bilingual dictionaries [6], or aligned corpus [7]. Another way is by using machine translation
system [8, 9]. Banea et al. [8] proposed several approaches for cross lingual subjectivity analysis by directly using
the translations of annotated data in source language for training the opinion classifier on target language. In
Wan’s work [9], the annotated English reviews, unlabeled Chinese reviews and their translations were combined
to co-train two separate classifiers for each language, respectively. However, these works directly used all of the
translation of labeled corpus in source language as the training data for target language without considering
the following two problems. Firstly, the machine translation errors generated low quality training data which
affects the following CLOA procedure. Secondly, the annotated corpora in different languages are collected from
different domain and different writing styles which leads the training and testing data have different feature
space and distribution. It puzzles the traditional machine learning algorithms. These facts indicate that the
directly use all of the translated annotated data for training are not always reliable.

To address these problems, we propose to apply transfer learning based approach to opinion analysis which
estimates the confidence of translated training samples and selects the promising ones for supervised classi-
fier training. In this study, with machine translation, we regard CLOA as an instance-level transfer learning
problem. Considering that few available training data in target language, we firstly apply Transfer AdaBoost
(TrAdaBoost) [10] to improve the overall performance with the union of training corpus of target language
and source language. A boosting-like strategy is used to down-weight the low quality samples from transla-
tion during iterative training to reduce their negative affections. To address potential risk of over-discarding of
source language instances in TrAdaBoost, we further improves TrAdaBoost to a new algorithm, named Transfer
Boosting with Bagging (TrBB), which uses Bagging [11] to smooth the TrAdaBoost classifier. The proposed ap-
proaches are evaluated on document-level and sentence-level Chinese opinion analysis in bi-lingual environment,
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respectively. The experimental results show that the proposed transfer learning approaches effectively improve
the opinion analysis performance on Chinese text by using small Chinese training data and large Traditional
Chinese or English training data. Meanwhile, this work is the first attempt to apply instance-level transfer
learning technique to CLOA.

The rest of this paper is organized as follows. Section 2 describes the transfer learning based approaches for
opinion analysis. Evaluations and discussions are presented in Section 3. Finally, Section 4 concludes the paper.

2 CLOA Based on Transfer Learning

Suppose for an annotated opinion corpus on source language, its translation on target language is labeled as
Ts. As discussed in Section 1, the problem for CLOA is that not all of the instances in Ts should be used as
training data. Therefore, the objective of our research is to estimate and selects the useful instances in Ts.
For this purpose, an instance-level transfer learning mechanism is investigated. Supposes we are given a small
amount of labeled training data in target language, labeled as Tt, while the size of Tt is much smaller than
that of Ts, i.e., |Tt| ¿ |Ts|. The transfer learning mechanism is designed to unite these training data from both
source and target language which are mutually complementary. We hope that the classifier can exploit more
useful knowledge on target language along with information learned from Tt.

In the case of transfer learning, there are two types of instance spaces, Xs and Xt, in which Xs is the source
language instance space and Xt is the target language instance space. For simplicity, let X = Xt ∪Xs denotes
the instances space, and Y is the set of class labels. The set of source language training data is denoted by
Ts = {(xi, yi)}n

i=1, and the target language training data is denoted by Tt = {(xi, yi)}n+m
i=n+1, where xi ∈ X

and yi ∈ Y . The goal of our approach is to train a classifier h : X→Y for the target language that can more
accurately predict classes by using the useful part of source language training data.

In this study, we purpose to apply TrAdaBoost [10] as our base transfer learning strategy to utilize a small
amount of labeled data in target language to leverage the large scale labeled corpus in source language for
training opinion classifier on target language.

2.1 The TrAdaBoost Approach

TrAdaBoost is an extension of the AdaBoost algorithm [12]. It joins both the source and target language
training data during learning phase with different re-weighting strategy. As can be seen from the algorithm, in
each iteration round, if a training example from source language is wrongly classified by prior base learner, it
tends to be the useless samples or conflict with the target language training data. The weight corresponding to
this example should be reduced to decrease its negative impact on the classifier. On the contrary, for a target
language training sample, its corresponding weight will be increased if it is wrong classified. The base classifier
is trained on the union of the weighted source and target examples, but the training error rate is measured
only on the target training data. The ensemble classifier is obtained after several iterations. TrAdaBoost only
uses the last half of the ensemble for prediction. The framework of this algorithm is given below (Algorithm
1). Where 1[c] in Algorithm 1 is an indicator function, which equals 1 if c is true and 0 otherwise. Noted that,

Algorithm 1 Framework of TrAdaBoost.
Input:

a source language labeled corpus Ts, n = |Ts|; and a target language labeled corpus Tt, m = |Tt|; a base learner L;
the number of iterations T .

1: Initialize the distribution of training samples:D1(i) = 1/(n + m).
2: for each iteration t ∈ [1, T ] do
3: Get a hypothesis ht by training a base learner L with the combined training set Ts ∪ Tt using distribution Dt:

ht = L(Ts ∪ Tt, Dt).

4: Calculate the training error of ht on Tt : εt =
∑n+m

i=n+1
Dt(i)·1[ht(xi) 6=yi]∑n+m

i=n+1 Dt(i)
. Break if εt = 0 or εt ≥ 1/2 and set

T = T − 1.

5: Set βt = εt/(1− εt), β = 1/(1 +
√

2 ln n
T

).

6: If ht(xi) 6= yi, update the distribution:

Dt+1(i) =

{
Dt(i)β

Zt
1 ≤ i ≤ n

Dt(i)/βt

Zt
n + 1 ≤ i ≤ n + m

where Zt is a normalization constant and
∑n+m

i=1 Dt+1(i) = 1.
7: end for

Output: Hfin(x) = arg maxy∈Y

∑T
t=dT/2e 1[ht(x) = y] log(1/βt)
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this algorithm can handle multi-category problem which is different with original TrAdaBoost algorithm (for
binary classification problem only). More details and theoretical properties of TrAdaBoost are given in Dai et
al.’s work [10].

2.2 The TrBB Approach

In TrAdaBoost’s weighting scheme, the weights of source instances which are hard to classify are exponen-
tially decreased at every step. It may lead TrAdaBoost’s tendency to discard such instances. The TrAdaBoost
mechanism cannot guarantee a hard source instance is noise. Meanwhile, the weight of source instances which
have decreased in early boosting iterations have no chance to be recovered even they become beneficial for
later boosting rounds. As a result, hypotheses generated in later iterations cause the ensemble over-discard the
source instances, especially TrAdaBoost discard the first half of the ensemble. A natural strategy to prevent
TrAdaBoost from the risk of “over-discarding” source instances is by reducing its iteration numbers or using a
more moderate weighting scheme on source training dataset that decrease more slowly than exponential.

Bagging has long been used in addressing the problem of over-fitting with AdaBoost in noisy environ-
ment [13]. In this study, we propose to combine the bagging procedure and the boosting procedure of TrAd-
aBoost to prevent over-discarding of source instances. This is called TrBB. The basic strategy of TrBB is to
apply bagging to smooth the TrAdaBoost hypothesizes. The framework TrBB is described in Algorithm 2 below
(labeled as TrBB(K,ρ)). TrBB trains a number of TrAdaBoost as base learners each from a different bootstrap
sample T k

s and the same target language dataset Tt. The bootstrap sample T k
s is obtained by sub-sampling the

source language training dataset Ts with replacement, where the size of T k
s is nρ and nρ ≤ n. The resulting K

models are aggregated by uniform voting. When bootstrapping is used, each transfer learning model is effectively
learned from a smaller sample T k

s , the wrong discarded instance contained in Ts will hopefully be averaged(i.e.
smoothed) in. Considering the fact that the target and source language training datasets might not provide
sufficient information for discarding which instances in Ts and constructing a best transfer model. For example,
there may be many models perform equally well on the training datasets. Thus, combining these models may
be a better choice. Meanwhile, TrAdaBoost is sensitive to the ratio of size between Ts and Tt. Therefore, better
generalization ability can be obtained by sub-sampling Ts to find an optimal proportion ρ.

Algorithm 2 Framework of TrBB.
Input:

a source language labeled corpus Ts; and a target language labeled corpus Tt; TrAdaBoost parameters: base learner
L, the number of iterations T ; Bagging parameters: the number of learning rounds K, the percentage of the training
size ρ.

1: for each k ∈ [1, K] do
2: Generate a new training set T k

s of size |T k
s | = ρn, by bootstrap sampling examples from Ts.

3: Generate a TrAdaBoost Classifier, Ck = TrAdaBoost(T k
s , Tt, L, T )

4: end for
Output: Hfin(x) = arg maxy∈Y

∑K
k=1 1[Ck(x) = y]

3 Evaluation and Discussion

In this section, we perform a set of experiments on sentence-level and document-level opinion analysis in the bi-
lingual case, respectively. The experiment setup and the results obtained by different approaches are described
in the following subsections.

3.1 Experimental Setup

Datasets On sentence-level opinion analysis, we focus on opinionated sentence recognition, which is a binary
classification problem with only two labels, subjective or objective. The dataset is from the NTCIR-7 MOAT [14]
corpora. The experiments are carried out on English(EN), traditional Chinese(TC) and simplified Chinese(SC).
The information of this dataset is given in Table 1. Two cross lingual opinion analysis tasks are designed by
using the corpora. One task is denoted by SenOR :TC→SC, which uses TCs as source language training
dataset for improving classifier on SC; and another is denoted by SenOR:EN→SC, that uses the translation
of English corpus ENs as supplementary training data. To fit the transfer learning scenario, SCs is shrunk to
different scale as the target language training corpus by random. We use “SC

1/k
s ” to denote that the generated

shrunken data set only keep 1/k data. The simplified Chinese testing dataset SCt with gold answers is adopted
for evaluation on lenient and strict evaluation standard respectively, as described in [14].
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Table 1. The Dataset Adopted From the NTCIR-7 MOAT Corpora (unit: sentence).

Note Language Total
Subjective/Objective
Lenient Strict

SCs SC training 424 130/294 \
SCt SC test 4877 1869/3008 898/2022
TCs TC training 1365 740/625 \
ENs EN training1 1694 648/1046 \

Note 1. ENs is larger than NTCIR-7 MOAT English training dataset, which contains all sentences form topics: N01,
N02, T01, N02, N03, N04, N05, N06 and N07.

On document-level opinion analysis, we focus on review polarity classification, which classifies the reviews
into positive or negative. The bi-lingual dataset used in this study was adopted in [9]. In which, the English
subset is collected by Blitzer et al. [15], which contains a collection of 8,000 product reviews for: books, DVDs,
electronics and kitchen appliances. For each type of products, there are 1,000 positive reviews and 1,000 negative
ones, respectively. The Chinese subset were collected by Wan [9], which has 451 positive reviews and 435 negative
reviews of electronics products. In the following experiments, the Chinese subset is split into two sets based on
random splinting: a target language training dataset Tt and a test set. This task is denoted as RevSC:EN→SC.

In this study, Google Translate2 is choose for providing machine translation service, since it is one of the
state-of-the-art computer-aided translation services.

Comparison Methods This study focus on the approaches improving the opinion analysis by using cross
lingual examples, while the improving classifier target language is not our major target. Therefor, in the ex-
periments of all tasks, a simple Support Vector Machines (SVM) with linear kernel is used as the base learner.
We select the open source SVM package –LIBSVM[16] with all parameters set to their default values. For the
extraction of opinion sentences, we use the presences of lexical clues, such as opinion word, opinion operator,
opinion indicator etc., and the unigram, bigram of Chinese words as the linguistic features to represent each
sentence example [17]. For review polarity classification study, we use unigram, bigram of Chinese words features
which is suggested by [9]. Here, document frequency is used for feature selection. Meanwhile, term frequency
weighting is chosen for document representation.

In order to investigate the effectiveness of the proposed transfer learning approaches, they are compared
with following baseline methods: (1) NoTr(T), which applies SVM with only the target language training
data; (2) NoTr(S),which is a SVM classifier trained with the translation of source language training data; (3)
NoTr(S&T),which applies SVM with the union of target language and source language training data.

Evaluation Criteria For comprehensive study and evaluating performance average across categories, our
experiments used accuracy metric to evaluate the overall effectiveness of the system for both opinion analysis
tasks. In order to compare with submitted results of NTCIR-7, the metric of F1 for “subjective” category is
adopted to evaluate opinionated sentence recognition task, which is same as that used in [14]. All the performance
is averaged with 10 randomized experiments.

3.2 Experimental Results and Discussion

Overall Performances In our experiments, the number of iterations in TrAdaBoost and TrBB is experimen-
tally set to 10 for avoiding over-discarding. Table 2 gives the performance of the opinionated sentence recognition
task on lenient and strict test corpus, respectively, when only 1/16 target train data are kept. The following
settings: K=15, ρ=0.5 are empirically adopted for TrBB for both sub-tasks. From the table, it is observed
that the accuracies of NoTr(S&T) is always between that of NoTr(T) and NoTr(S). It is because that some
samples from source language may likely conflict with the target language training data. The results of NoTr(S)
and NoTr(S&T) also show that it is infeasible to use the translation of training data directly. The two transfer
learning approaches achieve better performance on both SenOR:EN→SC and SenOR:TC→SC sub-tasks. The
TrBB approaches achieve the best performance on both tasks, which can improve the accuracy more than 2.2%
compared to TrAdaBoost. On both tasks, we find that transfer leaning approaches get significant improvement
compared to NoTr(S&T), which improve the accuracy about 5%-10% under lenient evaluation and 7-14% under
strict evaluation. With the same evaluation metric (F1 of “subjective” category) of NTCIR-7, each best result
for a given row in Table 2 can be ranked among top 3 in all submitted runs according to the lenient and strict
criteria, except row 3.

2 http://translate.google.com/
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Table 2. The Comparison Results on Opinion Sentence Recognition. The target language training dataset is SC
1/16
s .

Each cell shows the average accuracies (left) and F1 for “subjective” category (right).

Sub-task NoTr(T) NoTr(S) NoTr(S&T) TrAdaBoost TrBB(15,0.5)

SenOR:TC→SC
lenient 0.625/0.355 0.606/0.604 0.610/0.596 0.653/0.631 0.671/0.619
strict 0.692/0.379 0.645/0.591 0.653/0.588 0.718/0.649 0.745/0.655

SenOR:EN→SC
lenient 0.625/0.355 0.659/0.500 0.641/0.552 0.672/0.502 0.687/0.563
strict 0.692/0.379 0.739/0.546 0.711/0.564 0.763/0.561 0.780/0.626

Table 3 shows the performances achieved on the task RevSC :EN→SC by using only 20 Chinese labeled
reviews for training. In this task, we set K equal to 15 and and ρ to be 0.25. From Table 3, we observe that
transfer learning approaches outperform other methods while TrBB wins TrAdaBoost. When both unigrams
and bigrams are used as features to represent each data example, the improvement of performance by transfer
learning approaches is lower than which only uses unigrams. One of the reasons may be that the data with both
unigrams and bigrams representation is quite sparse. Another reason is bigram is more informative. Bigram
information can help to reduce the confliction between the source and target training data. It is also observed
from Table 3, the result of NoTr(S&T) is better than the results of NoTr(S) and NoTr(T). [9] reported that the
highest accuracy achieved by co-training scheme is 0.813. Note that co-training approach used 400 unlabeled
Chinese reviews. Our approach TrBB(15,0.25) achieves a comparable accuracy (0.8163) with only 20 Chinese
labeled reviews. It shows the effectiveness of transfer learning on CLOA.

Table 3. The Comparison Results on Chinese Reviews Sentiment Classification. Numbers in the table are average
accuracies.

Features NoTr(T) NoTr(S) NoTr(S&T) TrAdaBoost TrBB(15,0.25)

unigram 0.7542 0.7122 0.7531 0.7704 0.8027
unigram+bigram 0.7518 0.7415 0.7840 0.7984 0.8163
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Fig. 1. A Comparison of the Methods’ Performances at Different Size of Target Language Training Data on Task of
Opinionated Sentence Recognition

Influences of Target Training Corpus Size In order to estimate the performance of transfer leaning
approaches with different size of target language training data, we conduct a set of experiments on both tasks.
In Fig 1, we focus on opinionated sentence recognition task under lenient evaluation. Fig 2 focuses on the task
RevSC :EN→SC. Fig 2(a) shows the results by using unigram features and Fig 2(b) shows the results by
using both unigrams and bigrams. From the figures, for both tasks, it can be seen that TrAdaBoost and TrBB
always improve the performance compared with NoTr(S&T), while our proposed TrBB algorithm outperforms
other methods, when few target language training data is used. When more target training data is used, the
performance of transfer learning approaches is even a little worse than NoTr(T). The reason is that few target
training data can help to transfer useful knowledge from translations. When too much training data from
target language is used in transfer learning approach, the weight of source language instances are decreased
exponentially after several iterations. Then the source training data can’t affect the learner anymore. Sometimes
this may lead to negative transfer.
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Fig. 2. A Comparison of the Methods’ Performances with Different Number of Target Language Training Instances on
Task of Review Polarity Classification.

4 Conclusions and Future Work

In this paper, we investigate instance-level transfer learning techniques for cross lingual opinion analysis, by us-
ing the translation of training examples in other language to train a classifier of the target language. TrAdaBoost
with different weighting schemas is employed to address the problems caused by the different feature/category
distribution between training data and testing data, as well as the inaccurate translations. In order to prevent
TrAdaBoost from the risk of over-discarding source language instances, we further propose a new transfer learn-
ing framework TrBB, which uses bagging operates to smooth TrAdaBoost classifier. The proposed approaches
are evaluated on document-level and sentence-level opinion analysis, respectively. The experimental results show
the effectiveness of the proposed approaches. It is also shown that opinion analysis in a new language can benefit
from using existing resource in other languages with instance-level transfer learning techniques like TrAdaBoost.
In the future, we are planning to develop other transfer leaning techniques for CLOA. Another major direc-
tion of future work is to employ other moderate weighting scheme on source training dataset to reduce the
over-discarding of training examples from source language.
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