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Abstract
In a previous paper, we reported that repetitive red 1ashes enhanced the red response of
retinal luminosity-type horizontal cell (LHC) and depressed the cell’s green response; repetitive
green 1ashes suppressed the cell’s red response, but caused trivial changes in its green response.
Based on the idea that the spectral plasticity of the horizontal cell may re1ect some changes
in synaptic e6cacy between the horizontal cell and various cones, a simple quantitative model
was constructed. The process consists of three components: a linear :rst-order dynamics, a
self-excitatory component within the same kind of synaptic population, and a cross-inhibitory
component between di=erent kinds of synaptic populations. It is shown that the model prediction
:ts reasonably well with the experimental data. The in1uence of relevant parameters on the model
output was further inspected. Our :ndings suggest that there might be a competitive depression
between the red- and green-cone signals that converge onto LHCs.
c 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction
It has been well acknowledged that synaptic strength can be modulated by synaptic or cellular activity [6] in the central nervous system and it has been realized that
activity-dependent modi:cation of synaptic e6cacy is fundamental to information processing in the nervous system. It was suggested that stimulus pattern generated an
activation pattern across the neural structure, and both stimulus pattern and activation pattern were related to the changes in the neurons’ response properties. Theoretical work via modeling approaches has been carried out to explain the dynamics of
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synaptic modi:cations observed from spiking neurons in various parts of the central
nervous system [3,8].
Morphological and electrophysiological work has revealed that the synapses between
non-spiking retinal neurons were plastic. In teleost :sh, retinal luminosity-type horizontal cell (LHC) receives input from both red- and green-sensitive cone photoreceptors. An early study showed that in gold:sh retina, the input signals from red- and
green-sensitive cones converging onto the postsynaptic LHC were not independent to
each other. Regulating the activity of one cone system might in1uence that of another
[5,13]. Evidence on the morphological front further showed that the cone–HC synaptic
connection was plastic, which was closely related to the pattern of the conditioning
light [12]. Recent experimental observations made from our laboratory demonstrated
that the strength of the synapse between cones and horizontal cells was highly stimulus pattern related [4]. The essential :ndings were that repetitive red 1ashes enhanced
LHC’s response to red light, and depressed its response to green light; on the other
hand, repetitive green 1ashes inhibited the cell’s response to red stimulus, although it
changed the cell’s green response little. This work was carried out to investigate the
synaptic strength changes that occurred in the outerplexiform layer of carp retina when
the neuronal activities were regulated using mono-wavelength lights, via the modeling
approach.
2. Model
To describe the process of the stimulus pattern related temporal changes in LHC’s
light responsiveness, a quantitative model based on the use-dependent synaptic connection in the outer retina was developed, following the factors and assumptions such
that: (1) according to the spectral sensitivity curves of various cones of teleost retina
[7], the ratio of inputs to red- and green-cone systems was assumed to be 0:9:0:1 for
red (703 nm) light stimulus and 0:4:0:6 for green (501 nm) light stimulus; (2) LHC
received synaptic inputs from both red- and green-cone systems, and LHC’s response
consisted of two components, each related to red- and green-cone signals, respectively
[13]; (3) cone–LHC synapses have a two-dimensional (N ×N ) topological arrangement,
with each synapse between red cone and LHC being sandwiched by two synapses that
connect green cones and LHC, in both abscissa and ordinate directions, and vice versa
(Fig. 1); (4) the strength of a certain population of synapses would be increased upon
activation at the expense of a corresponding strength decrease of the other synapses.
The neural network model constructed can thus be equated as follows:
for red cone–LHC synapses:
d xr (t; i; j)
1
∗
)
= − (xr (t; i; j) − xr0
dt
r

(ar − xr (t; i; j))xr (t; m; n)E(i; j; m; n)Ir (t; i; j)
+
m=i
n=j

−


m=i
n=j

(xr (t; i; j) − br )xg (t; m; n)S(i; j; m; n)Ig (t; i; j));

(1a)
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Fig. 1. Model structure for describing the synapses between cones and LHC. Solid and open diamonds
represent red- and green-sensitive cones, respectively. Solid and open circles are synapses between LHC
and red- and green-sensitive cones, respectively. Solid and open arrows in the synapse layer represent
the excitatory interactions within the same synapse population and inhibitory interactions between di=erent
synapse populations, respectively.

for green cone–LHC synapses:
d xg (t; i; j)
1
∗
)
= − (xg (t; i; j) − xg0
dt
g

(ag − xg (t; i; j))xg (t; m; n)E(i; j; m; n)Ig (t; i; j)
+
m=i
n=j

−



(xg (t; i; j) − bg )xr (t; m; n)S(i; j; m; n)Ir (t; i; j);

(1b)

m=i
n=j
∗
∗
=xr0 +(t; i; j), xg0
=xg0 +(t; i; j), t=1; 2; : : : ; 40, i=1; 2; : : : ; N , j=1; 2; : : : ; N ,
where xr0
m = 1; 2; : : : ; N , n = 1; 2; : : : ; N ,

even; for red synapses;
i+j=
odd; for green synapses:
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In Eq. (1), xk (t; i; j) (k = r; g) represents the strength of the synapse (i; j) at time
t, with xk0 being the static value when no stimulation is applied. Constants ak and
bk denote, respectively, the maximum and minimum possible strength of the relevant synapses. Therefore, non-negative terms (ak − xk (t; i; j)) and (xk (t; i; j) − bk ) form
non-linear compressions for both self-excitatory and cross-inhibitory processes between
the synapse populations, respectively. k re1ects the passive decay time constant of the
synaptic strength. Ik (t) is the input to the relevant signal pathway at time t. (t; i; j) is
a white noise process following the standard normal distribution:
 ∼ N (0; 1):

(2)

The non-negative terms E(i; j; m; n) and S(i; j; m; n) are excitatory and inhibitory interaction functions within and between the synapse populations, respectively [2], with
their spatial decay being
E(i; j; m; n) = E × e−((i−m)
S(i; j; m; n) = S × e−((i−m)

2

2

+( j−n)2 )=E2

+( j−n)

2

)=S2

:

;

(3a)
(3b)

The model thus has the following properties: (1) the synaptic strength has a static
state value xk0 when no stimulation is applied, and if any synaptic strength change
is driven by an excitatory/inhibitory stimulus, a recovery to the static value will be
reached following a :rst-order dynamics with a time constant k , after the stimulation
has ceased; (2) self-excitation within the same kind of population is weighted, as well
as restricted, by the term (ak − xk (t; i; j)); (3) cross-inhibition between di=erent kinds
of populations is weighted and restricted by (xk (t; i; j) − bk ).
The output signal of each synapse population is decided by both the input signal
I (t) and the synaptic activity xk (t; i; j) following a sigmoid function:
f(u) = (1 − e−u= ):

(4)

The postsynaptic activity, i.e., the response amplitude of LHC at time t, is therefore
determined by a simple summation of the output of the two signal pathways:

Y (t) =
f(xk (t; i; j)Ik (t; i; j));
(5)
i; j

where the synaptic weight xk (t; i; j) varies between 0 and 1, with the initial weight
following a normal distribution, both spatially and temporally:
∗
xk0
∼ N (xk0 ; 2 ):

(6)

All the parameters used for the simulation were carefully selected, as listed in
Table 1.
3. Result
In the carp retina, LHC receives inputs from both red- and green-cone pathways. The
synaptic strength between LHC and each cone system is plastic, which is dependent
on both the history and activity of the signal pathway. The experimentally observed
auto-enhancement and mutual-depression e=ects caused by repetitive mono-wavelength
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Table 1
Values of the parameters used for the model
Parameters

Values

Parameters

Values

a
b
E
S
N
r
g

0.92
0.04
0.02
0.02
10
5:0 s
5:0 s

xk0

E
S



0.5
5.0
5.0
5.0
1.0
0.05

(A)

(B)

10 S

703 nm, -1.13
501 nm, -2.21
Fig. 2. The comparison between experimental recordings and model prediction. The solid lines in both
panels A and B illustrate a typical LHC’s response to red and green 1ashes before, during, and after the
20 s red 1ickering (upper panel: LHC’s response; lower panel: light 1ash). The model predictions of the
cell’s response amplitudes to red and green test light during each condition are represented by squares and
triangles, respectively.

light 1ashes are plotted in Fig. 2. It is demonstrated that during the 20 s exposure to red
1ickering, the repetitive red 1ashes increased the cell’s red response but depressed its
green response. Similarly, the cell’s response to red test 1ash was remarkably reduced
during exposure to the 20 s green 1ickering, although repetitive green 1ashes caused
little change in the cell’s green response. Such asymmetry in the cell’s response changes
during relevant stimulus patterns might be related to the spectral behavior of the redand green-cones. Since LHC received inputs from both red- and green-cones, and
green-cones are around 2 log units less sensitive than red-cones to 703 nm stimulus [7],
703 nm 1ashes at intermediate intensity selectively activate red-cones. The repetitive
red 1ashes actually form simultaneous stimuli on red cones and LHC via the red-cone–
LHC pathway, which might result in a strengthened synaptic connection between the
red-cone and LHC, and at the mean time depress the green-cone signal pathway. On
the other hand, since the sensitivity of red-cones is only 0.5 log units lower than that

412

Y. Liu et al. / Neurocomputing 50 (2003) 407 – 418

of green-cones at 501 nm, the green 1ashes activate not only green-cones, but also
red-cones to some extent. The mixed e=ects of homo-wavelength-signal enhancement
and competitive depression induced a modest enhancement of the LHC’s green response
during green 1ickering and an accompanying inhibition of the LHC’s red response
[4]. The cell’s response changes caused by either repetitive red or green 1ashes were
reversible.
To describe the use-dependent synaptic plasticity that occurred in the outer plexiform
layer of carp retina, a non-linear model was developed. In this model, the activity of
the neural circuitry was represented by synaptic weight, which was highly dependent on
the history and activity of relevant neurons. The synaptic connection was strengthened
when the particular signal pathway was activated, with the synaptic weight of the
unstimulated pathway decreased. Using carefully selected parameters, the model was
applied to simulate the LHC’s response behavior during various patterns of stimulus.
The model output, i.e., the response amplitude of LHC at each moment, was compared to the experimental data as illustrated in Fig. 2. In both panels A and B, the
model output of the cell’s responses to red test light during the development of 1ickering caused response change and recovery are represented by squares, whereas the
predicted cell’s responses to green test 1ash during each condition are represented by
triangles. The cell’s behavior was well simulated by the model that during repetitive
red 1ashes, the cell’s response to red light was gradually enhanced while its response
to green test light was correspondingly decreased, and such changes could be recovered
within 20 s after the red 1ickering had ceased. Similarly, the cell’s response behavior
during green 1ickering light changed little, while the cell’s response amplitude to red
1ash was reduced. The cell’s response amplitude was recovered to its initial values
within a short period after the green 1ickering stimulation had ceased.
The stimulus pattern related LHC’s spectral sensitivity changes are essentially attributed to the balance of synaptic weight changes during each condition, i.e., a red
1ash sequence strengthened the synapses between red-cones and LHC, while it weakened that between green-cones and LHC, and vice versa. Relevant synaptic weight
changes as calculated by the model are plotted in Fig. 3.
Since the behavior of the model is entirely determined by the values of its parameters once the model structure is decided, we next inspected the in1uence of relevant
parameters on the model prediction of the cell’s response amplitude during repetitive
red stimulus. Basically, the excitatory and inhibitory interaction coe6cients E and S,
as well as the non-linear compressive coe6cients for the enhancement and depression
processes a and b, were investigated.
Fig. 4A illustrates the in1uence of the excitatory coe6cient E on the model output.
In this set of calculation, the value of E was changed from 0.0 to 0.05, with steps
being 0.01, whereas the values of other parameters were kept constant as given in
Table 1. It is shown that at an extremely low value of E, the model prediction of
LHC’s response to red and green 1ash both decreased along the 20 s period; when
the E value exceeded 0.03, the calculated green responses showed a brief enhancement
before it was decreased; only when E was set at a value around 0.02, the model output
was able to simulate the experimental observations reasonably that the cell’s response
to red 1ash increased while that to green 1ash decreased.
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The spatial distribution of the synaptic weight
between LHC and green-sensitive cones
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0.495
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0.500
0.500
0.505

No stimulus

(B)

0.585

No stimulus

0.415

0.565
0.415

0.660
0.310

0.585

0.570

0.415

After 20-s repetitive red flashes

(C)

0.415

After 20-s repetitive red flashes
0.510

0.510

0.540

0.500

0.535

0.530

0.530

0.440

0.470

0.490

0.510

After 20-s repetitve green flashes

After 20-s repetitve green flashes

Fig. 3. The spatial distribution of synaptic weights during various conditions. Left and right panels represent
the spatial distribution of synapses between LHC and red- and green-cones, respectively. (A) When no
stimulation was applied, the spatial distributions of weights of synapses between red/green-sensitive cones
and LHC were kept near their static values, only a random 1uctuation occurs, due to the intrinsic noise.
(B) 20-s repetitive red 1ashes remarkably strengthened the synaptic connection between red-cone and LHC,
but weakened that between green-cone and LHC. (C) 20-s repetitive green 1ashes moderately inhibited the
red-cone synapses, and slightly enhanced the green-cone synapses. The di=erence in synaptic weight between
adjacent lines is 0.005.
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Fig. 4. E=ects of relevant parameters on the model output during repetitive red 1ashes: (A) in1uence of
the excitatory coe6cient E on the model output; (B) in1uence of the inhibitory coe6cient S on the model
output; (C) in1uence of maximum strength a on the model output; (D) in1uence of the minimum strength b
on the model output. Left and right panels are for the calculated cells’ response amplitude to red and green
test 1ashes, respectively.

In Fig. 4B, the model predictions with changing values of S are compared. It is
demonstrated that the model cell’s response to red stimulus was kept enhanced when
the S values changed from 0.0 to 0.05. Although the amplitude was a=ected slightly,
the dynamics followed a similar process. However, the model cell’s response to green
stimulus showed an enhancement at an extremely low value of S. When the S value
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reached a high value of 0.04, the model predictions showed some undershoot of depression during the :rst few seconds. The model gave satisfactory simulation when the
S values were set around 0.02.
Similar to the excitatory coe6cient E, changes in non-linear compressive coe6cient
a also caused some changes in the model behavior, as plotted in Fig. 4C. When changed
from a low value of 0.5 to a high value of 1.0, it did not alter the depressive e=ect on
the cell’s response to green light; however, the model cell’s response to red stimulus
was only enhanced when a reached a value ¿ 0:7.
The in1uence of coe6cient b is illustrated in Fig. 4D, which shows that the change
of this parameter between the ranges of 0.0 – 0.5 did not change the model cell’s
response to red stimulus very much, apart from some di=erence in response amplitude.
However, its in1uence on the model cell’s green response was dramatic. Response
depression only occurred at a low value of b (¡ 0:3), whereas an enhancement would
occur when the b value was set ¿ 0:4.
These results show that during red 1ickering 1ashes, parameters a and E are related
to the enhancement e=ect of synaptic weight between LHC and red-cones, while b and
S are crucial in describing the depression e=ect of synaptic weight between LHC and
green-cones.
4. Discussion
Synaptic plasticity has long been a topic for neurobiologists and modelers. Numerous
works have been reported during the past decades. Among these, an attractive model
was formulated by Bienenstock and colleagues [1], in which the ability of synaptic
modi:cation varied as a non-linear function of corresponding input signal, as well as
postsynaptic activity. The direction and degree of changes in synaptic strength (Owi )
were both governed by a combination of intensity of input signal and the activity of
postsynaptic neuron, which can be termed as Owi ˙ (x − x )(y − y ) [6], where x
and y denote the presynaptic input and the postsynaptic output, respectively; x and
y represent pre- and post-synaptic modi:cation thresholds, respectively. In this model,
potentiation occurs only when both x and y are above their thresholds; whereas depression should be induced when one is below its threshold and another above. An
important additional assumption of Bienenstock’s model is that the threshold values
are not :xed, but rather 1uctuate according to the history and present activity of the
pre- and post-synaptic neurons. Such a property of synaptic connection has been termed
“meta-plasticity”, which means that the modi:ability of the synaptic strength is changeable. Thus, as a result of stimulation induced increase,  may shift to promote synaptic
depression, and vice versa. Following Bienenstock’s theory, the hetero-synaptic depression which refers to depression of the unstimulated synapses observed in this laboratory might result from y ¿ y and x ¡ x , and the auto-enhancement of the stimulated
synapses could be attributed to the status y ¿ y and x ¿ x .
Extended from Bienenstock’s model which describes the meta-plasticity in a single synapse, our model is somewhat more complicated in the sense that it describes
the multi-signal interactions in the outer plexiform layer of carp retina. The strength
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change of a certain population of synapses is determined by the combination of two
major factors. Basically, the relationship between the presynaptic input intensity and the
postsynaptic activity weighted by the excitatory function E, which is similar to the form
proposed by Bienenstock, decides the self-excitation within the synapse population; the
activation status of the other synapses population, weighted by the inhibitory function
S, forms a cross-competition e=ect between the di=erent populations of synapses. Taking the idea that the spatial pro:les of the excitatory- and inhibitory-interactions in
forming the retinal ganglion cells’ receptive :eld both follow a Gaussian-like spatial
distribution [9,10], E and S are assumed to decay along distance with a Gaussian-like
manner. However, since the various cones are randomly distributed in the outer plexiform layer [11], we chose the two functions as with identical decay rate. In this
model, the changeability of the synaptic strength (the :rst derivative of xk as given by
the equations) is not a constant, but rather a function de:ned by the stimulus pattern
and the synaptic status along time, with the synaptic weights con:ned by the maximum and minimum values a and b, respectively. A continuous second derivative of
the synaptic weight is available, and the model is thus endowed with the property of
“meta-plasticity” as discussed by previous authors [1,6].
Given the model structure, the strength change of a certain synapse predicted by
our model is governed by the following factors: (1) the correlation between the two
synapse populations (xk xkS; k = r; g); (2) the status of the synapse population inspected
(xk ) and that of the other population of synapse (xkS); (3) the squared synaptic weight
(xk2 ); and (4) a constant value. When applied to the experimental data, various combinations of parameter values were compared, and the set of parameters which yield
satisfactory simulation results are listed in Table 1. The results are such that the coe6cients related to the correlation between the two populations (xk xkS) are negative,
which implies that the interaction between the di=erent populations is competitive; the
xk terms are weighted by negative coe6cients while the coe6cients of the xkS terms
are positive, which suggests that the energy supporting the strengthening of a certain
synapse population is not provided by the environment, but rather at the expense of
the other synapses; xk2 terms also have negative coe6cients, which implies that the
synaptic weight changes are limited by the synaptic status.
5. Conclusion
Taken together, our results suggest that the stimulus pattern related HC spectral plasticity is likely to be attributed to the activity-dependent synaptic strength modi:cation
in the outer plexiform of retina, and the activity-dependent processes are conservative,
i.e., the strengthening of the stimulated synapses is compensated by the weakening of
the others.
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