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Abstract—To simulate the concept acquisition and binding
of different senses in the brain, a biologically inspired neural
network model named perception coordination network (PCN)
is proposed. It is a hierarchical structure, which is functionally
divided into the primary sensory area (PSA), the primary sensory
association area (SAA), and the higher order association area
(HAA). The PSA contains feature neurons which respond to many
elementary features, e.g., colors, shapes, syllables, and basic fla-
vors. The SAA contains primary concept neurons which combine
the elementary features in the PSA to represent unimodal concept
of objects, e.g., the image of an apple, the Chinese word ‘“[ping
guo]” which names the apple, and the taste of the apple. The HAA
contains associated neurons which connect the primary concept
neurons of several PSA, e.g., connects the image, the taste, and
the name of an apple. It means that the associated neurons
have a multimodal response mode. Therefore, this area executes
multisensory integration. PCN is an online incremental learning
system, it is able to continuously acquire and bind multimodality
concepts in an online way. The experimental results suggest that
PCN is able to handle the multimodal concept acquisition and
binding effectively.

Index Terms— Concept acquisition and binding, multimodal
learning, online incremental learning, perception coordination
network (PCN), unsupervised learning.

I. INTRODUCTION

HE brains of animals and organisms continuously receive

signals from multiple modalities via different types of
sensory receptors. Also, the nerve impulses generated by these
signals are transmitted on the network of the brain to form
perceptions; meanwhile, the brain network itself is updated to
strengthen, acquire, or bind concepts.
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Fig. 1. Visual, auditory, gustatory, and olfactory pathways in the brain. Dif-
ferent sensations interact through the areas where different sensory pathways
converge, such as the entorhinal cortex and orbitofrontal cortex. The pathways
are summarized and deduced from [2]- [18].

As mentioned in [1], our brain uses different types of
sensory information, including vision, touch, and audition,
to perceive the external environment. All these different types
of sensory information are efficiently merged in the brain to
form a coherent and robust percept. Therefore, the coordina-
tion among different senses is essential for human cognition.
Fig. 1 illustrates the visual, auditory, gustatory, and olfactory
pathways in the brain. The perception in the back of the
pathway synthesizes the perception in the front of the pathway,
i.e., the sensations become complicated through its pathway.
Different sensations interact with each other through the areas
where different sensory pathways converge.

Fuster [19] gave an example of sensory association between
vision and touch at the cell level. The explanation is based on
the Hebbian theory [20], which is summarized as cells that fire
together and wire together [21], [22]. For example, as shown
in Fig. 2(4) and (5), when a visual and a tactile signal stimulate
the network synchronously, a cell assembly will be formed by
the facilitated synapses to associate the visual and tactile sense.
The example is relatively simple, but very enlightening.

These studies [1]-[18], [19] make us to think about the
brain function of multimodal concept acquisition and binding
of different senses. This is essential for human cognition.
Creating a computational model for such a brain function is
indispensable for artificial intelligence. Thus, here we pose the
following problem:

Problem. How to build a neuro framework to imitate
the concept acquisition and binding of different senses in
the brain?
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Fig. 2. Sensory association. (1) Two visual inputs coincide in time.
(2) Passive long-term memory formed by the facilitated synapses generated
during step 1, marked in red. (3) One of the visual inputs activates the
subnetwork in step 2. (4) Visual and a tactile input coincide. (5) Bimodal
network of long-term memory formed by the facilitated synapses generated

during step 4, marked in red. (6) Tactile stimulus activates the bimodal
network. The figure is modified from [19].

II. RELATED WORK
A. Some Related Physiological Studies

The brain network can be seen as a hierarchical
structure [3], [23], which is functionally modularized and
specified, which means that different areas of the brain are
usually in charge of different functions. Within the hierarchy,
the higher level processes will “synthesize” the functions at
lower levels.

For example, in the vision channel, there is a functional seg-
regation of primary visual system, which includes color, depth,
movement, and form perception [25]. Also, in the “what”
pathway of the visual system, Livingstone and Hubel [25] find
that cells in V1 are tuned to some simple visual properties,
such as particular orientation, color, and spatial frequency.
Beyond V1, cells in V2 respond to not only what V1 cells
are tuned to but also intermediate complex shapes [26]. Next,
cells in V4 and posterior inferotemporal (IT) cortex are tuned
to complex shapes, combinations of a shape and texture,
and combinations of a shape and color. Finally, at the top
level, anterior IT cells are tuned to particular complex object
features [27].

In the audition channel, there are multiple levels of compu-
tation and representation mapping acoustic speech inputs onto
conceptual and semantic representations [28] in the ‘“‘sound
to meaning” pathway. First, cells in the primary auditory
cortex (Al) are organized according to the frequency of
sound to which they respond best [29]. Next, in the superior
temporal gyrus (STG), Mesgarani et al. [30] find that the
local region of the STG shows invariant selectivity to single
phonemes, e.g., plosive phonemes, sibilant fricatives, different
types of vowels, and nasals. Then, cells in the anterior STG are
tuned to particular spoken words [12]. Lexical, semantic, and
grammatical linkages, which are the least understood, include
a much broader network, involving most of the temporal lobe
and the inferior frontal lobe [28], e.g., left anterior temporal
and temporal-parietal areas respond more strongly to sentences
than to randomly ordered lists of words [31].

As mentioned by Simmons et al. [11], increasing research
indicates that concepts are represented as distributed circuits of
property information across the brain’s modality-specific areas.
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Quiroga et al. [16] found that single cells in the human medial
temporal lobe responded selectively to representations of the
same individual across different sensory modalities, including
vision and audition, and such neuronal representations could
be generated within less than a day or two [17]. We can name
this type of cell as a multimodality cell. Simmons et al. [11]
implies that the multimodality cell is vital for concept binding.
In [2], aregion of the human insular taste cortex, as defined by
its response to a prototypical taste stimulus (sucrose), which
is activated by olfactory stimuli, is found. This means that
coordination among a different sensory perception works all
the time.

B. Some Related Computational Models

Many computational models for sensory integration and
multimodal concept acquisition have been proposed during the
past years.

Modular neural networks (MNNs) are inspired by the mod-
ular structure of the brain, where different modules perform
different functions [32]. MNNs are very useful in sensory
integration and information fusion. In [33], an MNN for
concept acquisition is proposed, where the self-organizing
maps (SOMs) [34] are used to build concept prototype and
a brain-state-in-a-box [35] is used to associate concept names,
i.e., lexicon, to the output of the SOM, i.e., concept. In [36],
several neural network modules, which consist of forward and
backward parts, are fused by some integrating units. The net-
work is able to learn categories of objects by integrating infor-
mation from several sensors, such as the acoustics of Japanese
vowels and corresponding visual shapes of the mouth.

In [37], a bag of multimodal latent Dirichlet allocation
(LDA) is introduced for sensory integration. The bag includes
object categories LDA, color categories LDA, and haptic
categories LDA. In [38], an improved version of multimodal
LDA is proposed. When a new object comes to the system,
Gibbs sampling is carried out to the new input data iteratively
until convergence.

In [39], a bimodal deep belief network (DBN) is trained to
learn a shared representation of visual and auditory input. First,
a top restricted Boltzmann machine over the pretrained layers
for each modality is used to generate a shared representation
of bimodal features. Then, a bimodal deep autoencoder is
trained, which is initialized with the bimodal DBN weights.
Similar approaches are proposed in [40]-[42], which learn
joint representation between text features and image features.

In [43] and [44], the meanings of words are grounded in
visual features by conversations between users and a robot.
An initial learning phase is needed which leads to the methods
that cannot deal with words grounding in a totally online
incremental way.

The methods above do not focus on learning new con-
cepts or new bindings in an online incremental way. However,
new concepts and bindings always occur in the real world.
Thus, a better learning system should be able to learn new
concepts and bindings continuously. Keeping on learning new
concepts or bindings without catastrophic forgetting of already
learned ones is a very important ability for the learning system.
Just as humans are able to learn new objects and their names
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Neural network modeling of the Perception Coordination Network. The hierarchical structure is inspired by brain’s structure, i.e., each area in PCN

is corresponding to an area in the brain, which performs some particular functions. Note that the figure only takes vision and audition for example, other

sensations can also be involved in the structure.

without forgetting the previously learned ones throughout their
lifetimes. Unfortunately, many learning systems suffer the
stability-plasticity dilemma [45]. Taking this problem as a tar-
get, many online incremental methods for sensory integration
are proposed.

In [46], an incremental knowledge robot 1 (IKR1) for word
grounding is proposed, where a self-organizing incremental
neural network (SOINN) [47] handles the visual module,
and a vector-quantization (VQ) system is in charge of the
auditory module for words. Integration of words and objects
is achieved by associations between SOINN and VQ system.
In [48], a multimodal self-organizing network is proposed
for sensory integration with SOM [34] modules. Positional
coordinates of unimodal SOM which receive sensory data
are fused by a high-level SOM. Based on the architecture
built in [48], a bimodal incremental self-organizing network
(BiSON) [49] is developed which can incrementally integrate
stimuli in visual and auditory modalities. As an application,
a set of Chinese characters and related spoken words are
effectively integrated. Binding of mental objects to written
and spoken names is also reported in [50] and [51]. Besides,
based on the BiSON, online transfer learning between a pair
of multimodal integration systems is studied in [52]. In [53],
a generalized heterogeneous fusion adaptive resonance theory
(GHF-ART) is proposed. It describes a multichannel variant of
the ART network which can be used for fusion of multimodal
features, such as visual and textual features.

III. PERCEPTION COORDINATION NETWORK

In this section, a biologically inspired neural network model
named perception coordination network (PCN) is proposed to
handle multimodal concept acquisition and binding between
different sensory modules. Taking the visual and auditory
channel for example, Fig. 3 presents the neural network model-
ing of the PCN. It is a hierarchical structure which contains the
primary sensory area (PSA), the primary sensory association
area (SAA), and the higher order association area (HAA). The
PSA contains feature neurons, which process many elementary

features, e.g., colors, shapes, and syllables. The primary SAA
contains primary concept neurons, which combine the features
in the PSA to represent unimodal concept, e.g., the image of
an apple combines color and shape and the Chinese word
“[ping gud]” combines a series of syllables. The higher
order association area contains association neurons, which
connect several primary sensory association areas just like
synaesthesia, e.g., connecting the image of an apple and the
word “[ping gud]”. External input is categorized into Order
InDependent Stimulus (OIDS) and Order Dependent Stimulus
(ODS). For example, different visual features of an object,
such as the color and shape features, belong to the OIDS.
Because different orders of color and shape features do not
affect the activation of the corresponding visual concept; The
syllables contained in a voice wave belong to the ODS.
Because different orders of the same group of syllables may
refer to different concepts. Nerve impulses in PCN trans-
mit in parallel, descending, and ascending directions. PCN
works with a Stimulus-Introspection-Response formula, which
means it receives input (stimulus) from users, then makes an
introspection by comparing the current input with the learned
knowledge, finally gives a response to the users based on the
introspective result then waits for a new stimulus. Briefly, the
main contributions of PCN as are as follows,

1) Different types of neurons with particular computational
models are defined, increasing the interpretability of the
hierarchical PCN structure.

2) Through creating of connections between neurons,
PCN learns new concepts and bindings quickly without
forgetting of already learned concepts and bindings.

In the following, we first give an overview of the network
structure. Then, we give the learning process of the PCN.
Table I gives the meaning of the notations used in PCN. Note
that the dimensions of M%, Mﬁ’i, Vg’;., and M4i are not fixed.

A. Overview of the Network Structure

As mentioned above, PCN is a modular structure. Each
area in the network performs some particular function. In this
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TABLE I
MEANING OF NOTATIONS

Notation ~ Meaning
NiF & Feature neuron 7 in the primary sensory area o
CB .. . . .

N; Concept neuron ¢ in the primary sensory association area 3

NZA Association neuron % in the higher order association area

w; Weight vector of feature neuron %

o Activation times of neuron 7

Gof) Horizontal connection between feature neuron 7 and j

T(i,) Time parameter of the horizontal connection c?i )

M Matrix that stores the horizontal connections of PSA o

c%’i i Vertical connection between feature neuron 4 and concept
neuron j

P(i,5) Activity of the vertical connection c( )

MP Matrix that stores the ODS bindings of concept neuron 4
in SAA 3

VB Vector that stores the OIDS bindings of concept neuron ¢
in SAA 3 to PSA o

ct . Vertical connection between concept neuron m and concept

(m,i,n)

neuron n through association neuron ¢

P(m,i,n)  Activity of the vertical connection c(m in)

M54 Matrix that stores the connections between HAA and PSA 3

section, an overview of each area within the PCN architecture
will be given.

1) Primary Sensory Area: The PSA includes feature neu-
rons, which respond to particular features, e.g., color features,
shape features, or syllable features. See the bottom layer
in Fig. 1.

Feature neurons in area a are stored in set N« as shown
in Fig. 1; a can be the color feature area, the shape feature
area, or the syllable feature area. NiF”‘ is used to denote feature
neuron I in area a. NiF“ £ {w;, 0;}, where w; and g; represent
the weight vector and the activation times of feature neuron i.
The activating domains (ADs) of NiF“ are defined as follows:

ADs(N “) £ {x | Dis(x, w;) <0} (1)

where 6 is a parameter which controls the response range
of the ADs. x is the feature vector extracted from stimuli
received by sensory receptors. Dis(x,w;) is the distance
between x and w;. Different distance functions are applied
to different types of features, e.g., we use Euclidean distance
for visual features and dynamic time warping (DTW) for
auditory features. The details of the distance function used
are described in Section III-B.

In this layer, horizontal connections between feature neu-
rons are developed to organize the feature neurons into a
feature map. The connection between feature neuron NiF" and
feature neuron NJE" is defined as follows:

C?i,j) 2 {NiFa» N,& > T(i,j)} 2
where 7(; j) is a time parameter which represents the age of
the connection. Assuming that there are d feature neurons in
area a, then a d x d dimensional 0-1 matrix M? can be used to
store the connections, where Mff j= 0 means that there is no

. . F, F,
horizontal connection between feature neurons N; “ and N ; *
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Type I1. OIDS binding

Fig. 4.  Two types of the binding structures between the primary concept
neurons and the feature neurons.

and M"‘
Fa
and N

l2 ) Prlmary Sensory Association Area: The primary SAA
includes primary concept neurons, which combine feature
neurons to represent some unimodal concept, e.g., to form
visual concepts by connecting shape and color feature neurons,
to form auditory concepts, such as words by connecting
syllable feature neurons. Concept neurons in SAA f are stored
in set NS, where f can be the visual association area,
auditory association area, or other SAA, see the middle layer
in Fig. 1. Nicﬂ is used to denote concept neuron i in area f.

. . c
Vertical connection between concept neuron N j A

= 1 means that there exists a connection between

and fea-

ture neuron NiF“ is defined as follows:

F, C
cl()i,j) 2 {Ni ’Njﬂap(i,j)} 3)

where p(;, j) represents the cumulative times of the connection
be activated.

As shown in Fig. 1, the external stimuli are divided into two
types, which include Type 1. OIDS and Type II. ODS. For
example, different visual features, such as color and shape
features, belong to the OIDS. Because different activation
orders of color and shape features do not affect the activation
of the visual concept that they refer to; syllables contained in
a voice wave belong to the ODS, because different orders of
the same group of syllables may refer to different concepts
(words here). Correspondingly, two types of binding structure
between the primary concept neurons and the feature neurons
are defined as shown in Fig. 4. Then, two different types of

the ADs of the concept neuron Nicﬂ are defined as follows:

F,

c N ..o N Y, ODS
aps(v 2 (N N ) @

(N s N %s s N ™), OIDS
where feature neurons Nk Nk2 s N,Z * and
Fal Faz Fay, Cﬂ
Nk1 ,Nk2 ,...,Nkn connect the concept neuron N
Note that the arrow over the vector means that NC can
be fired only by the firing of N Nk2 ye - ,NkF“ through

the arrow s direction. We can represent the ODS binding
of N with a 0-1 matrix MP+ = [Mﬂ i Mﬁ i Mﬁ l]
Mﬁ i (1 < j < n) is an d-dimensional column vector, where

d is the number of feature neurons in area «. Mﬁ =1 and

other elements are 0. To present the OIDS blndlng of N, ﬁ
a group of column vectors {VA-ie1 Vhiea  yhiany can
be used. VA% (1 < j < n) is an d- dlmensmnal column
vector, where d is the number of feature neurons in area a;.

Vﬁ baj = 1 and other elements are 0.
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Fig. 5. Four types of the binding structures of the association neurons. Note
that the association neurons can bind more than two SAAs.

3) Higher Order Association Area: The HAA includes
the association neurons, which connect different SAAs, e.g.,
connects the image of an object, the object’s names, and its
taste, see the top layer in Fig. 1. Association neurons are stored
in set N4, NiA is used to denote association neuron i. Four
types of binding structure will be generated during learning as
shown in Fig. 5. The concept neurons in different sides of NiA
in Fig. 5 come from different SAAs, e.g., the left side can be
the primary visual association area and the right side can be
the primary auditory association area.

The ADs of the association neuron NiA is the set of the
primary concept neurons that NiA binds with

ADs(NA) 2 (NP NS, NG ) )
Note that the ADs of the association neuron is a set of neurons
which means that any primary concept neuron in the set can
activate it. Also, the primary concept neurons in the set can
come from different SAAs. Thus, the association neuron has
a multimodality activation mode.
Vertical connections between a concept neuron N,S/') and
another concept neuron Nnc A through NiA are defined as
follows:

c c
Cl()m,,‘,n) £ {Nmﬂ7 NiA , Ny ﬂ7 p(m,i,n)} (6)

where p. i) represents the cumulative times of the con-
nection between NS and N be activated. The connections
between the HAA and SAA f can be stored with a 0-1 matrix
M4/ where M:”ﬂ = 1 means that there exists a connection

between concept neuron N,,fﬂ in # and association neuron NiA
and M:”ﬂ = 0 means that there is no such a connection.
Assume that there are /1 concept neurons in area S and
I, association neurons, then MA-# is an /; x [ dimensional
matrix. The cumulative times p(y, ;) can be stored in a
3-D matrix R, where Ry, ; , corresponds to p(n,i,n)-

B. Learning Process

PCN is an online learning method which means that samples
are fed into the network sequentially. When a pair of inputs
arrive, e.g., a pair of visual input and auditory input, the PSA
will extract features from the input data first. Then, competitive
learning among feature neurons is conducted, and firing neu-
rons will transmit activation signals to the SAA. Meanwhile,
the firing neurons in the PSA will be updated. When the SAA

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 30, NO. 4, APRIL 2019

receives the ascending signal from PSA, competition among
concept neurons will be executed to activate the concept
neurons. The activated signals will be transmitted to the HAA;
meanwhile, the connections and neurons in PSA will be
updated. When the HAA receives the ascending signal from
the SAA, an unconscious impulse process will be triggered,
which uses one channel’s signal to wake its corresponding
concepts in other channels, e.g., using input image to wake
its names and tastes. After that, an introspection process is
conducted, which aims to check the consistency between the
current input pair and the learned knowledge (concepts and
bindings) from the past pairs. Finally, the SAA will be updated
according to the introspection process. When all the above
processes for the current input sample are complete, the PCN
will then deal with the next input pair. In the following, we use
a pair of vision (OIDS) and audition (ODS) input to describe
the method in detail.

1) Primary Sensory Area: Feature extraction is executed
in the first step, as the function fyision and faudition Shown
in Fig. 1.

For the vision features, shape and color features of the
objects are used. Normalized Fourier descriptors [54] are used
to extract the shape features of the objects. The boundary b
of the object o in a picture p is computed first,
i.e., b = fooundary(0), where b is a series of 2-D coordinates
bi = (xi,yi), 0 <i <n — 1, which form the object’s outline.
Then, a complex format b’ of b is obtained, that is, b} =
xj+iyj, i =+/—1. A Fourier descriptors d’ of the object’s
outline is computed by the fast Fourier transform (FFT),
ie,d = FFT '), where d’ = (dj,d},...,d)_,). Finally,
the normalized Fourier descriptor d = (dy, da, ..., d,—1) will
be obtained by d; = |d/||/ldjl,1 < i < n — 1. Vector
(d2,d3, ..., d>rs) is chosen for the final shape feature.

Next, the color histogram is used to extract the color features
of the objects. First, the object’s image g, which means the
part of the picture that is surrounded by the boundary b,
will be extracted. Then, the color histogram h is extracted
from image g with the color histogram function (HIST),
ie., h = HIST(g,num), where num is a constant which
determines the number of the containers in the histogram.
We set num = 0.05.

For the audition features, Mel-Frequency Cepstral Coeffi-
cients (MFCCs) [55] are chosen for each syllable contained
in the input voice wave v. To do this, all syllables in v need to
be extracted first. The wave v is filtered by a high-pass filter,
where the system function is H(z) = 1 — uz~', and we set u
as 0.9375. Following this, the amplitude of v is normalized.
Next, frame blocking is executed as ¢ = FB(v,len, olp),
where len and olp are constants which represent the length of
one frame and the length of the overlap between two adjacent
frames. We set len = 256 and olp = 128. Now, assuming that
m frames are gained from v, i.e., ¢ = (q1, 42, ..., qm). After
this step, the short-time energy E; and short-time zero crossing
rate C; of each frame ¢; are calculated. The frame ¢; whose
short-time energy E; is larger than a threshold #, or short-
time zero crossing rate C; is larger than a threshold 7. will be
marked as a candidate frame and stored in set R, i.e., R =
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{qi|Ei > to v C; > t.}. We set t, = 0.5 and t. = 100. Then,
the consecutive candidate frames in R are spliced together as
the candidate syllables. Meanwhile, the adjacent two candidate
syllables with gap no more than one frame length, i.e., 1 x len,
will be merged together. Also, candidate syllables whose
length are less than two frame length, i.e., 2 x len, will be
marked as noise and removed. Finally, the syllables § =
{s1,82,...,sr} contained in the wave v are obtained and the
MFCCs m; of each syllable s; in set S are extracted.

After the feature extraction step, the obtained feature vectors
will be transmitted to their corresponding PSAs, e.g., shape
area, color area, and syllable area. Then, competitive learning
among feature neurons will be executed.

For the vision, a winner neuron N;”‘ in each feature area a
is found as follows:

Njf" = argmin ||x — w;|, where a € {b,c} 7
N eNFa

where x is the feature vector d (normalized Fourier descrip-
tors) or h (color histogram). w; is the weights of the feature
neuron i in area a. || - || is the distance function; for vision,
Euclidean distance is used, and for audition, DTW is used.
The superscribed Fj, and F, represent the shape PSA and
color PSA, respectively.

If x belongs to the ADs of neuron N;“, i.e.,

1
||x—wf||2§Z||wf||2 ®)

the winner neuron N lfv is activated.! The activation time of
N]f" is incremented by 1 and the weight vector of N;“ is

moved toward x as follows:

1
of=o0f5+1, w]c:w]v—}—;(x—wf). )

If x does not belong to the ADs of N]f“, PCN will recognize x
as a new feature, and remember the new feature in its memory,
. Fy -

i.e., a new neuron Nyg&, will be created for x as follows:

Nrf;“w ={x,1}, where a € {b,c}. (10)
Then, N, new is activated.
Finally, the activation signals of the shape PSA and color

PSA are transmitted to the SAA as follows:

Fy Signal
(Nfb’ Nf ) —— SAA (1D
where N’ and NE /. represent the activated neurons in the

shape PSA and color PSA, respectively. The format of the
activation signal of the shape PSA is a 0-1 row vector P?
and the dimension of P? is the number of the neurons in the
shape PSA. Meanwhile, Pbb = 1 and other elements are 0.
The format of the activation signal of the color PSA P¢ is
similar.

lHere, 0 of the AD function formula (1) is defined as 1/4 times the 2-norm
of weight vector of the feature neuron.
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For the audition, DTW is used to find winner neuron for

each syllable s;, i.e.,
Nfi" = argmin DTW(m;, w;),
NjF" eNFa

where 1 <i <k, a € {s}

12)

where w; is the MFCCs of syllable neuron j in the syllable
PSA and m; is the MFCCs of the ith syllable s; in the input
voice wave.

If m; belongs to the ADs of the winner neuron, i.e.,

DTW(m;,wy) < 200. (13)

Then, NJI:;‘ is activated.?
If m; does not belong to the ADs of N}?. A new syllable

neuron NZ

ew Will be created for m; as follows:

NE = {m;, 1}.

new

(14)

Then, NI{Z“W is activated.
Finally, the activated signals are transmitted to the SAA
ascendingly as follows:

) Signal

(NFUNT SAA. (15)

Assume that there are d syllable neurons in the syllable PSA,
the format of the activated signals is a k x d dimensional
0-1 matrix P, where Pj.,fj =1 < j < k) and other
elements are 0.

Next, self-organizing [34] among feature neurons is
conducted according to the competitive Hebbian learning
rule [56]. If the winner neuron N Fais activated when an input
sample x comes, the following condition will be checked for
all other neurons:

LNE

lx —w;]| <d-6, where Nl.F" e Nfe \{Njf“}, o €{a,b,s}

(16)

where ¢ is a constant to control the activation behavior of
NiF" during self-organizing processing; usually, it is set larger
than or equal to 1. We set 0 = 3 in this paper.

If (16) is satisfied, a horizontal connection will be estab-
lished between N;”‘ and N, F« if no connection exists between
them, which means thet M"‘ is set to 1. Then, time parameter
7(f,i Will be set to 0 to represent that the connection is
newly built, i.e., cflfl) = {NF“ NF”‘ ,0}. If there is already
a connection between them, the t1me parameter 7(z,;) will be
set to 0 to renew the connection.

For the dynamically changing environment, neurons change
their weights slowly during learning. Neurons that are con-
nected with each other at an early stage may not have similar
weights at an advanced stage. The connections which associate
such neurons should be weakened or removed. Thus, if the
winner neuron N* is activated and updated, the connections
emanating from 1t will be weakened by increasing their age

parameter, i.e., 7(f,j) = 7(f,j) + 1, where Nf € S Sy
represents the neighbor neuron set of N;”‘ , which means that
h

neurons in the set connect to N f“ directly. Connections c; g

2Here, 0 of the AD function formula (1) is defined as 200.

Authorized licensed use limited to: Nanjing University. Downloaded on December 29,2020 at 02:50:02 UTC from IEEE Xplore. Restrictions apply.



1110

whose time parameter is larger than a predefined threshold ¢,
will be removed by setting M7} j= 0 and #; is set as 50 here.
2) Primary Sensory Association Area: When the SAA

. . . Fb Fe
receives an ascending signal x = (N 5o Ny ) or x =

(N;ls , N}Zs Yy kas) from PSA, the signal is checked whether
equal to any concept neuron’s ADs, i.e., to find the solution

of the following equation:
x = ADs(NiCﬂ), where Nl.c/') e N, pela, v}y (A7)

where N¢ and N represent the audition SAA and vision
SAA, respectively.

For the audition (ODS situation), (17) means to find a
concept neuron that satisfies the following condition:

Pl M =1, where | <j <k, N{“eN% (18)

where Pj is the row vector of P¥ and M”jl is the column
vector of M%1.

If a concept neuron Nfca“ is found in (18), it means that the
current input signal x has been encountered before, which
is stored by neuron NZ". Then, NZ" is activated and the

activation times of Nfca“ is increased by 1, i.e., 07, =0y, + 1.
The activities of the connections between N}?, N;;, e, Ngj

and Nfi“ are also increased by 1, i.e., p(f.f) = P(fi,fa) T
1,1 <i<k.

If no concept neuron is found, it means that x has not been
encountered before. The SAA will remember this new concept,
and a new neuron N,%{V will be created for x as follows:

ADs(NC“

new (19)

):x, Onew = 1.

Then, Nnce‘(V is activated. In the followin%, we denote Nnce‘(V as

N C;". New connections between N}? , N f; e N}ZS and Nfca“
will then be created as follows:
0 _ FS Ca H
gy = AN Npts 1}, 1<) <k (20)

To realize (20), a new connection matrix M¢%/a is created,
where M/t =1, 1 < j <k.

For the vision (OIDS situation), (17) means to find a concept
neuron that satisfies the following conditions:

P’ . V»P =1, where Nic” e N@
PC.VYh¢ =1, where N e NG,

i

21
(22)

If a concept neuron Nﬁ“ is found by (21) and (22), N fl)“
is activated. Then, oy, is increased by 1, i.e., o7, =0y, + 1,
the activity of the connections between N;;” and N]IZZ’, N F:,
ie., p(s,,f,) and p(y.. 1), is also increased by 1.

If the shape N fbb falls in the ADs of some concept neuron

Njgvn but the color N}i" does not fall in the ADs of Nfcu“,

PCN will create a connection between N C;” and N F: to bind
different colors with the same shape, which we call a shape-
centered neural coding strategy as shown in Fig. 6.

If no conce}:npt neuron is found by (21) and (22), meanwhile,
the shape N f;,b does not fall in any concept neuron’s ADs,

C .
a new neuron Npg, will be created as follows:

ADs (NC“

new (23)

):x, Onew = 1.
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NJ?;
NFb/ \N\FC\ T NF
fo i fe

Fig. 6. Primary visual concept neuron connects novel color N}if“ to associate
I F - - F
it with shape N fbb . Nl.F‘ is the existing color of N fz;b .

Then, Nncel{y is activated. We denote Nncel{y as Nfcu“. Meanwhile,

new connections between N}Z” s lei“‘, and Nﬁ“ will also be
created

) _ Fp Cy

Uiy = {Ng > N7 1}

0 — FC v

ey = N7 Ngs 1)
To realized (24), two vectors V'-/»-? and V?-/o:¢ will be
created, where Vl}b v =, V;;f“’c = 1, and other elements
are 0. 4

Finally, the activated signals in the SAA are transmitted to
the HAA

(24)

(NS, NGy ZE HAA.

The format of the activation signal of the visual SAA is a
0-1 row vector P?, and the dimension of P? is the number of
the concept neurons in the visual SAA. P% = 1 and other
elements are 0. The format of the activation signal of the
auditory SAA P¢ is similar.

3) Higher Order Association Area: The procedure of the
HAA includes two processes which are the unconscious
impulse process and the introspection process.

a) Unconscious impulse process: When the HAA
receives an ascending signal x = (N;;”, NZ") from SAA,
an unconscious impulse process will be triggered. First, taking
the visual sense as the start goint, to find the association neuron
which connects neuron N D“, i.e., to find the solution of the
following equation:

¢ e ADs(N{'), NfeN".

(25)

(26)

Assuming that a solution set le‘f is found, then association
neurons in set le} are activated, and the primary auditory

concept neurons connecting to association neurons in NUAf will

be unconsciously activated, which are

N = {NT“|NT* € ADs(NJ)}

27)

where set Nuc “ is used to represent these primary auditory con-
cept neurons. Assume that there are /; visual concept neurons,
[> auditory concept neurons, and /3 association neurons, then
the connection matrix M4-? is an /; x {3 matrix and M9 is
an [ x [3 matrix. Auditory concept neurons Njc“ in set Nuc“
then satisfy the following condition:

P’ . MA,D . Mf.l,.aT _ 1,

¥ where 1 < j <l

(28)

where M is the jth row vector of M4+,

By now, the bottom—up and top—down stimulation flow
launched by a visual stimulus V can be summarized as shown
in Fig. 7.
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_—
N NG« —> (NFs NFs . NE)
“\ 7
V/ NCv > NA
\ fo vf
A AN
Nflzc Nica >(N1FS?N2FS7'“7N'53)

Fig. 7. Visual stimulus V fires its target neurons in auditory area through
bottom—up and top—down flows.

F F. Cy Fy
(Nfbbvac)<7N1 . ]\ff1 .
N eNC S A
Fy arF. cv/' F, tn
(N:*, N;¢)<-N, N
fo 27 fe i fr

Fig. 8. Auditory stimulus A fires its target neurons in visual area through
bottom—up and top—down flow.

Next, taking the auditory sense as the start point, do the
unconscious impulse process using Nfca“. First, finding the

.. . C, .

association neuron which connects N f“, i.e., solve the fol-
a

lowing equatlon:

f € ADs(N{*), Nf* e N (29)

Assuming that a solution set N ff is found, then association
neurons in set N4 o are activated, and the primary visual

concept neurons connecting to association neurons in N4 of are
unconsciously activated, which are

NS = {N{" N5 € ADs(N;)}

(30)

Cy . . .

where set N,” is used to represent these primary visual
.. . C, .

concept neurons. Similarly, visual concept neurons N ;" in set

NMC " should satisfy the following condition:

POMACMAY 1 where 1< <L (3D)
where MAﬁD is the jth row vector of M4-?.

The boftom—up and top—down stimulation flows launched
by an auditory stimulus A can be summarized as shown
in Fig. 8.

b) Introspection process®: After the unconscious impulse
process, an introspection process will be executed. The process
is divided into four conditions.

(a) If some association neuron fo is found through (29)
and no association neuron is found through (26), i.e., NA of =

IAN ff # . This means that the view of the current input of
the object is new to PCN, but the voice is met by PCN which is
used to call some other views. The current input should look
like the views symbolized by the primary concept neurons
in set Nuc” according to the current input voice. Therefore,
a contradiction emerges in the network and PCN will ask

3When the input pair includes auditory input, the introspection process is
needed, otherwise, it can be omitted, for example, the vision-gustation input
pair, because such a pair does not reflect definition of a concept with others.
Although contradictions between input and learned knowledge can happen,
we cannot avoid it by rejecting the input pair through conversing with users.
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the user a question: “The current input name Nfca“ can also
represent the current input view?” An answer y from users is
needed to help make a judgment.

If the user gives a positive answer, e.g., y = 1, it means
that the current input view is also called NZ“, then concept

neuron N?” is added to the ADs of each association neuron

in Naf’

ADs(Njy) = ADs(NZ;) UNY". (32)
The connection between va" and N;;" will be initialized as

follows:

N2 NG 1), (33)

Chratr = (NG Naps NG

Formulas (32) and (33) can be realized by setting M4 7 f =1
and Ry, 47 s, = 1; here, we use af to represent the index of
the association neuron in N ;f'

If the user gives a negative answer, e. g y =0, it means
that the current input view is not called N € The view N f“
will be stored as a Type O binding with a new association
neuron, i.e.,

ADs ( ={N'}, onew=1. (34)

HCW)

To realize (34), we set M4 f new = 1. Note that the dimension
of M4 is increased here.

(b) If some association neuron NUAf is found through (26)
and no association neuron is found through (29), i.e., le‘f #
AN ff = ), it means that the current input voice is new to
PCN, but the view of the current object is met before and
recognized by PCN. The object should be called with the
names symbolized by the primary auditory concept neurons
in set NMC “. Then, PCN will ask the user a question, “This
object is called NMC @ previously. Is it also called Nz" 7 And
an answer y is needed.

If the user gives a positive answer, e.g., y = 1, it means that
the object is also called Nfca“. Concept neuron Nfca“ is added
to the ADs of each association neuron in lef, ie.,

(35)

ADs(N/;) = ADs(N;y) UNG".

The connection between this new combination will be initial-
ized as follows:

(NG N NG 1) (36)
Formulas (35) and (36) can be realized by setting M4 o f =1
and Ry, .7 7, = 1; here, we use vf to represent the index of
the association neuron in Ntff.

If the user gives a negative answer, e.g., y = 0, it means

that the object is not called NZ“; the primary auditory concept

0
Cfovfifa) =

neuron N;;" will be rejected by the network. Of course, one

can also store neuron NS in the network as an ungrounded
association; this means a different situation that you heard this
,a
thing, but never saw it. To realize this, we set M4 ﬁ,,new =1.
(c¢) If some association neurons NA of and N4 of are found

through (26) and (29), i.e., N f #* @/\Nf # O, it means that
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PCN has seen the image and heard the voice. The coherence
should be checked first. If

N NNy # @

it means that N and NS ! activate some association neurons
in common. The current input pair of image and voice is
consistent with some previous pairs. The activity of the
connections between N;;” and Nfca“ through the activated
association neurons in common will be increased by 1 to
strengthen the association, i.e., Ry, ; r =Ry, ; r + 1, where
Nt e NN N;‘f

If N?’ and NS W activate different association neurons, i.c.,

(37)

N (38)

a f -
it means that the current combination between N C;)” and N Ca“
is inconsistent with some previous pairs. PCN will ask a
question, “The current input pair is inconsistent with some
previous pairs, is it an expected combination?” An answer y
is needed to help make a judgment.

If the user gives a positive answer, e.g., y = 1, it means
that the current view and name recognized by PCN is an
expected combination. Then, neurons Nfcu“ and Nfca“ are added
to the ADs of each association neuron in set fo and NUAf,
respectively, i.e.,

ADs(N/;) = ADs(NJy) UNG*
ADs(N/;) = ADs(Njy) UN® (39)

meanwhile, connections between the new combination will be
initialized as follows:

Lot = (NG N o Ny, 1}

U arp = NG N N 1) (40)

Similarly, (39) and (40) can be realized by setting M4 a f =1,

A,
Mf al)f =1 Rfval’f Jfa = 1, and Rfo,af fa = L.

If the user gives a negative answer, e.g., y = 0, it means
that the combination is not an expected combination. Then,
no operation will be done to the network.

(d) If no association neurons are found through (26)

and (29), i.e., f =OJA NAf &. This means that va”
and NZ“ are new to PCN. The HAA will remember this

new combination by adding a new association neuron N2

new
as follows:
ADs( = {N§" . NCY

and NE“ through the new associ-

NAL) Onew = 1. 41)

A connection between Nfc“

ation neuron N2

o Will then be created for this combination,
ie.,

Co A7A Ca
cl()fo,new,fa) = {N - Nnewa fa> 1}~ 42)

To realize (41) and (42) we expand matrix MA-*, M4-¢ R,
and set Mf ew = 1 Mfa,“new =1, and Ry, new,, = 1.

Now, the whole learning procedure for a pair of visual and
auditory input is finished. PCN will go to the next input pair.*

As a summary, the algorithm of PCN is given in Algorithm 1.

4The code is available at https://github.com/cloudlee711/PCN
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Algorithm 1 Perception Coordination Network

Initialize: Set the value 0, J, f; and the parameters in feature
extraction step.

1: Receive a pair of image (OIDS) and name (ODS) of an object.

2: PSA: Execute feature extraction. For the vision, extract normalized
Fourier descriptor and color histogram. For the audition, extract
Mel-Frequency Cepstral Coefficients of each syllable contained in
the stimulus.

3: PSA: Execute competitive learning. For the vision, use the proce-
dure from formula (7) to (11). For the audition, use the procedure
from formula (12) to formula (15). Execute self-organizing among
feature neurons.

4: SAA: Execute concept learning procedure. For the audition, use
the procedure from formula (18) to (20). For the vision, use the
procedure of formula (21) to formula (24). Transmit activating
signals to HAA using formula (25)

5: HAA: Execute the unconscious impulse process from formula (26)
to formula (31).

6: HAA: Execute the introspection process from formula (32) to
formula (42).

7: Waiting for the next input pair and go to step 1.

e
L
.
B
=

[:E:T-i?;ilé] [xiang jiso]  [shéng nii gus] [ban li] [a jiso]

°
=
O
O
O

[ji dan] [hua shéng] [huéng Ii] [ning méng] [méng gus]

>
¢

lyang céng] [gan ja] i 0} [bs lus] [feng Ii]

Q
0
=
O
\

[shi liu] [t dou] [cdo méi] [fan qié] [lué bs]

Fig. 9.
names.

Examples of the objects and the pronunciations of their Chinese

IV. EXPERIMENTS

A. Experimental Details

The concept acquisition and binding among vision, audition,
and gustation are conducted. Twenty objects are used. Fig. 9
shows the examples of the objects and the pronunciations
of their Chinese names. There are voices with the same
syllables but in different orders referring different objects
(ODS), e.g., “[bd lud]” and “[lué bd].” There are also dif-
ferent voices referring the same object, e.g., “[ping gud]” and
“[zhi hui gud].” And objects with different colors but similar
shapes are included. Because we do not have real taste data,
an artificial taste data set is designed. The taste data are a
6-D vector (sweet, sour, salt, bitter, umami, and hot). The
value of each attribute is in the range of [0, 1]. For example,
we design the taste of apple as follows: the value of sweet
is uniformly distributed in the range [0.5, 0.6], the value of
sour is uniformly distributed in the range [0, 0.1], and other
attributes are 0.

We design a task which aims to teach the learning system
object’s name and taste in an online way, just like the learning
task in [46] that teaches the learning system object’s color,
shape, and name properties. During the learning experiment,
we first let PCN learn the view-name concept acquisition
and binding. At each round of learning, an object is put in
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.

"~» .

[guo] [feng]

[ping]
[lkﬂ‘ | [bt')]k [lu(ﬂ | [méng]
[méng] | [ning] [xiﬁng]‘ [jiﬁo‘]k |

Fig. 10. Several examples of the pronunciation of the syllables. Double click
on the icon to listen to the pronunciation.

front of a camera. Then, we start the audition program and
pronounce the name of the object in Chinese. At the same
time, the vision program captures the images of the object.
When the pronunciation is finished, the audition program is
closed. One round of learning is finished. Then, we go to the
next round. To verify the robustness of PCN, we rotate the
object in each round. To test the flexibility, we also call the
same object in different names if it has.

When all objects’ view-name learning is finished, we let
PCN learn the view-taste concept acquisition and binding.
At each round of learning, the taste data of an object are given
to PCN when the vision program captures the images of the
object. Algorithm of gustatory module is similar to that of
visual module, because they both receive OIDS. And intro-
spection process is not needed between gustation and vision.

We conduct the experiment in two environments which are:
1) the Closed environment and 2) the Open-ended environ-
ment (for the stability-plasticity dilemma [45]). In a closed
environment, object is randomly chosen from the 20 objects
in each round of learning. In an open-ended environment,
we first let the methods learn 10 objects. In each round of
learning, an object is randomly chosen. After that, we give the
methods the remaining 10 “new” objects in the second learning
period. Similarly, in each round of learning, object is also
randomly chosen. We conduct the experiment 30 times, each
time containing 352 rounds of learning for 20 objects, in both
closed and open-ended environments to check the statistical
properties of the learning results.

Meanwhile, for the auditory channel, we give two settings
for the syllable learning. (Setting 1): the incremental learn-
ing strategy as described in Section III-Bl, the procedure
from (12) to (14). (Setting 2): a group of syllable neurons are
constructed beforehand. First, we collect voices which are the
names of the objects used in the experiments. Then, the voices
are processed by the audition program, including syllable seg-
mentation and syllable feature extraction (see Section III-B1).
Finally, we get a group of syllable features which will be used
in the learning experiment. The syllable group includes many
Chinese syllables, see examples in Fig. 10, which constitute
the syllable PSA of the PCN. During learning, PCN combines
them to form words and does not add new syllables to the
syllable group. We give these two settings to compare learning
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results based on incremental learned syllable neurons with
learning results based on a predefined syllable neurons.

The parameters of PCN are set as follows: to extract the
object’s boundary, a Gaussian filter with [Hsize = 15, ¢ = 9]
is used to smooth the image. Then, the image is converted to
a binary image with a gray threshold of 0.7. The dimension of
the normalized Fourier descriptors for the object’s boundary
is 23. For the color histogram, the container size is 0.05, where
color value is first normalized into interval [0, 1]. For the
syllable extraction and MFCC feature of each syllable, frame
size is 256 and frame shift is 128. The pre-emphasis filter
coefficient is 0.9375. The threshold of the short-time energy
and short-time zero crossing are 0.5 and 100.

We compare PCN with the IKR1 system [46],
MMSOM [48], BiSON [49], and GHF-ART [53], which
aim to handle word grounding and multimodal feature
fusion. Among the four methods, IKR1 system, BiSON, and
GHF-ART are online learning methods. Because IKR1 system,
MMSOM, and BiSON only give a vision-audition bimodal
learning algorithm, we let them learn visual and auditory data
in the experiments. GHF-ART does not give a fuzzy operation
for auditory information with different dimensions; we let
GHF-ART learn visual and gustatory data. The parameters of
the IKR1 system are set as follows, amax = 200, 2 = 200,
and ¢ = 0.1. The grid size of the SOM used in the MMSOM
is 36 x 36 and 22000 epochs of training are applied. For
the BiSON, the number of neuronal units proportional
to the number of stimuli is 16. In a closed environment,
we train BiSON using all objects in the beginning. In an
open-ended environment, we train BiSON using 10 objects in
the beginning then add one object from the left 10 objects at
each incremental learning step. The 22000 epochs of training
in total are applied. The parameters of the GHF-ART are
o = 0.01, p = 0.6, and p = 0.95. The comparison methods
are reconstructed according to the referenced publications,
and parameters are tuned following the suggestions in the
publications.

B. Learning Results

For setting 1 which means that syllable neurons are
incremental learned, for 30 times experiments in the closed
environment and 30 times experiments in the open-ended
environment, PCN learns 71 to 77 shape feature neurons,
33 to 39 color feature neurons, 71 to 77 visual concept
neurons, 221 to 228 syllable neurons, 130 to 137 auditory
concept neurons, 52 to 59 gustatory concept neurons, and
60 to 62 association neurons. An average of 89 questions are
asked by PCN during learning. In about 85 questions on new
words with similar views, the answer by user is positive. The
other about four questions are caused by visual and auditory
erroneous judgments. Thus, they get negative answers.

For setting 2 which means that syllable neurons are con-
structed beforehand, for 30 times experiments in both closed
environment and open-ended environment, PCN gets 21 to
23 auditory concept neurons and 19 to 21 association neu-
rons; other neurons are similar with setting one. An aver-
age of 62 questions is asked by the robot during learning.
In about 56 questions on different names of the same object,
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Example of the network structure of the concept “[ping gud]” or “[zhi hui gud]” (apple) including view, taste, and name. The probability of the

connection between visual concept neuron and each auditory concept neuron (or word neuron) through the association neuron is 0.5, which is gained by the
normalization of the activity parameter of these connections. Because the user says “[ping gud]” and “[zhi hui gud]” with equal probability in the experiment.
The probability of the connection between visual concept neuron and each gustatory concept neuron is gained in the similar way. Icons next to the neurons

represent the objects to which the neurons maximally respond.

TABLE II

EXAMPLES OF THE ASSOCIATIONS OF VISION, AUDITION, AND GUSTATION (ONE EXAMPLE PER OBJECT). THE VECTORS IN THE GUSTATION
COLUMN ARE [SWEET, SOUR, SALT, BITTER, UMAMI, AND HOT]. DOUBLE CLICK ON THE ICON TO LISTEN TO THE PRONUNCIATION

Vision Audition Gustation I

Vision Audition Gustation

[ping gud]
[zhi hui gud]

O

[0.58 0.06 0 0 0 0]

[xiang jiao] [0.44000 0 0]

i} {}f:l;“ﬁql [0.63 0.37 0 0 0 0]
o [0.17 0 0 0 0 0.20]
(lué bd] [0.08 0 0 0 0 0.27]

[shi liu] [0.63 0.27 0 0.08 0 0]

[mang guo] [0.76 0.01 0 0 0 0]

[la jiao] [000000.95]

[cio méi] [0.58 0.27 0 0 0 0]
[fan qié] [0.08 0.54 0 0 0 0]
[li] [0.67 0.22 0 0 0 0]

[t dou] [0.04 0 0 0 0]

hua she [0.08 0 0.03 0 0 0
(hua shéng] 06000

]
[0.04 0 0. ]

[ban li] [025000 0 0]

[yang cong] [000000.47]

[0 0.90 0 0 0 0]

[ning méng] [0.10 0.80 0 0 0 0]

[ji dan] [00000.510]

[sheng nV guo] [0.34 0.28 0 0 0 0]

[gan ju] [0.82 0.05 0 0 0 0]

‘ p [0.69 0.10 0 0 0 0]
[huéng li] 30000]

[0.62 0.0.

[li] [0.69 0.15 0 0 0 0]

the answers are positive. The other six questions are caused
by visual and auditory erroneous judgments. Thus, they get
negative answers.

It can be found that there are more auditory concept neurons
for words in the setting 1 experiments. This is because the
incremental learning generates more syllables and the syllables
combine to generate more words. As s result, the probability of
treating an input word as a new one is larger in setting 1 than
that in setting 2. Then, the association neurons and questions
in setting 2 are more than those in setting 1.

Table II gives some examples (one example per object) of
the associations of vision, audition, and gustation. It can be
found that PCN correctly acquires these concepts and properly
binds them.

For a more detailed observation, Fig. 11 shows the structure
of the concept apple in PCN. The association neuron connects
the concept neurons in visual, auditory, and gustatory area. The
visual concept neuron connects the shape and color feature
neurons. An example of the shape-centered neural coding
strategy is given, that is, a visual concept neuron connects
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Sour Syllables

Fig. 12. Example of the network structure of the concept “[1i]” (pear) including view, taste, and name. This situation is the object with different colors but
the same shape. In the network, the primary visual concept neuron connects different colors to associate them with their common shape. Icons next to the

neurons represent the objects to which the neurons maximally respond.

Color Sweet

Shape

Fig. 13.

Sour Hot Syllables

Example of the network structure of the concept “[bo 1ué]” (pineapple) and “[lué bo]” (turnip) including view, taste, and name. The auditory input

is the ODS, i.e., voices with the same syllables but in different orders referring different objects, see the left (vision) part and right (audition) part of the
network. Icons next to the neurons represent the objects to which the neurons maximally respond.

one shape feature neuron and two color feature neurons. The
auditory concept neuron (or word neuron) connects several
syllable feature neurons. The gustatory concept neuron is a
combination of six kinds of flavor neurons. The probability
of the connection between visual concept neuron and each
auditory concept neuron through the association neuron is 0.5,
which is gained by the normalization of the activity parame-
ter p of these connections, because we say “[ping gud]” and
“[zh1 hui gud]” with equal probability. Every time an apple is
shown to the system and the word “[ping gud]” is spoken
simultaneously; the activity of the connection between the
visual concept neuron apple and the auditory concept neuron
“[ping gud]” through their association neuron is increased
by 1. It is a similar situation for the word “[zhi hui gu6].” The
probability of the connection between visual concept neuron
and each gustatory concept neuron through the association
neuron is acquired in a similar way.

Fig. 12 shows the structure of the concept pear in PCN.
In the visual area (left part), the primary visual concept neuron
connects different colors to associate them with their common
shape. It means that the shape and color features can combine
with each other freely through such structure.

Fig. 13 shows the structure of the concept pineapple and
turnip in PCN. In the auditory area (right part), differ-
ent activation orders of two syllable neurons, “[bo]” and
“[lué],” fire different auditory concept neurons, “[bd lué]” and
“[ludé bo].” Then, the two auditory concept neurons fire their
corresponding visual concept neurons and gustatory concept
neurons through different association neurons.

Fig. 14 shows an example of the self-organizing result
of 33 color feature neurons. As shown in Fig. 14, similar colors
are connected together. Because the colors of learning objects
do not occupy the whole space, six disjunct color clusters are
obtained at the ending of the learning. Other features including
syllable feature are organized similarly by their particular
distance metric. Fig. 15 shows the syllables that connected
to the syllable “lué.” It can be found that the pronunciations
of these syllables are very similar to “lué.”

Interestingly, the name and the taste of the object are
linked together automatically through the association neuron,
whereas the name and taste data were not given to the system
simultaneously during learning. It can be said that system with
well-defined physical structure is able to make subsystems
coordinate naturally.
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TABLE III

STATISTICAL RESULTS OF THE TESTING EXPERIMENTS (mean + std). N/A REPRESENTS THE TESTING CONDITION THAT IS NOT APPLICABLE
FOR THE METHOD. PCN! AND PCN? REPRESENT THE RESULTS OF SETTING 1 AND SETTING 2, RESPECTIVELY. SIGNIFICANT DECREASE OF
THE ACCURACY IS MARKED BY |,. THE BEST AND RUNNER-UP RESULTS ARE IN BOLD. V: VISION, A: AUDITION, G: GUSTATION

V recalls Other

A recalls Other G recalls Other

IKR1 69.10+4.17% |  63.48+3.52% | N/A
GHF-ART 81.92+3.16% N/A 85.114+2.17%
Closed MMSON 76.31+4.25% 65.41+5.27% N/A
environment BiSON 76.52+4.31% 66.731+4.95% | N/A
PCN?2 84.55+3.63% 84.88+4.16% 90.64+2.87 %
PCN1 83.98+3.02% 86.241+3.30% 90.35+2.74%
IKR1 75.71+4.22% 70.57+5.25% N/A
GHF-ART 82.07£3.18% N/A 86.404+2.01%
Open-ended MMSON 63.644+4.04% |  50.11+3.53% | N/A
environment BiSON 80.78+3.96% 77.874+3.69% N/A
PCN?2 84.60+4.98 % 86.87+4.16% 91.85+2.74%
PCN! 84.831+3.26% 88.07+2.78% 92.09+2.16%

Fig. 14. Self-organizing of 33 color features learned by PCN. The coordinate
of each point is the RGB value of the color which is transformed from the
color histogram of the feature neuron. The features are organized by the
Euclidean distance. Similar colors under the Euclidean distance metric are
connected together.

odug

Fig. 15.  Syllables that connected to the syllable “lud.” To visualize the
syllable neurons, we use principal component analysis to reduce the weights
(MFCC features) of each syllable neuron to a 3-D vector. The features are
organized by the DTW distance. The pronunciations of these syllables are
very similar to “lud.”

C. Testing Results

To test the model learned by PCN, we use one kind of
sensory input to recall other two kinds of sensory output.
That is, vision input recalls audition and gustation out-
put, audition input recalls vision and gustation output, and
gustation input recalls vision and audition output. Because
IKR1 and MMSOM learn a vision-audition bimodal model,
we only do vision recalls audition and audition recalls vision

in the testing experiments. Also, GHF-ART learns visual
and gustatory data; we do vision recalls gustation and gus-
tation recalls vision. Testing is conducted after each time
of learning experiment, i.e., totally 60 times of testing,
30 times for closed environment, and 30 times for open-ended
environment.

During each time of testing, 528 rounds of recalling
(176 rounds for each type of recall) are executed. To test
the trained model, the incremental learning function of PCN,
IKR1, and GHF-ART is disabled. During testing, if the fired
syllables group, assume N;‘ , N;;“ s N]I:;‘ , by the input
voice cannot activate a word neuron, we replace syllable
N;‘ (I < i < k) with syllables that connect to it to try
to activate a word neuron again. If all replacements fail to
activate a word neuron, we return no result and mark it as a
mistake.

Table III shows the testing results. PCN' and PCN? repre-
sent the results of setting 1 and setting 2, respectively. Signif-
icant decrease of the accuracy in one environment is marked
by | in Table III. The results show that PCN recalls memories
with a much higher accuracy than other methods. The accuracy
of IKR1 and MMSOM is very unstable, which has a gap about
5% and 15% between two learning environments. We find
that MMSOM cannot learn new objects after a period of
learning. Thus, the drop of the accuracy is mainly due to
the recognition of the latter 10 “new” objects. IKR1 usually
“forgets” previously learned objects when samples from a
larger number of classes come together. The accuracy of
PCN is much higher and more stable in both environments.
Meanwhile, from Table III, it can also be found that the
testing results of the visual and gustatory channels based on
the incremental learned syllable neurons are comparable with
the learning results based on the predefined syllable neurons,
and for auditory channel, the testing results based on the
incremental learned syllable neurons are better.

Next, to test the antinoise capability of the PCN, we add
salt and pepper noise to testing images when doing the vision
input recalls audition and gustation output experiments. Fig. 16
shows that the noise does not have a strong influence when
the noise density is smaller than 0.2, where the accuracy is
about 75%.
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Fig. 16. Result of the recalling experiment with noisy images. The abscissa

indicates the noise density of the salt and pepper noise added to testing images.
The ordinate indicates the accuracy of the recalling.

V. CONCLUSION

In this paper, we propose a Perception Coordination Net-
work (PCN) for online incremental multimodal concept acqui-
sition and binding. The hierarchical and modularized structure
of PCN is inspired by brain’s structure. Different compu-
tational models are designed for different types of neurons
including the feature neurons, the concept neurons and the
association neurons. Meanwhile, new connections between
neurons can be created for new concept bindings.

In the future, the framework can be further enhanced. For
example, the horizontal connections in the SAA and HAA can
be developed; more features can be included to make a more
robust perception; the audition ability, which is limited to noun
words acquisition currently, should be improved.

Finally, motivated by Simon’s analysis [57] that the hier-
archical system is helpful to evolution, in the next, we will
show PCN has a good perception extendibility to solve the
perception evolution problem [58]-[61].
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