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Synapse Maintenance in the Where-What Networks
Yuekai Wang, Xiaofeng Wu, and Juyang Weng
Abstract— General object recognition in complex backgrounds is still challenging. On one hand, the various backgrounds, where object may appear at different locations, make
it difficult to find the object of interest. On the other hand, with
the numbers of locations, types and variations in each type (e.g.,
rotation) increasing, conventional model-based approaches start
to break down. The Where-What Networks (WWNs) were a
biologically inspired framework for recognizing learned objects
(appearances) from complex backgrounds. However, they do
not have an adaptive receptive field for an object of a curved
contour. Leaked-in background pixels will cause problems when
different objects look similar. This work introduces a new
biologically inspired mechanism – synapse maintenance and
uses both supervised (motor-supervised for class response) and
unsupervised learning (synapse maintenance) to realize objects
recognition. Synapse maintenance is meant to automatically
decide which synapse should be active firing of the postsynaptic neuron. With the synapse maintenance, the network
has achieved a significant improvement in the network performance.

I. I NTRODUCTION
Much effort has been spent to realize general object
recognition in cluttered backgrounds. The appearance-based
feature descriptors are quite selective for a target shape
but limited in tolerance to the object transformations. The
histogram-based descriptors, for an example, the SIFT features, show great tolerance to the object transformations but
such feature detectors are not complete in the sense that they
do not take all useful information while trying to achieve
certain invariance using a single type of handcrafted feature
detectors [3]. On the other hand, human vision systems
can accomplish such tasks quickly. Thus to create a proper
network by mimicking the human vision systems is thought
as one possible approach to address this open yet important
vision problem.
In the primate vision system, two major streams have been
identified. The ventral stream involving V1, V2, V4 and the
inferior temporal cortex is responsible for the cognition of
shape and color of objects. The dorsal stream involving V1,
V2, MT and the posterior parietal cortex takes charge of
spatial and motion cognition. Several cortex-like network
models have been proposed. One model is HMAX, introduced by Riesenhuber and Poggio [7]. It is based on hierarchical feed forward architecture similar to the organization of
visual cortex. It analyzes the input image via Gabor function
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and builds an increasingly complex and invariant feature
representation by maximum pooling operation [8]. HMAX
mainly solves the visual recognition problem which only
simulates the ventral pathway in primate vision system. The
location information is lost.
Another model for general attention and recognition is
Where-What Networks (WWNs) introduced by Juyang Weng
and his co-workers. The network is a biologically plausible
developmental model which is designed to integrate the
object recognition and attention namely, what and where
information in the ventral stream and dorsal stream respectively. It uses both feedforward (bottom-up) and feedback
(top-down) connections. So far, four versions of WWN have
been proposed. WWN-1 [2] can realize object recognition in
complex backgrounds performing in two different selective
attention modes: the top-down position-based mode finds a
particular object given the location information; the top-down
object-based mode finds the location of the object given the
type. But only 5 locations were tested. WWN-2 [1] can
additionally perform in the mode of free-viewing, realizing
the visual attention and object recognition without the type
or location information and all the pixel locations were
tested. WWN-3 [4] can deal with multiple objects in natural
backgrounds using arbitrary foreground object contours, not
the square contours in WWN-1. WWN-4 used and analyzed
multiple internal areas [5].
However, for the above versions of WWN, various backgrounds are a serious problem which also exists in other
approaches. In real applications, the object contours are
arbitrary while the receptive fields are usually regular (e.g.,
square) in the image scanning. Thus, the leak of pixels of
backgrounds into the receptive field is hard to be avoided
which may produce distracter-like parts shown in Fig. 1(a).
However, during the competitive self-organization among
a limited number of neurons who share a roughly the
same receptive field, the patterns from foreground objects
appear relatively more often than patterns of backgrounds.
Furthermore, neurons whose bottom-up weights match well
a foreground object often receive top-down attention boost
from a motor area to be more likely a winner. Although
their default receptive fields do not match the contour of a
foreground object perfectly, among the cases during which
each neuron fires, the standard deviation of pixels from a
foreground object should be smaller than that of pixels in
backgrounds. In this paper, we introduce a new biologically
inspired mechanism based on this statistics in nature —
synapse maintenance — for each neuron to find precise input
fields based on statistics, without handcrafting what feature
each neuron detects nor its precise input scope.
In the remainder of the paper, the architecture of the latest
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Fig. 1. Adaptive receptive fields using synapse maintenance. (a) Object appearances from a square default receptive field. (b) Object contours in super
resolution. (c) Adaptive and dynamic input fields determined by the synapse maintenance from the square default receptive field.
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version of WWN and the modification of the network are
introduced in Section II. Concepts and theories in WWN are
presented in Section III. Experiments and results are provided
in Section IV. Section V gives the concluding remarks.
II. N ETWORK S TRUCTURE
The architecture of recent WWN-3/WWN-4 is illustrated
in Fig. 2. There are five areas, occipital lobe (OL, including
V1, V2, V4), IT (inferior temporal) / PP (posterior parietal)
and TM (Type-Motor) / LM (Location-Motor), in the network framework to constitute two streams: one from OL
through PP to PM corresponds to the dorsal pathway and
the other from OL through IT to TM corresponds to the
ventral pathway. The area OL receives the visual signal
from the retina locally and detects the basic local features
of the foreground objects. The area IT/PP combines the
local features from neurons in OL into global features to
build increasingly complex and invariant features. Finally,
the motor area TM/LM classifies the combined information
about the appearance and the location from IT/PP into the
type and the location, respectively, of the object in the image.
Each of these five areas contains a 3D grid of neurons,
where the first two dimensions denote the height and width
and the third is depth labeled in Fig. 2. In area OL, IT and
PP, there are three functional parts: the bottom-up input field,
the top-down input field and the paired layer. The bottom-up

Fig. 4.

The modified architecture of WWN

input field connects to the previous cortex area and receives
the bottom-up information flow, shown as a red arrow. The
top-down input field connects the later area and receives the
top-down information flow, shown as a green arrow. And the
two information flows from the bottom-up field and the topdown field respectively interact with each other in the paired
layer.
In WWN-3, the cortex areas IT/PP turn the local features
learned in OL into global features and/or combine the
individual feature into the multi-feature set. Since only single
features, not shared features, exist in our experiment, the area
IT/PP can be omitted which is proved to achieve a better
performance shown in Fig. 3.
Besides, the size of WWN-3 is too small for the real
application, where the background image is only 38 × 38
and the foreground image is 19 × 19. It also indicates that
only (38 − 19 + 1) × (38 − 19 + 1) = 400 locations of each
foreground object in the image need be detected which is
meaningless in view of the fact that the size of the image
captured by cameras is usually 320 × 240 or 640 × 480. To
prompt the network towards the goal of real application, the
size of the foreground image is turned into 22 × 22, while
the background image is expanded to 42 × 113 which means
the locations of the object to be detected in the image are
increased to 21 × 92 = 1932. After expanding the size and
omitting IT/PP, the modified network is shown as Fig. 4, in
which OL directly connects to the motor area, TM/PM, and
is supervised by them.
III. C ONCEPTS AND T HEORY
A. Foreground and background
“Foreground” here refers to the objects to be learned
whose contours are arbitrary and “background” refers to
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Comparison of the network performance with/without IT/PP in 10 epochs.

the other part in the whole image. Considering the default
receptive field of an OL neuron (square or octagon), we can
find two kinds of pixels: foreground pixels and background
pixels. The pre-action value of the neuron is contributed
from both the foreground match and the background match.
Although the contribution from foreground pixels can provide a high pre-action value when the foreground object
is correct, the contribution from background pixels usually
gives a somewhat random value. Thus, there is no guarantee
that the winner neuron always leads to the correct type in
TM and a precise location in LM. In some early experiments
of WWN3, such a problem has already been found. For
instance, ”cheetah” and ”tank” in Fig. 1 (a) are similar to
some degree. Influenced by the contribution from background
pixels in the default square receptive field, these two types
of objects were sometimes misrecognized.
Here, a new mechanism, synapse maintenance, is introduced into WWN to remove the background automatically
avoiding the backgrounds interference. Before providing
the detailed experimental results, one example is shown in
Fig. 1. In this example, eleven objects (shown as Fig. 1
(a)) are learned through the sufficient-resources network with
synapse maintenance and the effect of removing background
(shown as Fig. 1 (c)) can be compared with the stateof-the-art one extracted by Adobe Photoshop (shown as
Fig. 1(b)). This indicates that that synapse maintenance is
quite effective.

B. Receptive fields perceived by OL neurons
The neurons in OL have the local receptive fields from
the retina (i.e., input image) shown as Fig. 5. Suppose the
receptive field is a × a, the neuron (i, j) in OL perceives
the region R(x, y) in the input image (i ≤ x ≤ (i + a − 1),
j ≤ y ≤ (j + a − 1)), where the coordinate (i, j) represents
the location of the neuron on the two-dimensional plane
shown as Fig. 4 and similarly the coordinate (x, y) denotes
the location of the pixel on the input image with the size of
42 × 113.
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The illustration of the receptive fields of neurons

C. Computing the responses of neurons in cortex areas
In the cortex area OL and TM/PM, the core algorithm of
computing the response of the neuron (i, j) is
zi,j (t) =

wi,j (t) · xi,j (t)
wi,j (t) xi,j (t)

(1)

where wi,j (t) is the weights, xi,j (t) is the input perceived
by the neuron (i, j) and zi,j (t) is the response of the neuron
(i, j).
For the OL neurons in paired-layer, the response of the
p
neuron (i, j), zi,j
(t), is calculated as follows, where the
bottom-up information flow interacts with the top-down flow.
p
b
t
zi,j
(t) = αzi,j
(t) + (1 − α)zi,j
(t)
b
zi,j
(t) =

t
zi,j
(t) =

b
wi,j
(t) · xbi,j (t)
b (t)
wi,j

xbi,j (t)

t
wi,j
(t) · xti,j (t)
t (t)
wi,j

xti,j (t)

(2)
(3)

(4)

b
t
In equation (2), zi,j
(t) and zi,j
(t) are the response of the
OL neuron (i, j) in the layer for bottom-up and top-down
respectively computed as equation (3) and (4). α is a weight
to control the contribution by the bottom-up response versus
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top-down supervision and is set 0.25 in our experiment. In
b
(t), xbi,j (t) denote the bottom-up
equation (3) and (4), wi,j
weights and input from retina of the OL neurons in the layer
t
for bottom-up, while wi,j
(t), xti,j (t) represent the top-down
weights and input from the motor area (TM/PM) of the OL
neurons in the layer for top-down. In the motor area only
consisting of one part, the computation of neuron responses
is the same as that in OL area.

Before modification, the trimmed bottom-up input
0
b
(t) = (x01 (t), x02 (t), x03 (t), ..., x0d (t)) and the bottom-up
xi,j
0
b
weights wi,j
(t) = (v10 (t), v20 (t), v30 (t), ..., vd0 (t)) of the OL
neurons is defined as follows.

D. Synapse maintenance

where m = 1, 2, ...d.
Then the calculation of trimmed bottom-up response
0
b
(t) is modified as follows.
zi,j

With the arbitrary foreground object contours in real
environments, the various backgrounds in the receptive fields
of OL neurons will influence the recognition results as
described in section III part A. An idea is naturally generated: if the network can distinguish the foreground and
the background or outline the object contours automatically,
the irrelevant components (backgrounds) in the receptive
fields of the OL neurons can be removed, which reduces the
backgrounds interference in the process of object recognition.
The synapse maintenance is exactly designed to realize the
above idea (i.e. removing the irrelevant components, while
minimizing removing those relevant components) by calculating the standard deviation of each pixel. In our experiment,
the backgrounds keep changing while the foregrounds are
the same in the process of network training, which means
the pixels in the background region have larger standard
deviation than those in the foreground region so that the
backgrounds and the foregrounds can be distinguished.
Suppose that the input from the retina perceived by the
OL neuron (i, j) is xbi,j (t) = (x1 (t), x2 (t), x3 (t), ..., xd (t)),
b
the bottom-up weights of the neuron (i, j) is wi,j
(t) =
(v1 (t), v2 (t), v3 (t), ..., vd (t)), the standard deviation of
match measurements of the synapses belonging to the neuron
(i, j) is σi,j (t) = (σ1 (t), σ2 (t), σ3 (t), ..., σd (t)) and the
synaptic factor of a synapse belonging to the neuron is
f (σm (t), σ̄(t)) for all synapse m = 1, 2, 3..., d, where d
denotes the number of pixels the square receptive field
covers. All the mechanisms below are in-place, i.e., for a
single neuron (i, j).
For each synapse m (the total number of synapses belonging to one neuron is d), σm measures the deviation of vm
and xm .
σm (t) = E[| xm (t) − vm (t) |]
(5)
σ̄ denotes the average value of σi,j (t).

x0m (t) = f (σm (t), σ̄(t))xm (t)

(8)

0
wm
(t) = f (σm (t), σ̄(t))wm (t)

(9)

0

0

b
zi,j
(t) =

0

b
b
wi,j
(t) · xi,j
(t)
0

b (t)
wi,j

0

b (t)
xi,j

Therefore σm (t) dynamically determines whether the corresponding pixel provides a full supply, no supply, or inbetween to the response of the OL neuron the synapse m
belongs to.
E. Competition of neuron firing
Lateral inhibition among neurons in the same layer is
used to obtain the best feature of the training object. For
the paired layer in area OL, top-k competition is applied to
simulate the lateral inhibition which effectively suppresses
weakly responding neurons (measured by the responses of
the neurons). Usually top-k competition is realized by sorting
the response values in the descending order and normalizing
the top k values while setting all the other response values
to zero, which can increase the feature invariability. The
0
response zi,j
(t) after top-k is

zi,j (t)(zq − zk+1 )/(z1 − zk+1 ) if 1 ≤ q ≤ k
0
zi,j
(t) =
0
otherwise
(11)
where z1 ,zq and zk+1 denotes the first, qth, (k + 1)th
responses after sorted in descending order respectively.
F. Neuron and synapse learning
The weights and synapse of the top-k neurons will be
updated through Hebbian learning both in OL and TM/PM.
The learning of the weights is described as follows.
wi,j (t + 1) = w1 (t)wi,j (t) + w2 (t)zi,j (t)xi,j (t)

(12)

w1 (t) and w2 (t) are determined by the following equation.

d
1X
σi (t)
σ̄(t) =
d

(6)

w1 (t) = 1 − w2 (t), w2 (t) =

if r(t) < βs
if r(t) > βb
otherwise
(7)

where ni,j is the age of the neuron, or
the neuron. ni,j is defined as

 0
c(ni,j − t1 )/(t2 − t1 )
u(ni,j ) =

c + (ni,j − t2 )/r

k=1

The synaptic factor f (σm (t), σ̄(t)) is defined

 1
0
f (σm (t), σ̄(t)) =

(βb − r(t))/(βb − βs )

(10)

as follows.

where r(t) = σm (t)/σ̄(t), βs = 1.0, βb = 1.5
b
Thus the response zi,j
(t) in equation (3) need to be modified correspondingly after using the synapse maintenance.

where t1 = 20, t2
experiment.

1 + u(ni,j )
ni,j

(13)

the times of firing of

if ni,j ≤ t1
if t1 < ni,j ≤ t2
if t2 < ni,j
(14)
= 200, c = 2, r = 10000 in our
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Fig. 6. (a) The training samples with the size of 22 × 22. (b) Input images
of the foreground overlapping the background with the size of 42 × 113.

Similar to the weights learning of the neurons, the synapse
σm (t + 1) belonging to the neuron (i, j) needs to be updated
by Hebbian learning as follows.
 √
if t ≤ t1
 1/ 12
σm (t + 1) =
w1 (t)σm (t)+

w2 (t)|xm (t) − vm (t)| otherwise
where w1 (t) and w2 (t) are defined as the same as the
equation (11) and (12). Here we set t1 = 20, which means
the synapses begin learning after the neurons have fired
20 times in order to wait the bottom-up weights of the
OL neurons to get good estimates of the training objects.
xm (t) and vm (t) denote the bottom-up input and bottomup weight corresponding to pixel m. If pixel m belongs
to the foreground region which almost does not change,
| xm (t) − vm (t) | is nearly zero, conversely, if belonging
to the background region which changes over each training
loop, | xm (t) − vm (t) | is relatively large. Therefore the
synapse values of the foreground pixels are less than the
background pixels.
IV. E XPERIMENTS AND RESULTS
In order to evaluate the effect of synapse maintenance, five
experiments have been performed: visualization of synaptic
factors to observe the effect of outlining the object contours,
comparison of network performance with/without synapse
maintenance on both small and big training data set for
objects with no variation to verify the capability of synapse
maintenance for task non-specificity, comparison of network
performance with/without synapse maintenance for objects
with variation (e.g., size or rotation). In our experiments, all
the background patches are selected from 13 natural images1
and cropped into 42 × 113 pixels while the foreground
objects are selected from the MSU 25-objects dataset [6].
The number of object types, size and view angle of training
samples may be not the same according to the requirements
in different experiments and the training/testing samples used
different background patches.
1 Available

from http://www.cis.hut.fi/projects/ica/imageica/
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Visualization of the variables of a neuron in the testing.

A. Experiment I: Visualization of synaptic factors
To help observation of synapses behavior during the training period and well understanding the mechanism of synapse
maintenance, the synaptic factors with sufficient/limited resources is visualized firstly. In this experiment, a small
training data set of only 5 objects at 1932 locations for each
are learned, i.e., totally 5 × 1932 = 9660 cases are trained.
Here, ”sufficient resources” means that each OL neuron only
corresponds to one unique case, i.e., one type of object at one
location. For example, in this experiment, the layer depth of
OL is set to 3, therefore the network has sufficient recourses
to learn 3 foreground objects but to learn 5 foreground
objects, it is short of (5 − 3)/5 = 40% recourses. The
small training data set of five foregrounds objects and their
input images for training (i.e.,embedding the foreground
objects into the background image) are shown in Fig. 6. The
synaptic factors after object learning are visualized as Fig. 7.
It is obvious that the contours of the foreground objects
can be outlined automatically via synapse maintenance. For
the network with limited resources, the effect of synapse
maintenance is not as good as those with sufficient resources
but still satisfying. This can also be thought as the trade-off
between the the number of learned objects and the precision
of object locations in the object learning. That is, due to
shortage of resources in each location, it is impossible to
ensure the foreground of the same position in the receptive
field perceived by the neuron in each training update and
this caused the error of the contours of foreground objects
outlined by synapse maintenance.
B. Experiment II: Comparison of WWN with/without synapse
maintenance for objects with no variation in a small training
data set
In this experiment, a small training data set of five objects
is used as shown in Fig. 6 (a) and the same samples are tested
in different backgrounds. The performance of the network
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with/without synapse maintenance including recognition rate
and distance error is shown as Fig. 9 (a) and (b). With
synapse maintenance, the recognition error has significantly
reduced 72.59% while the distance error has only increased
2.57%. Fig. 8 shows one of the examples in the process
of testing, visualizing the variables of a specific neuron. In
this testing example, the foreground object overlapped on
the background is cat (Fig. 6 (a)), also shown as Fig. 8 (b),
the input perceived by the specific neuron, and this neuron
has the maximum response being the final winner. However,
the feature learned by this neuron is the combined features
of the cat and truck shown as Fig. 8 (e) and the feature of
the truck accounts for the larger proportion. Therefore the
object type output by TM is truck causing the recognition
error. If the synapse maintenance is applied, the result is
different. Shown as Fig. 8 (a) and (d), we can easily find
that the pixels in foreground have larger standard deviation
than those in background because the synapse value of the
neuron is updated under two different foreground objects
(cat and truck), which means that the foreground pixels may
have larger standard deviation so that the foreground pixels
are removed not the background pixels through synapse
maintenance. So after the input and weights are trimmed,
the features of cat are suppressed weakening the response
of the neuron in this example which avoids the recognition
error. It is concluded that when the class purity (measured
by entropy) of the neurons is low, synapse maintenance can
improve the recognition rate to some extent.
C. Experiment III: Comparison of WWN with/without
synapse maintenance for objects with no variation on a big
data set
According to the above analysis, we increase the number
of the training samples from five to eleven, or reduce the
class purity of the neurons to evaluate the effect of the
synapse maintenance. The class purity of one layer in area
can be measured by itsPfiring entropy . The entropy of a
c
neuron is defined as − i p(i)logc (p(i)), where p(i) is the
probability neuron fired for class i (there are c classes). By
calculation, the class entropy of each layer of the bottomup input field in OL area in experiment II is: 0.0208,
0.0182, 0.0132 and the mean value is 0.0174; while in
this experiment, the entropy value of corresponding layer
is: 0.1444, 0.1362, 0.1334 and the mean value is 0.1380.
Apparently, all the values are much larger than the former
indicating that the probability of features of two or more
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(a) The training samples with the size of 22 × 22 and
19 × 19. (b) The testing samples with the size of 21 × 21 and
20 × 20. (c) The training samples with 3 different views. (d) The
testing samples with 2 different views.
Fig. 14.

objects combining is higher in this experiment than that
in experiment II. The training and the testing samples are
shown as Fig. 11. Compared with experiment II, the resource
shortage increases to (11 − 3)/11 = 72.7% from 40%.
Fig. 10 (a) and (b) illustrate the recognition rate and distance error with/without synapse maintenance in 10 epochs,
and the corresponding data are listed in TABLE I. The results
are consistent with the analysis in experiment II, i.e., both
the recognition rate and distance error are improved and the
improvement is more obvious when the class purity turns
lower.
D. Experiment IV: Comparison of WWN with/without
synapse maintenance for objects with the size variation
This experiment aims to investigate the effectiveness of
the synapse maintenance for objects with the size variation.
A small set of five objects with the size of 19 × 19, 22 × 22
pixels are used for training and the same types of objects but
with different size of 20 × 20, 21 × 21 pixels are used for
test (shown as Fig. 14 (a) and (b)). Thus for each location,
10 different targets need to be learned and the resource
shortage is up to(10 − 3)/10 = 70%. The performance
of the network with/without synapse maintenance during
the learning is plotted in Fig. 12. The mean value of both
recognition rate and distance error are listed in TABLE
II and the performance improvements(i.e., the reduction of
recognition error rate and distance error) are also provided.
Both performance curves and data indicate that the synapse
maintenance is effective for objects with the size variation..
E. Experiment V: Comparison of WWN with/without synapse
maintenance for objects with the variation of rotation
Similar to experiment IV, this experiment is designed to
investigate the effectiveness of the synapse maintenance for
objects with the variation of rotation. A small sample set of
five objects with three different views are used for training
and the same five objects with another two views are used for
test (shown in Fig. 14 (c) and (d)). Thus, for each location,
15 different targets need to be learned and the resource
shortage is up to (15 − 3)/15 = 80%. The performance
of the synapse maintenance is quantified through Fig. 13
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TABLE I
P ERFORMANCE COMPARISON

Performance
Synapse maintenance
Experiment II
Experiment III

Recognition Rate
with (RR1) without (RR2)
99.94%
99.79%
96.26%
95.21%

BETWEEN EXPERIMENT

II

AND

III

Distance Error
with (DE1) without (DE2)
0.62
0.61
1.62
1.89

(RR1/RR2)-1
—
0.15%
1.10%

(DE1/DE2)-1
—
1.40%
-14.30%

TABLE II
P ERFORMANCE WITH / WITHOUT SYNAPSE MAINTENANCE IN EXPERIMENT IV

Performance
With synapse maintenance
Without synapse maintenance

Recognition Rate
99.57%
99.31%

Recognition Error
0.43% (RE1)
0.69% (RE2)

Distance Error
0.99 (DE1)
1.09 (DE2)

(RE1/RE2)-1

(DE1/DE2)-1

-38.08%

-8.22%

(RE1/RE2)-1

(DE1/DE2)-1

TABLE III
P ERFORMANCE WITH / WITHOUT SYNAPSE MAINTENANCE IN EXPERIMENT V

Performance
With synapse maintenance
Without synapse maintenance

Recognition Rate
97.87%
96.89%

Recognition Error
2.22% (RE1)
3.11% (RE2)

Distance Error
1.72 (DE1)
2.36 (DE2)

-28.64%

-27.09%

2828

1.3
Distance error (pixel)

Recognition rate (%)

100

99.5

99

98.5
0

with synapse maintenance
without synapse maintenance
2

4

Epochs

6

8

with synapse maintenance
without synapse maintenance

1.2
1.1
1
0.9
0.8
0

10

2

4

(a)
Fig. 12.

10

6
Distance error (pixel)

Recognition rate (%)

8

Network performance in 10 epochs with/without synapse maintenance for five objects with different size.

98

96
with synapse maintenance
without synapse maintenance
2

4

Epochs

6

8

10

(a)
Fig. 13.

6

(b)

100

94
0

Epochs

with synapse maintenance
without synapse maintenance

5
4
3
2
1
0

2

4

Epochs

6

8

10

(b)

Network performance in 10 epochs with/without synapse maintenance for five objects with different views.

and TABLE III. Through experiment IV and V, it is found
that synapse maintenance can still reduce the recognition
error rate 20-40% when there are some variations (e.g.,
size or rotation) in each type of object. As a result, with
synapse maintenance, the WWN can reach more than 95%
recognition rate with less than 2 pixels in distance error even
for 70%-80% resources shortage.
V. C ONCLUSION AND FUTURE WORK
In this paper, a new mechanism, synapse maintenance
has been proposed to automatically determine and adapt the
receptive field of a neuron. The default shape of the adaptive
field does not necessarily conform to the actual contour of an
object, since the object may have different variations in its
different parts. The adaptive receptive field intends to find a
subset of synapses that provide a better majority of matches.
Experiment I showed that the proposed synapse maintenance
can detect the contours of the foreground objects well if
sufficient resources (number of neurons) are available. Experiment II and III verified that the synapse maintenance
improves the performance in general. With the variation of
the objects including size and rotation, synapse maintenance
also achieved impressive results, as shown in experiments IV
and V, under a large resource shortage 80%.
An ongoing work is to handle different scales of the same
object. Other variations are also possible for the WWN to

deal with in principle, but future experiments are needed.
We believe that synapse maintenance is a necessary mechanism for the brain to learn and to achieve a satisfactory
performance in the presence of natural backgrounds.
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