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Abstract. Visual context plays a significant role in humans’ gaze movement for
target searching. How to transform the visual context into the internal represen-
tation of a brain-like neural network is an interesting issue. Population cell cod-
ing is a neural representation mechanism which was widely discovered in
primates’ visual neural system. This paper presents a biologically inspired neu-
ral network model which uses a population cell coding mechanism for visual
context representation and target searching. Experimental results show that the
population-cell-coding generally performs better than the single-cell-coding
system.
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1 Introduction

Contextual cues play an important role in target searching in human vision system,
which are proved by psychological experiments [1]. Only a small number of research
work [2-5] utilized global or local context for object locating. Miao and et al. [5]
proposed a visual perceiving and eyeball-motion controlling neural network to search
target by reasoning with visual context that is encoded with a singe cell coding
mechanism. This representation mechanism led to a relatively large encoding quantity
for memorizing the prior knowledge about the target’s spatial relationship contained
in the visual context. The single-cell-coding means using one cell or one response to
represent one object or control the movement. In contrast to it, the population-cell-
coding uses an ensemble of cells or responses to represent an object or synthesize a
movement [6]. Single and population cell coding mechanisms have been an argumen-
tative issue in understanding human brain and vision functions, which was discussed
and debated in the special issue for binding problem [7]. Wang [8] addressed that the
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main problem of the single-cell-coding is that it would not allow perceiving novel
objects, which is an ability of the perceptual system. In this paper, we propose a vis-
ual neural network system that encodes the top-down knowledge of visual context and
reasoning the location of the target using population cell coding mechanism.

2 Visual Context Encoding Architecture and Algorithms

Visual context is related to two types of features: low-level features for global or local
image representation and the high-level features for representing spatial relationship
in terms of horizontal and the vertical distances (Ax, Ay) between two object centers
or between the center of a target and the center of global or local image.
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Fig. 1. Single or population cell coding structure for visual field image representation and gaze
movement controlling

A unified neural coding structure is designed for learning the internal representa-
tion of the visual context, which can implement single and population cell coding
mechanisms, as illustrated in Fig. 1. The coding structure consists of two parts. The
first part is visual field image encoding, which includes the first three layers: the first
layer - input neurons, the second layer - feature neurons, and the third layer - single or
population cell coding neurons. This coding system inputs a local image from a group
of visual fields in different resolutions. Then it extracts features and encodes the cur-
rent visual field image in terms of connection weights between the second layer and
the third layer. The second part is the spatial relationship encoding and decoding,
which includes the last two layers: the third layer - single or population coding neu-
rons and the fourth layer- movement control neurons. It encodes the spatial relation-
ship either between two object centers or between the center of the target and the
center of the current visual field image in the connection weights between the third
layer and the fourth layer, which correspond to the horizontal and vertical shift dis-
tances (Ax, Ay) from the center position (x, y) of the current visual field to the center
of the target.
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Fig. 2. Extend LBP features extracted by 256 feature neurons, each of which is computed by a
sum of eight pairs of differences between surrounding pixels (labels=0~7) and the central pixel
(label=8) in its receptive field (RF) =3x3 input neurons (pixels). They are illustrated in the 256
feature templates above, in which the gray box represents weight 1 while the black box repre-
sents weight —1.

2.1 Features Employed for Encoding Visual Field Image

As illustrated in Fig. 2, we extended the LBP (local binary patterns) [9] features to the
new features with continuous output R; by using the basis functions { ¢ (x) }

(0<j<255) in Equations (1) and (2), where the vector X, = (x,, x,... xiS)T represents the

i-th image block or receptive field image of 3x3 pixels or 3x3 input neurons. The
term g_represents the response of the j-th feature extracted from the i-th image block.

In our coding system illustrated in Fig. 1, for each receptive field image x , there are
256 feature neurons in the second layer extracting the above extended LBP features
{ R, = f]. (X,) }(j=0~255) and only the first m (1<m<256) neurons having the largest
responses { R = f,.(X,) }( R € {R;}.j’=1~m, j=0~255) win through the competi-

tion. To maximally decrease the coding quantity, m may be set to 1 for enough
sparsity.

7
R; =flj(xy)=Wi/lXiL‘ :ZWH,/(X.’/ — %)

=0
W, = (1)

(D b,:{ 0 if (&x,-x,)<0, (I=0~7) (2)

1 otherwise

2.2 Visual Context Encoding

In our paper, the visual context refers to the visual field image and the spatial rela-
tionship (Ax, Ay) from the centers of the visual field to the center of the target. Thus
encoding such context need to calculate and store the representation coefficients of
the spatial relationship and the visual field images which are centered at all the possi-
ble positions surrounding the target center and are in all the possible scales. The
algorithm is described as follows:
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BEGIN LOOPI Select a scale s from the set {s;} for the current visual field;
BEGIN LOOP2 Select a starting gaze point (x,, y,) as the center of the visual field from an initial
point set {(x;, y,)} distributed in the context area of the target;
1. Input an image from the current visual field, and output a relative position prediction for the real

relative position of target center (Ax, Ay) in terms of gaze movement distances (AX,AD);

2. If the prediction error ER= \/ (A% — Ax)z +(Ay— Ay)z is larger than the maximum error limit

ER(s) for the scale s of the current visual field, move the center of the visual field to the new
gaze point position (x + M, y+ A}A)) ; go to 1 until ER<ER(s) or the iteration number is lar-

ger than a maximum limit;
3. If ER>ER(s), generate a new coding neuron (let its response R;=1); encode the visual context by
computing and storing the connection weights {w;;} (initialized to zeros) between the new cod-

ing neuron and the feature neurons (their responses Ri/_ = fj (XI) ) and the connection weights

(Wkax » Wiay) (initialized to zeros) between the new coding neuron and two movement control
neurons (let their responses Ra,=Ax and Ra,=Ay) respectively using the Hebbian rule
AW, ,=0R,Rp;
END LOOP2
END LOOPI

2.2.1 Encoding of Visual Field Images

The k-th coding neuron in layer 3 represents or encodes a visual field image pattern
X* with a group of connection weights { w;;; } between the feature neurons in the
second layer and the k-th coding neuron. The ij-th feature neuron extract the j-th fea-
ture { R, = f; (X))} (05j<255) from the i-th receptive field image X[(k) (1<i<n).
All the receptive field images { X,*’} compose the visual field image X*’. The con-

nection weights { w;; } are computed with Hebbian rule in Equation (3 ), where a is
the learning rate; ¢ is the iteration number; R, and R, are responses of two neurons

which are connected by a synapse with a connection weight W_, . Thus each weight

w;;x between the ij-th feature neuron and the k-th coding neuron is formularized in
Equation (4), where o and R, are the learning rate and the response of the k-th coding
neuron respectively. Both they are set to be 1 for simplifying computation, and then
Equation (4) is changed to Equation (5). The lengths of all the weights { w;;, } are
finally normalized to one for unified similarity computation and comparison.

3
t+D=w,,("O+ A\/V“.b ® ( ) Wik mH= Wik 0)+ A‘/Vif'k 0)= O!fj (X,"k))RA

ab

Aw, ,(t)=0R R, _ _ —af(X® )
oo BB (@) w0 (5)

2.2.2 Encoding of Spatial Relationship

The spatial relationship (Ax;, Ay,) between the center of the visual field and the center
of the target is encoded in terms of two connection weights (Wy ., Wia,) between the
k-th coding neuron and the two movement control neurons with Hebbian rule in Equa-
tions (6) and (7), wherefland R, are the learning rate and the response of the k-th
coding neuron respectively. Similarly, both of them are set to 1 for simplifying com-
putation, and then Equations (6) and (7) are simplified to Equations (8).



178 J. Miao et al.

W0 =0, Aw, . (0)= BR R, = SR Ax, (6) Wy (=0,  Aw,, (0)=BR.R, = BRAy, (7) W (D) =Ax, (8)
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2.3 Visual Context Decoding for Gaze Movement Control

Visual context decoding includes the responding of a single or population coding
neuron(s) and the decoding of spatial relationship.

2.3.1 Response of a Single or Population Coding Neuron(s)

When the coding system inputs a visual field image Y for test, a single cell or popula-
tion cells in the third layer may respond(s) through competition among the total N
coding neurons to represent a visual field image pattern. With reference to Fig. 1, for
the i-th receptive field image Yl , the k-th coding neuron inputs m responses { Rij, }

(155’<m=<256) weighted by {w;,} from m feature neurons which extract features
{R; = f.(Y,)} from Y, . Therefore for the visual field image Y which is composed

of the receptive field images { Y, } (1<i<n), the response of the k-th coding neuron in

the third layer is:

rrrrrrrrrr

R =C(YV)=C(Y Y,..Y,)= zzwﬁka,/' = zzwi/".kff‘(Yr) (9)

i=l j=1 i=1 j=1

where w, . € {w, ,}, R.e{R}. f.(Y)e{f;(Y)}, j’=l~m and j=0~255. The

weights {wy -} are obtained at the encoding or training stage discussed in Section
2.2.1. The R; is the response of the j’-th feature neuron for the receptive field im-

age Y, , belonging to the first m largest responses among the total feature responses

{R;;}. Substituting Equation (5) into (9), we get Equation (9a).

R =C)=3> wy f,(X)=2 > (X f.(Y) (9a) R =W_, " =£,"f,, (Ob)

i=1 j'=1 i=1 j=1

Lelt W = Wiy Wi om0 B = K i X f (X Oy > and
£y =(fia (Yo ) (Yoo f,-*:m(Y,-:,,))T , then Equation (9a) is changed to its inner

product form between two groups of features shown in Equation (9b). Equation (9)
indicates that the response of the k-th coding neuron in the third layer is a similarity
measure between the new image Y and the k-th visual field image pattern X* memo-
rized in the coding system.

2.3.2 Decoding of Spatial Relationship for Gaze Movement Control

Gaze movement control is directly responsible for visual object research. This has
been implemented in a structure that consists of the two layers of neurons: single or
population cell coding neurons and movement control neurons (see Fig. 1). The
movement control neurons, divided into Ax and Ay neurons, whose responses (Ry,,
Ry,) represent the relative position (Ax, Ay) of the target to the current gaze point (x,
y) or the center of the current visual field image. For the current visual field image
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input, the first M coding neurons which have the largest responses play the main role
in activating the movement control neurons. If M=1, it is the single-cell-coding con-
trolling mechanism, otherwise it is the population-cell-coding mechanism. The re-
sponses of gaze movement control neurons can be formulated as Equation (10), where
Ry is the k’-th largest response of a coding neuron among the total N coding neurons;

*
R ,. is the percentage form of the R, and is used for the synthesis of gaze move-
ment; W,.,, and w,., are the connection weights from the k’-th coding neuron to
the movement control neurons in x and y directions respectively. At learning or en-
coding stage, both of w,., and w,, Ay are calculated using Equations (6) ~ (8). Sub-

stituting Equation (8) into Equation (10), the synthesis of movement is represented by
Equation (11).

M M
R.. =ZWM&R1,, R, =ZW,(‘A\.R} (10 R, :iR*prk‘ (11) Ry =&x, (12)
k=1 k=1 ' k'=1 RA =Av,,,,
. R u o
Rk,:iR R, =Y R Ay,
3 k=1

k=

Formula (11) means that the gaze movement distances (decoded at the perception or
test stage) is the weighted sum of the spatial relationship (encoded at the learning or
training stage, which are weighted by the first M largest responses of coding neurons).
Especially, when M=1 (single cell coding), the responses (Ra,, Ra,) of two movement
control neurons are activated by a single neuron who has encoded a historical spatial

relationship (Ax,=1, Ay,=1) in connection weights W,._, ,, and W,_, Ay respectively.
In this case, Equation (11) is simplified to Equation (12).

An entire algorithm for gaze movement control for target search is given as
follows:

BEGIN LOOP1 Select a starting gaze point (x;, y,) as the center of the visual field from a random initial
point set {(x,, y,)} distributed in the image area;
BEGIN LOOP2 Select a scale s from the set {s;} for the current visual field in the order of from the
maximum to the minimum;
Input an image from the current visual field, and output a relative position prediction in

terms of gaze movement (Ml s Aj\) l) for the real relative position of the target cen-
ter (Ax . Ay) 5

END LOOP2
The position of the target center (x, y) starting from the initial gaze point (x,, y,) is predicted by

X, =x, +2Ax, and y, =y, +ZAy,
1 1
END LOOP1
Computing the density D(x, y) of the gaze point distribution { (X s v )}
Select the position with the largest density as the finally predicted target position:

(x,y)=argmax{D(x, y)}.
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The algorithm uses a gradual search strategy that move an initial gaze point to the
center of target from the largest visual field to the smallest visual field by decoding
global and local context.

3 Learning Properties of Single and Population Coding

A learning problem can be proposed as: Given a group of visual context pat-
terns{ (X%, (Ax;, Ayp) ) } (1<k<N) and a visual field image Y, how to estimate the
relative position (Ax, Ay) of the target? One solution is letting the half-unknown vis-
ual context (Y, (Ax, Ay)) be represented or synthesized by the known visual context
patterns { (X%, (Ax;, Ay ) } (1<k<N), i.e. Equation (13). Then the leaning problem
becomes a problem of how to determine the values of the coefficients { ¢ }. To com-

pute the coefficients { ¢ }, dividing Equation (13) into Equation (14).

U 13
(Y. (Ax, Ay) =D ¢, - (X¥,(Ax,, Ay,) (13)
k=1
Y:chX‘“ Y:?:ick‘x“"
(14) (15)
(Ax, Ay) :z(«'k (Ax,, Ay,) (Ax, Ay) = (A%, A§)=Zﬂ'p <(Ax, Ay,

(a) (b)

Fig. 3. Illustration of encoded visual field image patterns { X*’ } with their neighbor areas
(radius r), the test visual field image Y and their distances {d;} or the similarity measurement
(e.g. 1/(1+d;) ) in data space. (a) Densely encoded samples suitable for single cell decoding for
a new sample (e.g. using X*=" to represent Y for distances d;, < r << d, < d; < dy); (b)
Sparsely encoded samples suitable for population cell decoding (e.g. using { X*” } (k’=1~3) to
represent 'Y for distances r <d; < d, < d; << dy).

The coefficients { . } could be obtained by decomposing Y based on the basis

functions { X* }, and then are used to synthesize the unknown relative position (Ax,
Ay) by known spatial relationships { (Ax;, Ay, }. Usually the exact decomposition

coefficients { ¢, } for the basis functions { X'’} can not be obtained in a simple and
easy way. We use an estimated visual context (Y, (A%, Ap))to approximate the real

visual context (Y, (Ax, Ay)) instead. Then Equation (14) is transformed to Equation
(15), where ¢, € {¢, }, X*' e (X*}, (Ax,,Ay,) € {(Ax,,Ay,)}, k'=1~M, k=1~N,



Learning Internal Representation of Visual Context in a Neural Coding Network 181

and M =1~N. Substituting the equation (9b) into equation (11), we get the responses
of two movement control neurons as the estimation of (Ax, Ay) in Equation (16).
Thus, encoding the visual context and decoding the spatial relationship with
(R,,.R,,) tO produce a gaze movement for target locating can be modeled with a

regression function shown in Equation (17), where the coefficient ¢,. is the percent-

age form of the similarity between the new visual field image Y and the k’-th encoded
visual field image pattern X*”. Particularly, when using the single coding mecha-
nism (M=1), the equation (17) is simplified to Equation (18).

16 o 17 ] < e (18
(16) (A%, &) ~ (A%, AF) = F, (A, Ay, ) = D (A%, Ayy.) A7) e =i a9 (18)
Sha Shta = (% )
R, =At=10 . R, =A=1 £t .,
P DY . Ce = MY *
Sore,
k=1

From the equation (18), it can be learned that for the case of single cell coding, the
system produces a movement associated to the memorized visual field image pattern
to which the new visual field image is most similar. If the coding system encoded
enough visual field image patterns { X* } (1<k<N) and associated spatial relationship
{(Axk,Ayk) } (1=k<N), a new visual field image Y can be easily located in the

neighbor area of an encoded X' in the data space, as illustrated in Fig. 3(a). In this
case, the single cell coding is suitable and the associated prediction (Ax,,Ay,) is

exact enough. However, the encoding quantity for coding system to memorize such
visual context could be very large. From the equation (17), for the case of population
cell coding, the system produces a movement according to a group of encoded visual
field image patterns to which the new visual field image is similar. If the sparse visual
field image patterns are stored in the coding system, the possibility of a new visual
field image located in the neighbor area of an encoded image pattern is very small, as
illustrated in Fig. 3(b). In this case, the single cell coding can not provide exact repre-
sentation and prediction. Thus, the prediction should be compensated by other cells
that are also similar to the new input. Therefore population cell coding is suitable here

and the gaze movement is synthesized by a group of movements { (Ax,,Ay,) }
(1<k<M) associated to the similar encoded image patterns { X)) (1<k<m). By trans-

forming the distance measurement into the similarity measurement, e.g.,
s, =1/(1+d,) » Fig. 3(b) shows that there are M encoded visual field images

{ ). Gl }(k’=1~M , here M=3) are most similar to the new visual field image Y, i.e.,
§,>8,>..>8,>>8,,>.>8,- Our experimental results showed that M is not a stable

parameter to be selected directly for the system’s best generalization performance.
Instead, we use a similarity factor P:SM /8,t0 control M. The parameter P can be

obtained by the following algorithm:
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BEGIN LOOP Pi=1 to p (0<p<1) with a step Ap(Ap<0), where P;is the factor determining M;, i.e., the
number of first M;largest response coding neuron;

1. Train the coding system with the given maximum error limit and the value of M which is con-
trolled by the factor P;, then get the system complexity N; after training, where A; is the num-
ber of layer-3 coding neurons generated in the system;

2. Sort all the N; coding neurons’ responses in a sequence from the maximum response MaxR to
the minimum response; if the (M+1)-th (1<M;<N;) neuron’s response is the first one smaller
than or equaling to P;*MaxR, then P; and N; are recoded as candidates;

END LOOP
Get P among {P;}, where P corresponds to the smallest N;

Please note that the result of M will be 1 and N when P =1 and P =0 respectively.

4 Experiments

We constructed two visual context coding systems respectively using single-cell-
coding and population-cell-coding mechanisms for target search experiments. The
head-shoulder image database from the University of Bern has been used. In this
database, totally there are 300 images with 30 people in ten different poses (ten im-
ages each person). The image size is 320x214 pixels. The average radius of the eye-
balls of these 30 persons is 4.02 pixels. The two coding systems are compared by
applying them to search the left eye centers. Visual context was encoded or learned
with a group of initial gaze points placed in a uniform distribution, while decoded or
tested with a group of initial gaze points in a random distribution. For each target
searching, two experiments were designed to compare the systems’ performances.
The first experiment (Exp.1) used 30 images (30 people, one image in frontal pose
each person) for training and the rest for testing. The second experiment (Exp.2) used
90 images (9 people, 10 images each person) for training and the rest for testing.

We compare the population cell coding and the single cell coding on the database.
Table 1 listed the details of the number of total feature neurons in layer 2, the number
of total coding neurons in layer 3, the number of connections between feature neurons
and coding neurons, the mean and standard deviation of locating errors and the com-
prehensive test error, where P=0.9 and P=0.8 make the two systems for Exp.1 and
Exp.2 have the smallest complexities respectively; P=1.0 means a single cell is re-
sponsible for context coding.

Table 1. Performance comparison between two coding systems

locating error (unit: pixel)
experiment coding system #1* #2* | mean standard |comprehensive error
(mn) | deviation (sd) Nmn? +sd?
Exp.1 30 | Single cell (P=1.0) 2314 | 043 | 2.15 433 4.83
vs.270) | population cell (P=0.9) | 1906 | 035 | 1.93 2.44 3.11
Exp.2 (90 Single cell (P=1.0) 7340 | 5.02 1.64 1.47 2.20
vs. 210) Population cell (P=0.8) 5405 | 1.02 1.89 1.22 2.25

* #1 . number of coding neurons in layer 3 ; #2 . number of connections between feature neurons and
coding neurons ( unit: million).
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From Table 1, it can be learned: (1)With large samples, i.e., the case of Exp. 2, the
locating accuracy of the population coding system is almost same to the accuracy of
the single cell coding system, but it required the lest coding information. The ratios of
the average coding quantity required by the population coding to the coding required
by the single cell coding system are about 77%. (2) With small samples, i.e., the
case of Exp. 1, the locating accuracy of the population coding system is 35.6%
higher than the accuracy of the single cell coding system. Meanwhile, the coding
quantity required by the population coding is 12% smaller than the single cell
coding systems.

5 Conclusion

In this paper, an internal presentation model of visual context in form of neural coding
network is presented. Experimental results indicated that population-cell-coding is
generally more efficient than the single-cell-coding system in representing the context
as well as controlling the gaze motion for target search.
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