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Self-organization is one of fundamental brain computations for forming
efficient representations of information. Experimental support for this
idea has been largely limited to the developmental and reorganizational
formation of neural circuits in the sensory cortices. We now propose that
self-organization may also play an important role in short-term synaptic
changes in reward-driven voluntary behaviors. It has recently been shown
that many neurons in the basal ganglia change their sensory responses
flexibly in relation to rewards. Our computational model proposes that
the rapid changes in striatal projection neurons depend on the subtle
balance between the Hebb-type mechanisms of excitation and inhibition,
which are modulated by reinforcement signals. Simulations based on the
model are shown to produce various types of neural activity similar to
those found in experiments.
1 Introduction
The basal ganglia (BG) are well known to contribute to sequential motor
and cognitive behaviors (Knopman & Nissen, 1991; Graybiel, 1995). Almost
the entire cerebral cortex projects to the BG, and the BG project mainly back
to the frontal cortex through the thalamus and to the superior colliculus. A
striking fact about the BG is a vast convergent projection from the cerebral
cortex to the striatum, a major input zone of the BG (Oorschot, 1996) and
another convergent projection from the striatum to the output nuclei of the
BG, that is, the global pallidus internal segments (GPi), and the substantia nigra pars reticulata (SNr). Given this fact, it is expected that the BG
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have efficient representations of cortical inputs to interact effectively with
the cerebral cortex (Graybiel, Aosaki, Flaherty, & Kimura, 1994). We should
note that the majority of the neurons in the striatum, including the projection neurons and some types of interneurons, are GABAergic, working
most likely as inhibitory within the striatum as well as to target neurons in
projection areas (Kita, 1993; Kawaguchi, Wilson, Augood, & Emson, 1995;
Wilson, 1998).
The BG, the striatum in particular, receive rich reinforcement signals
from dopaminergic (DA) neurons, which originate in the substantia nigra
pars compacta (SNc). It has been observed that the neural responses in
the striatum are strongly modulated by DA neurons or reward conditions
(Aosaki et al., 1994; Schultz, Apicella, Romo, & Scarnati, 1995; Kawagoe,
Takikawa, & Hikosaka, 1998). DA neurons exhibit a phasic activity when
an unexpected reward occurs or when a conditioning stimuli appears that
allows the subject to anticipate a coming reward (Schultz, 1998). Driven by
these reinforcement signals carried by DA neurons, the striatum has been

Figure 1: Facing page. (A) Example of the memory-guided saccade task in a onedirection-rewarded condition (1DR). In experiments, there were two reward
conditions: 1DR and ADR (all-direction-rewarded condition) conditions. The
task procedure in each trial is the same as a memory-guided saccade task between both conditions except reward conditions: a task trial started with the
onset of a central fixation point, which the monkeys had to fixate. A cue stimulus (spot of light) then came at one of the four directions. After the fixation point
turned off, the monkeys had to make a saccade to the cued location. In ADR,
all directions are rewarded after a saccade to the cued location in each trial. In
1DR, throughout a block of the experiment (60 trials), only one direction was
rewarded among four directions. In the example shown here, the right direction
is rewarded. Even for nonrewarded directions in 1DR, the monkeys had to make
correct saccades; otherwise, the same trial was repeated. 1DR was performed in
four blocks, in each of which a different direction was rewarded. Other than the
actual reward, no indication was given to the monkeys as to which direction was
to be rewarded. (B) Examples of the three types of neural responses observed
in the experiment are shown over four 1DR blocks (taken from Kawagoe et al.,
1998). Data obtained in each block of 1DR (left) are shown as a polar diagram
indicating the magnitudes of the responses for four cue directions. Rewarded
direction is indicated by a bull’s-eye mark. (Top) Flexible type (the most frequently observed type) changes its preferred direction quickly to the rewarded
direction in each 1DR block. (Middle) Conservative type maintains its preferred
direction (rightward for this neuron) across 1DR blocks (at least in two of four
1DR blocks), while the response toward each direction is enhanced when it is
rewarded in each 1DR block. (Bottom) Reverse type (less frequently observed
than the other two types) shows the smallest response to the rewarded direction
in each 1DR block.
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considered to undergo heterosynaptic plasticity (Calabresi, Maj, Pisani, Mercuri, & Bernardi, 1992; Wickens & Kötter, 1995) and to contribute to skill
memory formation through the cortico-basal ganglia loops (Marsden, 1980;
Alexander, Crutcher, & DeLong, 1990; Knowlton, Mangels, & Squire, 1996;
Hikosaka et al., 1999; Nakahara, Doya, & Hikosaka, 2001).
In a recent experiment (Kawagoe et al., 1998), reward-modulated changes
of neural responses in the caudate, a part of the striatum, were investigated
in a systematic manner, using asymmetrically rewarded memory-guided
saccade tasks, in which one of the four directions was randomly chosen as
the saccade target in a trial and the monkeys had to make a memory-guided
saccade in the trial (see Figure 1A). In this task, there were two reward
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conditions: all-directions-rewarded condition (ADR), where all four directions were rewarded in a block of experiments after a correct saccade in
a trial, and one-direction-rewarded condition (1DR), where only one fixed
direction was rewarded after a correct saccade in a trial (the other three
directions were not rewarded throughout a block even when a correct saccade was made). In visual and memory-related periods, the preferred directions of the caudate neural responses, observed in ADR (Kawagoe et
al., 1998), were typically found to be contralateral, as previously reported
(Hikosaka, Sakamoto, & Usui, 1989), so that the caudate neurons exhibited
spatial-directional selective responses. The caudate neural responses, however, were strongly modulated by the rewarded directions in the 1DR blocks
(see Figure 1B). Three typical patterns were found in the response changes:
flexible, conservative, and reverse type patterns (see Figure 1B; their definitions are provided in the legend). When a 1DR block is altered, the caudate responses change within ten to a few tens of trials and develop much
slower than the DA activities (Kawagoe et al., 1998; Kawagoe, Takikawa, &
Hikosaka, 1999) (see section 2.1). Such changes are supposed to be caused
by the synaptic plasticity under the influence of the DA activity (Calabresi
et al., 1992; Wickens & Kötter, 1995; Reynolds & Wickens, 2000), while the
DA-induced changes in the internal states of the striatal neurons may play
a role as well (Surmeier, Song, & Yan, 1996). These results suggest that

Figure 2: Facing page. (A) Schematic diagram of the relationship of the cerebral
cortex and the caudate. Spatial information is conveyed from the cerebral cortex
to the caudate, while reinforcement signals are provided via dopaminergic projections (DA). Black and white arrowheads indicate excitatory and inhibitory
connections, respectively. (B) Scheme of self-organization in the caudate. Directional information is topographically represented in the cerebral cortex with
two components: one reflecting each directional selectively (Ni ) and the other
reflecting some overlap between different directions (M). Common inputs (M)
are shared by cortical representations for different directions (xi ), and in the figure, cortical representations for two directions are shown. Reinforcement signals
(α) carried by dopamine (DA) neurons influence cortical inputs. An integrated
inhibitory input to caudate neurons is denoted by x0 . (C) Schematic example of
a conservative-type neuron at equilibrium, responding to its preferred (but nonrewarded) direction (x1 ) and a rewarded direction (x2 ). This neuron does not fire
to x3 (x4 is dropped here for simplicity). After the learning converges, the synaptic weight converges to w̄ = 12 (x1 + x2 ). By assuming k w k= 1, each of the inner
products between the input (xi ) and the weight (w̄) with and without reinforcement signal modulation is indicated on the right. Inhibitory effect is summarized
by λ, which is also indicated on the right. Since w̄ · x3 < λ < w̄ · x1 , w̄ · x2 (1 + α2 ),
the neuron responds to x1 , and x2 with reinforcement signal, but not to x3 . If
α2 is not provided, the neuron does not respond to x2 . The dashed cone region
indicates the receptive region of this neuron. The neuron responds to all of the
inputs, which can be modulated by reinforcement signals, in this region.
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the caudate neurons rapidly alter their response properties guided by the DA
activity when the reward condition changes (see the next section and section 4).
Importantly, the pattern of changes in a response can vary in each neuron and
is classified roughly into one of three categories.
We propose that the caudate neurons self-organize their responses under the
control of both the intrinsic cortical inputs representing each cue direction and
the DA reinforcement signals reflecting the reward conditions (Schultz, 1998;
see Figure 2A). We therefore study a simplified self-organization model with
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reinforcement signals (see Figure 2B).It is possible to analyze its behaviors rigorously by giving conditions that guarantee the requested behaviors (Kawagoe
et al., 1998). Our model includes plastic changes in both the excitatory and inhibitory synapses, and their subtle balance generates a variety of phenomena, as
seen in experiments. Under each condition, we can determine which pattern of
neural responses appears, using the parameters of both the reinforcement signal
and the inhibitory effect with respect to the cortical representations. Our model
can explain these typical patterns of modulation by the same simple mechanism
in a unified way, which would help us predict the relationship between the neural response modulations and the cortico-striatal and nigra-striatal connections
of the neurons.

2 A Theoretical Model
2.1 A Self-Organization Neuron Model. Emergence of various types of
self-organization has been studied previously in a unified manner (Amari, 1977,
1983; Amari & Takeuchi, 1978). Our model of the striatum neurons is a new
version in that the internal state of a neuron u(t) at time t is enhanced by the
reinforcement signal α(t),
u(t) = w(t) · x(t){1 + α(t)} − w0 (t)x0 (t),

(2.1)

where the vector x stands for excitatory cortical inputs to a neuron in the striatum, corresponding to the cue signal, which is one of the four directions, while
x0 summarizes a population of the inhibitory inputs as a single variable in this
model and is assumed to be a constant for simplicity in the later analysis. Here,
w denotes the weights of the cortico-striatal connections of this neuron for x,
and w0 denotes the weight for the inhibitory input x0 .
The term α(t) denotes the effect of the reinforcement signal, carried by dopaminergic (DA) neurons, on the striatal projection neuron firing rates. Experimentally, the DA effects on striatal firing rates have been found to be facilitatory (i.e.,
α > 0 in our model) or inhibitory (α < 0). Facilitatory and inhibitory effects may
be mediated by D1 and D2 receptors, respectively (Gerfen, 1992; Cepeda, Buchwald, & Levine, 1993). Alternatively, both effects can be mediated by the bistable
nature of D1 receptors (Nicola, Surmeier, & Malenka, 2000; Gruber, 2000).
The phasic DA activities occur in general to an unexpected reward or a conditioning stimulus preceding a rewards r, once the conditional relationship is
well established (Schultz, Apicella, & Ljungberg, 1993). While this phasic DA
activity is hypothesized to provide a reward prediction error, the striatal neurons are considered to change their neural activities, using this reinforcement
signal by the DA neurons (Schultz, 1998). Correspondingly, experiments in 1DR
and ADR (Kawagoe et al., 1999) have shown that there is the phasic DA activity
locked with a rewarded direction cue in each 1DR (ADR) block. When a new
1DR block is started, the phasic DA activity quickly shifts to the rewarded cue
within a few trials and stays unchanged throughout the block, possibly having a very small, but negligible, decay toward the end of the block (Kawagoe
et al., 1999). Accordingly, we denote the phasic DA activity by α and assume
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that α changes without delay between experimental blocks and stays the same
throughout a block.
The caudate neurons also change their activities when a 1DR block is altered.
Interestingly, the changes in the caudate neural activities are much slower, taking a few tens of trials, than those in the DA activity. This suggests that the plastic
caudate activities may be induced by synaptic changes in the cortico-caudal projection, under the DA modulation, rather than by the direct DA-induced changes
in the caudate response properties, although the latter effect may also play a role,
particularly in initiating such plastic caudate activities (see sections 3.1 and 4).
Let us now look into the time course of the DA activity in a single trial. The
phasic DA activity (α) starts to rise roughly around 100 milliseconds after the
cue presentation, when it is rewarded. Next, it starts to drop, first rapidly, until
around 400 milliseconds and then gradually to the resting level around 700
milliseconds, during which a very weak, but still larger than at the resting level,
DA activity exists (Kawagoe et al., 1999; also see Schultz et al., 1993; Schultz,
Romo, Ljungberg, Minenowicz, Hollerman, & Dickenson, 1995). To distinguish
from the phasic peak activity α, we denote this weak DA activity by α 0 , which can
be regarded as nearly, but not exactly, zero (i.e., at the resting level) (therefore,
α 0 ∼ 0). In contrast, the post-cue caudate neural activities, depending on each
neuron, are confined not only during the time of the phasic DA period but
also during the time of the weak DA activity (and even later) (Kawagoe et al.,
1998, 1999). In other words, the plastic changes in the caudate neural activities
possibly carry over not only in the time of α but also in the time of α 0 at least,
suggesting that the DA-modulated synaptic changes induce the plastic changes
in the caudate neural activities.
Note that when α(t) = 0, the neuron model in Eq. (2.1) is equivalent to
the primitive self-organization model (Amari & Takeuchi, 1978). When the reinforcement signal exists (i.e., |α| > 0), the internal state of the neuron u(t) increases
or decreases, and controls the self-organizing process, so that the reinforcement
signal works in a modulatory manner.
The output y(t) of the neuron is given by the transfer function
y(t) = f {u(t)}.

(2.2)

To obtain an analytical solution, we first choose f (·) as the step function, given
as 1(u) = 1 (if u > 0), and 0 otherwise. This is the simplest choice, allowing us to
derive an explicit analytical solution for the dynamical behavior of learning in
the model. This simplification implies that the state of the neuron is binary, that
is, the neuron fires (y = 1) or does not (y = 0). Later, we let f (·) be the sigmoid
function f (a) = 1/(1 + e−γ a ) where a is a real value and γ is a scaling parameter.
The dynamics of a Hebbian-type learning rule is chosen to show changes in
synaptic efficacies,

½

τ ẇ(t) = −w(t) + cy(t)x(t)
τ ẇ0 (t) = −w0 (t) + c0 y(t)x0 ,

(2.3)

where ẇ and ẇ0 represent the time derivatives dw/dt and dw0 /dt, and c and c0
are learning rates. In equation 2.3, y(t) depends on α(t), because y(t) = f {u(t)}

826

H. Nakahara, S. Amari, and O. Hikosaka

and u(t) is a function of x(t) and α(t). In other words, DA signals, particularly the
phasic ones, initiate and guide the learning process, where the phasic activity
(α) quickly changes to the weaker one (α 0 ∼ 0) in the time course of a trial.
In the first equation, the second term yx is Hebbian, indicating that the weight
increases in proportion to the input x when the output y of the neuron is positive.
The above model is different from the ordinary Hebb-type neuron in that the
inhibitory weight w0 is also modifiable, as shown in the second equation (Amari
& Takeuchi, 1978; Amari, 1983).
The intrinsic mechanism of the model is based on the balance between the excitatory and inhibitory effects, mediated by modifiable weights under the initial
modulation of the reinforcement signal. To understand the behavior of models
of this kind, we need to examine their dynamical behaviors of learning, typically
the equilibrium states and their stability under a stationary environment from
which input signals x(t) are supplied. Many stable equilibrium states exist in
general, and this multistability is important to allow an ensemble of neurons, exposed to the same environment, to differentiate with different neural responses
and capture various features of the environment.

2.2 Analysis of Learning Dynamics. When inputs xi are presented with
probabilities pi ≡ p(xi ) (i = 1, 2, 3, 4) and reinforcement signals α(xi ), which
quickly change into α 0 (xi ), the averaged learning equation is given by
P

½

τ ẇ = −w(t) + c i pi yi xi
P
τ ẇ0 = −w0 (t) + c0 i pi yi x0 .

(2.4)

The synaptic weights converge to the equilibrium state (w̄, w̄0 ), satisfying

ẇ = ẇ0 = 0:
P
½
w̄ = c i pi yi xi
P
0
w̄0 = c

i

pi yi x0 .

(2.5)

Equation 2.5 is not the explicit solution for w̄ and w̄0 , since yi on the right-hand
side depends on w̄ and w̄0 , so that it is the equation to be solved for them. After
the weights have converged by learning, the internal state of the neuron for
input x with accompanying reinforcement signal α (or α 0 ) is
ū = w̄ · x(1 + α) − w̄0 x0 .

(2.6)

If ū > 0 for input x, this neuron fires. In order to analyze the characteristic of
this neuron, we define the receptive field of this neuron R as
R = {x | ū(x) > 0},

(2.7)

and using R,
pR =

wR =

X

pi

xi ∈R
Ã
X
xi ∈R

(2.8)

!
pi xi /pR .

(2.9)
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Intuitively speaking, pR stands for the probability mass of the signals in region
R, and w
R stands for the center of gravity in region R. Recall that yi = 1(u(xi ))
P
so that
yi xi reduces to the sum over all x in the receptive field R. Hence,
equation 2.6 can be rewritten as

µ
ūj = ū(xj ) = cpR (1 + αj ) wR · xj −

¶

c0
x2 ,
c(1 + αj ) 0

(2.10)

where αj = α(xj ). When xj is rewarded, αj = α in the beginning and becomes α 0
later. Therefore, by defining
λ≡

c0 2
x,
c 0

(2.11)

the condition for a neuron to fire in response to xj is given by K(xj ) > 0, where
K(xj ) ≡ wR · xj −

λ
,
1 + αj

(2.12)

and the condition to be silent in response to xj is given by K(xj ) ≤ 0. The two
conditions are the necessary condition but are not sufficient. Note that in the
later period of a trial, i.e., when αj = α 0 , the neuron still fires and K(xj ) > 0 for
αj = α 0 ≈ 0. Thus, equation 2.12 provides a mathematical criterion for studying
the receptive region generated by learning. We can see that λ is the important
parameter that controls the size of R. As λ increases, the receptive field becomes
smaller. To ensure sufficiency, we need to check
for ∀x ∈ R,

K(x) > 0,

and

for ∀x 6∈ R,

K(x) ≤ 0.

This is because wR depends on R, and R is defined as the set of inputs x by which
the neuron should fire (Amari & Takeuchi, 1978; Amari, 1983).

2.3 Analysis of Caudate Neurons. The emergence of the three response
types of neurons is explained here. There are two types of 1DR blocks in the
actual experiment: an exclusive 1DR and a relative 1DR (Kawagoe et al., 1998).
We discuss only the former here, because our analysis can be easily applied to
the latter with slight modifications.
The cortical inputs {xi }4i=1 , corresponding to the four cue directions, are given
with probability p(xi ) = 14 in the experiment (Kawagoe et al., 1998). In the
exclusive 1DR, only one of the four directions is a rewarded direction (say, xi
with the reward ri = r, r > 0); the other three directions are not rewarded
(rj = 0, j 6= i). When one block of experiments starts, we have αi = α (|α| > 0; α
becomes α 0 shortly in each trial) and αj = 0 (j 6= i), respectively, as the effect of
the phasic reinforcement signal by DA neurons on the striatal projection neuron
(see section 2.1).
We now describe how the four cue directions are represented in the cortical
signal x to a caudate neuron in our model. The signal consists of a bundle of
inputs in which some parts are common to all of the cue directions, just representing the appearance of a cue, and the other parts include specific exclusive
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information for each direction. Let M be the number of common inputs, and let
Ni be the number of inputs specific to xi . We rearrange the components such that
the common M inputs appear first. We then have the following representation,
M

N1

N2

N3

N4

z }| {

z }| {

z }| {

z }| {

z }| {

x2 = (1, . . . , 1,

0, . . . , 0,

1, . . . , 1,

0, . . . , 0,

0, . . . , 0)

x3 = (1, . . . , 1,

0, . . . , 0,

0, . . . , 0,

1, . . . , 1,

0, . . . , 0)

x4 = (1, . . . , 1,

0, . . . , 0,

0, . . . , 0,

0, . . . , 0,

1, . . . , 1).

x1 = (1, . . . , 1,

1, . . . , 1,

0, . . . , 0,

0, . . . , 0,

0, . . . , 0)

(2.13)

The inner products among {xi }4i=1 are given by

½

xi · xj =

M + Ni
M

(i = j)
(i 6= j).

(2.14)

This definition of the cortical representations for each direction is only for presentational simplicity. The following theorems can be proved, as is evident in
their proofs, with a general definition of inner products,

xi · xj = gij ,
if we wish. Through this general form of the inner product, the magnitude of
the cortical representation for each direction is determined, and furthermore,
the proximity between the cortical representations for different directions is
determined. These properties are essential to determine each response type with
the other two parameters, λ and α, as shown in the three theorems below, where
equation 2.14 is used.
Theorem 1. A neuron behaves as if the flexible type in all four 1DR blocks if its
parameters satisfy
M+

Nmax
≤ λ < min{M(1 + α), (M + Nmin )(1 + α 0 )},
2

(2.15)

where Nmax = maxi∈I Ni , Nmin = mini∈I Ni and I = {1, 2, 3, 4}.

Proof. Without loss of generality, we assume that the rewarded direction is
x1 and, hence, α1 = α (α > 0) in the beginning and αj = 0 (j 6= 1). We assume
that the initial weight w is large enough such that the neuron is excited by x1 .
We search for the condition that R = {x1 } is an equilibrium state of the equation,
implying that the neuron is excited only by x1 . If this is the case, pR = 14 and
w1R = x1 . In equation 2.12, we further require K(x1 ) > 0 and K(xi ) ≤ 0 (i 6= 1)
even when α is reduced to α 0 in the process. They are equivalently rewritten as
M ≤ λ < (M + N1 )(1 + α 0 ).
Now suppose that the reward direction is changed to x2 in the next block.
We need to obtain the condition to ensure that the neuron changes its behavior
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to respond only to x2 . By noting that the initial state of the weight vector of the
neuron in the new block is the same as the final equilibrium state of the weights
λ
in the previous block, we require w1R · x2 − 1+α
> 0 for the neuron to respond to
x2 in the beginning of the new block, where the reward direction changed and
α2 = α. This gives
λ < M(1 + α).
Even when this condition is satisfied, it may happen that this neuron responds
to both x1 and x2 in the beginning of the second block, though x1 is no more
rewarded, that is, α1 = 0. However, this changes as learning takes place in the
new situation. We then need a condition such that while the neuron may initially
respond to both x1 and x2 , the neuron stops responding to x1 before reaching
the equilibrium state of R = {x2 }. This condition is given by
M+

N2
≤ λ.
2

By summarizing the above conditions and taking all 1DR blocks into account,
the theorem is proved.
The theorems for the other two types are given as follows.
Theorem 2. A neuron behaves as if the conservative type in all four 1DR blocks if its
parameters satisfy
M+

0
Nmax
2

½

µ

≤ λ < min M(1 + α), M +

0
Nmin
2

¶
(1 + α 0 ), M +

N1
2

¾
,

(2.16)

where we assume that x1 is the preferred direction (i.e., N1 = Nmax ) and we have
0
0
Nmax
= maxi∈I0 Ni , Nmin
= mini∈I0 Ni and I0 = {2, 3, 4}.
Theorem 3. A neuron behaves as if the reverse type in all four 1DR blocks if its
parameters satisfy

µ

Nmax
M+
4

¶
(1 + α 0 ) ≤ λ < M,

(2.17)

where Nmax = maxi∈I Ni and α < α 0 < 0.
See the appendix for the proofs of theorems 2 and 3.
Figure 3A demonstrates each response type proved in the three theorems
above. Note that a binary output neuron is used in the theorems, since the step
function, as the transfer function of neurons, allows neurons only to fire or to be
silent. Hence, each response type is defined accordingly: Flexible-type neurons
respond only for a rewarded direction in each 1DR block; conservative-type
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Figure 3: The three types of simulated neural responses shown over four 1DR
blocks. The same parameter setting is used in A and B except transfer functions.
(A) Step function is used as the transfer function to generate a neural output.
(B) Sigmoid function as the transfer function.
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neurons respond for both rewarded and their intrinsic preferred directions in
each 1DR block; reverse-type neurons respond for nonrewarded directions in
each 1DR block.
The three types proved in the theorems are chosen to stand for the most typical types of neural response changes across 1DR blocks observed in experiments.
At the same time, in the rich variety of experimental neural responses, there are
some types that are not included in the three types and other types that can be
considered as subtypes in one of the three types. For example, a very few neurons
behave as if they were reverse-conservative type, which has a larger response to
each direction when it is not rewarded, while its intrinsic preferred direction is
somewhat maintained in each 1DR block. Other neurons behave as if they were
the super-conservative type, which has a response almost only for its intrinsic
preferred direction in any 1DR block. It is possible to prove the conditions for
these types, but we focus on the typical three types for clarity in this study.

2.4 Fine Characteristics of Neural Responses. The step function allows
us to obtain exact analytical solutions; however, simulation results based on the
step function differ from experimental ones in that neurons can only be binary
mode: to fire or to be silent (Figure 3A). To simulate experimental results further,
an analog sigmoid function can be employed, by which a normalized mean firing
rate can be represented (Figure 3B). In this alteration of the transfer function,
qualitative behaviors are expected to be similar because the sigmoid function
becomes similar to the step function as the steepness increases. Once the sigmoid
function is used, the difference in the magnitudes of the responses (y = f (u)) can
be reflected in the difference in the internal states (i.e., u). Hence, by adjusting
the proximity of the cortical inputs (i.e., the inner product in equation 2.14 or
gij in general), the fine characteristics in 1DR responses can be represented. In
other words, the directional selectivity in the caudate neural responses can be
reflected (see Figure 3B; for example, the flexible type is set as having the leftward
preferred direction).
For flexible-type neurons in experiments, the response to each direction in
ADR tends to be smaller than the corresponding rewarded response in 1DR.
This tendency is observed in the model. We first note that the total amount of
rewards in one block was the same in ADR and 1DR in experiments (Kawagoe et
al., 1998). In other words, the amount of rewards in each reward direction is four
times larger in any 1DR block than in ADR. Under this condition, our model
shows the observed tendency that neural responses become less distinctive in
ADR than in 1DR. Given the step function as the transfer function, the condition
for neurons of the flexible type to have responses in ADR as well as responses
in 1DR is summarized by
½

M+

µ

N
N
< λ < min M(1 + α), M +
2
4

¶µ

1+

α0
4

¶¾

,

where we set N = Ni for simplicity. The difference of the internal states in 1DR
and ADR (ū1DR and ūADR ) is given as
ū1DR − ūADR =

3c
(Nα + 4λ − 4M).
16
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From the above two equations, we can conclude
ū1DR − ūADR > 0,
that is, we find the above-mentioned tendency in our model. However, the
observed tendency might simply be due to the difference in the amount of
rewards per trial. But preliminary experimental results suggest that when a
two-directional version of 1DR task is employed, the response amplitude for
one direction is influenced by the other chosen direction, indicating an interactive effect between the different directional inputs on the response amplitudes
(Takikawa, Kawagoe, & Hikosaka, 2001). Hence, the tendency may not be a
simple result of the difference in the amount of reward per a trial.

3 Remarks
3.1 Neuron Model and Learning Rule. The neuron model in this study is
given by equations 2.1 and 2.2, while the learning rule is given by equation 2.3. In
this formulation, the reinforcement signal is not directly evident in the learning
rule but has an indirect effect on the learning through
y(t) = f (u) = f [w(t) · x(t){1 + α(t)} − w0 (t)x0 (t)].
Accordingly, the DA-induced modulation α influences the neural state u at first.
It then works as a modulator, indirectly affecting the learning process of the
synaptic weights w and w0 .
DA-induced changes in a neural state (see equation 2.1) eventually lead to
selective changes of the synaptic efficacy through the learning process in the
model (see equation 2.3). This may illustrate the issue on whether short-latency
DA responses are for reinforcement learning or attentional switching (Redgrave,
Prescott, & Gurney, 1999). In our model, when a new phasic DA response occurs
to an unexpected reward, the phasic DA activity directly affects the striatal
neural response properties (attentional switching) and consequently initiates a
new learning process (“reinforcement learning”).

3.2 Emergence of Three Neural Response Types. The results in the previous section demonstrate that all three types of neuronal behaviors emerge
from the same mechanism, depending on the values of the underlying parameters (see Figure 3A). Table 1 summarizes the conditions for each type
of neuron. All of the conditions are expressed by the two factors, the term λ
and the reinforcement signal α, with respect to the cortical representations (i.e.,
M, Ni ).
The term λ = (c0 /c)x20 (see equation 2.11) is composed of the learning rates
for the excitatory and inhibitory weights (i.e., c and c0 ) and the magnitude of
inhibitory input x0 , and, roughly speaking, it summarizes the efficacy of learning
in the inhibitory effect relative to that in the excitatory effect (see Figures 2B and
2C) (see the next section).
The term α indicates the effect of the reinforcement signal, carried by DA
neurons, on the striatal firing rate. As shown in Table 1, the analysis indicates
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Table 1: Conditions for Different Types of the Caudate Neurons.
Neuron Type
Flexible

Condition
M+

Nmax
2

α ≥ α0 > 0

≤ λ < min{M(1 + α),
0

(M + Nmin )(1 + α )}
0
Nmax
2

Conservative M +

α ≥ α0 > 0

≤ λ < min{M(1 + α),
(M +

0
Nmin

2

)(1 + α 0 ), M +

N1
}
2

(N1 > Ni , i ∈ I0 )
Reverse

(M +

Nmax
)(1
4

+ α0 ) ≤ λ < M

Nmax ≡ maxi∈I Ni ,
0
Nmax

λ≡

≡ maxi∈I0 Ni ,

c0 2
x,
c 0

xi · xj ≡

α ≤ α0 < 0

Nmin ≡ mini∈I Ni , I ≡ {1, 2, 3, 4}

½

0
Nmin
≡ mini∈I0 Ni , I0 ≡ {2, 3, 4}

M + Ni
M

(i = j)
(i 6= j)

that the reinforcement signal α should work as facilitatory (α > 0) for the flexible
and conservative types and as inhibitory (α < 0) for the reverse type.
In our simplified definition of the inner product of the cortical representations (see equations 2.14 and 2.13), M represents the overlap between the cortical
inputs, while Ni represents a part specific to each directional input. More generally, M + Ni corresponds to the square of the magnitude of each direction
(i.e., |xi |2 ) and M corresponds to xi · xj = |xi ||xj | cos θxi ,xj (i 6= j), where θxi ,xj
is the angle between xi and xj . In Table 1, therefore, the terms such as M + Ni ,
M + N2i , and so on, express how the proximity in the cortical representations,
or their overlap, influences the emergence of each type. For example, a critical
difference in the flexible and conservative types is that a preferred cue direction
input (x1 for N1 in Table 1) satisfies λ < M + N21 for the conservative type but
M + N21 < λ for the flexible type, while there are some other different conditions between the two types. Now, we can write M + N21 = 12 (k x1 k2 +x1 · xi ),
where i ∈ {2, 3, 4}. Hence, the term M + N21 is related to both the magnitude
of the preferred cue direction input x1 and the angle between x1 and other
cue direction inputs. When the cortical representations {xi } are chosen as in
equation 2.13, the conditions in Table 1 explicitly relate each response type to
the magnitudes of the cortical inputs and their overlap, which is essentially
the number of cortico-striatal connections reflecting each directional input (see
equation 2.13). Since the cortical representations in equation 2.13 and their inner
products in equation 2.14 used in Table 1 are only for presentation purposes, in
a more general term, the conditions in Table 1 suggest that each response type
is determined by the magnitudes and the proximity of the directional inputs
conveyed through the cortico-striatal projections (i.e., via the inner product gij )
in relation to λ and α. Our model may be generic enough to capture microscopic
properties such as small cluster properties (Hikosaka et al., 1989; Flaherty &
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Graybiel, 1994; Jaeger, Kita, & Wilson, 1994; Kincaid, Zheng, & Wilson, 1998)
with a more detailed analysis on the cortical input proximities, along with 1DR
experiments.

3.3 Effect of Inhibitory Weight Modifiability. The term λ, roughly speaking, summarizes the efficacy of inhibitory learning dynamics. If λ is too small,
all neurons start to fire for any directional input at equilibrium, whereas all neurons become silent for any directional input at equilibrium if λ is too large. For
an ensemble of neurons to acquire discriminative power by self-organization,
λ should be set relevantly so that the neurons can start to respond to different
stimuli with differential response properties, governed by their cortical input
0
proximities and reinforcement signals. Thus, while λ = cc x20 is kept constant for
each neuron in our simple model, neurons with different values of λ lead to
different response types.
As an example, let us consider how a neuron of the flexible type can maintain
its response type in transition between 1DR blocks. In the transition, a neuron
of the flexible type should start to respond to a new rewarded direction in the
beginning of the second block (see the proof of theorem 1). In this situation,
the inhibitory effect w̄0 x0 in a neural state u is given as w̄0 x0 = c0 pR x20 = cpR λ.
Thus, if λ is so large that it makes u = w̄ · x(1 + α) − w̄0 x0 < 0, then the neuron fails to respond to the rewarded direction in the transition. In this sense,
λ should be set relatively small (Jaeger et al., 1994). On the other hand, if λ
is so small that it allows a neuron to respond to both the previous reward
direction and the current reward direction even at its equilibrium, then the
neuron fails to maintain the response property of the flexible type after the
transition.
Figure 4 shows an example of the correspondence of the three neural response
types with different parameter values. In each graph, the regions for the flexible,
conservative, and reverse types are drawn with light gray, gray, and dark gray,
respectively, and are determined by λ and α for fixed Nmax and N (or N/Nmax ) (in
other words, we set N1 = Nmax , say, and then Nj = N (j 6= 1) for simplicity; see the
figure legend). In this figure, when Nmax is large, there is a small common input
M and, when N/Nmax becomes smaller, the preferred direction input gets larger
relative to the other direction inputs. There is a nonlinear effect to determine
the region of each response type. Depending on Nmax and N, different values
of α and λ provide each response type. We note that the example shown in
Figure 4 is just one example, chosen to indicate the coexistence of the three
types under some parameter regime. For example, there can be a parameter
regime where only the flexible and inhibitory types, but not the conservative
type, exist.
The analysis in this study can predict possible changes in the self-organization of neural responses when inhibitory effects are altered. For example,
decreasing λ leads neurons to lose their directional-selective responses of the
flexible and conservative types (as exemplified in Figure 4). Decreasing λ can be
achieved in several ways, for example, by decreasing the inhibitory input (x0 ).
We wait for experimental examinations on this issue.
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Figure 4: Examples of correspondences of the three neural response types with
different parameter regions. Flexible, conservative, and reverse type regions are
drawn in light gray, gray, and dark gray, respectively. Graphs are generated by
0
0
assuming Nmax > Nmax
= Nmin
= Nmin = N (in other words, given Ni = Nmax ,
0
Nj = N (j 6= i)) and α = α , and normalizing the conditions by M + Nmax = 1.
Hence, we reduced the three conditions in Table 1 to those of the following
parameters: λ, α, Nmax , N. In each graph, the regions of each type are drawn
with respect to λ and α for fixed Nmax and N (or N/Nmax ).

4 Discussion
This study theoretically investigated, as a model of striatum neurons in the
basal ganglia, a simple self-organization neuron model under the modulation
of reinforcement signals. This model is motivated by experimental observations:
directional-selective responses of the striatal neurons, abundant reinforcement
signals carried by dopaminergic neurons, a rich source of inhibitory neurons in
the striatum, and a vast convergence of the cortico-basal ganglia projection. By
a theoretical analysis, the model is shown to explain, in a unified manner, that
seemingly different neural response patterns, observed in experiments (Kawagoe et al., 1998), can emerge from the same model with different parameter
values. Due to the choice of a simple model, our analysis can explicitly relate
each response type with two factors, the reinforcement signal (α) and the inhibitory effect (λ), in conjunction with the magnitudes and the proximity of the
cortical input representations (M, Ni ).

836

H. Nakahara, S. Amari, and O. Hikosaka

Various types of self-organization rules have been proposed to investigate
mainly the cerebral cortical formation (von der Malsburg, 1973; Amari & Takeuchi,
1978; Willshaw & von der Malsburg, 1979; Bienenstock, Cooper, & Munro, 1982;
Obermayer, Ritter, & Schulten, 1990; Földiák, 1991). Experimental support has
been largely obtained from the developmental formation of neural circuits in the
sensory cortices (Wiesel & Hubel, 1963; LeVay, Stryker, & Shatz, 1978) and from
the reorganization of the sensory cortical maps (Buonomano & Merzenich, 1988).
The BCM theory in particular has been a very successful model in the developmental formation (Bienenstock et al., 1982; Kirkwood, Rioult, & Bear, 1996).
All of these rules use the Hebbian synapse as a mathematical core, although
controversy remains in the details. Their differences lie in the way each stabilizes learning such as competition among synapses (von der Malsburg, 1973),
floating threshold (Bienenstock et al., 1982), or others.
Different from others, the modifiability of inhibitory synapses (Amari &
Takeuchi, 1978) plays a fundamental role in regulating the self-organization
in our model (see Figure 2C).Without the reinforcement signal α in equation 2.1,
previous studies (Takeuchi & Amari, 1979; Amari, 1980, 1983) have indicated
that this inhibitory synapse modifiability, along with the excitatory synapse
modifiability, allows efficient input representations, such as a receptive field
self-organized with respect to various features of environment inputs, a formation of topographic maps, patch structures, and so on (Takeuchi & Amari, 1979;
Amari, 1980, 1983). Hence, the current model with the reinforcement signal α can
be expected to construct a cortical input representation effectively modulated
by reinforcement signals, although a rigorous study remains to be investigated.
This property is useful in the face of the strong anatomical convergence in the
cortico-basal projections (Oorschot, 1996). Any divergent manner of the corticostriatal projections within this convergence (Parthasarathy, Schall, & Graybiel,
1992; Graybiel et al., 1994) may provide further combinatorial benefits for the
efficiency in the self-organization. Generally, it is important to construct efficient
representations of the state information (inputs) under the modulation of reinforcement signals (Dayan, 1991). A notable experiment has indicated that such
a remapping under the influence of a diffused neuromodulator occurs in the
sensory cortex (Bakin & Weinberger, 1996; Kilgard & Merzenich, 1998; Sachdev,
Lu, Wiley, & Ebner, 1998). Our model can be a primitive model for this issue.
Abundant inhibitory sources exist in the striatum (Kawaguchi et al., 1995).
The plasticity of inhibitory synapses is found in the hippocampus (Nusser, Hajos, Somogyi, & Mody, 1998), in the cerebellum (Kano, Rexhausen, Dreessen, &
Konnerth, 1992), the cerebral cortex (Komatsu & Iwakiri, 1993; Komatsu, 1996)
and other areas (Kano, 1995); recent findings have suggested an important role
of inhibitory connections in self-organization even in the cortex, for example,
the early visual cortex (Hensch et al., 1998; Fagiolini & Hensch, 2000). To our
knowledge, there is no direct evidence of modifiable inhibitory synapses in the
striatum, which is an important future study.
We have not specified a neural origin of inhibitory effects. According to
experimental findings, a neural origin of inhibitory effects could be either inhibitory interneurons (Jaeger et al., 1994; Bennett & Bolam, 1994; Koós & Tepper,
1999) or the collaterals of projection neurons (Groves, 1983; Wickens, 1993). If
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the former is the case, an inhibitory effect may work possibly in a feedforward
manner under the influence of cortical projections. If the latter is the case, an
inhibitory effect may work as feedback and mutual inhibition and possibly in a
manner similar to a winner-take-all mechanism (Groves, 1983; Wickens, 1993).
It is possible to extend the current analysis with a recurrent connection. In this
perspective, this study can be regarded as an extension of the winner-take-all
mechanism. The current analysis of our model, however, treats the effect of
modifiable excitatory and inhibitory weights in a feedforward manner, because
we do not commit ourselves to specify the inhibitory effect as the collaterals. In
this sense, our model shares a feature of reward-modulated feedforward network with previous work by Barto and his colleagues (Barto, Sutton, & Brouwer,
1981; Barto, 1985). A third possibility is that inhibitory interneurons and the collaterals of projection neurons (Groves, 1983; Wickens, 1993) jointly work as an
inhibitory source (Wickens, 1997). A recent demonstration of a weak collateral
interaction between projection neurons also suggests this possibility (Tunstall,
Kean, Wickens, & Oorschot, 2001). In the future, it is important to incorporate
our model parameters with the experimentally estimated quantitative nature
of these inhibitory resources (Jaeger et al., 1994; Wickens, 1997; Tunstall et al.,
2001) as well as of the cortical input magnitudes and proximity (Oorschot, 1996;
Kincaid et al., 1998).
Generally, the DA modulation on the caudate neurons can be considered in
two aspects: the synaptic efficacy (Calabresi et al., 1992; Wickens & Kötter, 1995)
and the response property (Nicola et al., 2000). Caudate response changes are
much slower than DA response changes over trials in one 1DR block. In addition, caudate response changes possibly occur beyond the DA phasic response
in the time course of a single trial. Hence, we considered that the DA-modulated
synaptic efficacy is involved in the emergence of the three response types and
investigated how the DA-modulated synaptic plasticity can lead to these response types, while we considered the DA effect on the caudate firing rates to
be complementary (see section 3.1). Yet this DA effect on the firing rates may
play a larger role in accounting for the three response types (Gruber, 2000). Enhanced caudate activities long after the DA phasic response can be, partially at
least, due to a prolonged DA effect that possibly sustains longer than the period
of the phasic DA response (Gonon, 1997; Durstewitz, Seamans, & Sejnowski,
2000); The combined effect of D1 and D2 receptors on the caudate firing rates
may further help shape the nature of the three response types (Gerfen, 1992;
Cepeda et al., 1993; Nicola et al., 2000). How the two DA modulations, on the
synaptic efficacy and on the response property, are integrated remains to be investigated. The dynamical aspect of the interaction between these modulations,
possibly with the regulation of different DA receptors, is of particular interest
because their timescales presumably are different.
Finally, in our model, we treated only the current reinforcement signal, not
delayed ones. To enjoy the full power of reinforcement learning, it is important to
extend our model to include delayed-reinforcement signals (Barto, 1995; Houk,
Adams, & Barto, 1995; Montague, Dayan, & Sejnowski, 1996; Berns & Sejnowski,
1998; Schultz, Dayan, & Montague, 1997; Trappenberg, Nakahara, & Hikosaka,
1998; Nakahara, Trappenberg, Hikosaka, Kawagoe, & Takikawa, 1998; Monchi
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& Taylor, 1999; Hikosaka et al., 1999). For example, it is possible to maintain
the same response property in our model even when the magnitude of α is
reduced if the receptive region R stays the same with K(x) > 0 for x ∈ R and
with K(x) < 0 for x 6∈ R (see section 2.2). This kind of property is useful in
transferring an effect of a delayed-reinforcement signal to a preceding stimulus.
We are currently investigating this issue.

Appendix
A.1 Proof of Theorem 2. Recall that the order of the 1DR blocks is randomized in the experiment. Provided that the direction of x1 is the most preferred
direction of the neuron, we need to consider how the behaviors of a neuron
change in the three cases of transition of reward directions over 1DR blocks:
(1) from the 1DR block where the reward direction is x1 to another, say x2 , (2)
from the 1DR block where the reward direction is xj (j = 2, 3, 4), say x2 , to another 1DR block where the reward direction is not x1 , say, x3 , and (3) from the
1DR block where the reward direction is not x1 , say, x3 , to the 1DR block where
the reward direction is x1 . Note also that similar to the proof of theorem 1, we
assume that the neuron is excited by x1 initially.
We begin with the condition guaranteeing that the neuron is responsive to
only x1 at the equilibrium. In this case, the receptive region is R1 = {x1 } and
hence pR1 = 14 and w1R = x1 . In equation 2.12, we require K(x1 ) > 0 and K(xi ) ≤ 0
(i 6= 1), which yield
M ≤ λ < (M + N1 )(1 + α 0 ).
In the equilibrium states of the other three 1DR blocks (here, we treat the case
where x2 is the reward direction), the receptive region should be R2 = {x1 , x2 }.
In this case, pR2 = 12 and w2R = 12 (x1 + x1 ). We require K(xi ) > 0 (i = 1, 2) and
K(xi ) ≤ 0 (i = 3, 4), which leads to the following condition:

½

µ

¶

¾

1
1
M ≤ λ < min M + N1 , M + N2 (1 + α 0 ) .
2
2
As for the condition guaranteeing the transition from R = {x1 } to R = {x1 , x2 }
as the reward direction changes, the neuron should respond to x2 in addition
to x1 as the reinforcement signal is accompanied by x2 . Hence, we need to have
λ
wR1 · x2 − 1+α
> 0, which is equivalent to
λ < M(1 + α).
For case 2, the neuron has to respond to x3 in the beginning of the next block,
λ
that is, wR2 · x3 − 1+α
> 0, which is equivalent to λ < M(1 + α). When this
condition is satisfied, the neuron responds to all of x1 , x2 , x3 when a new 1DR
block starts. However, R3 = {x1 , x2 , x3 } is not stable under a certain condition,
as stated in the following. In this case, competition should occur among these
three inputs to let the neural response to the nonrewarded input x2 be silent.
For R3 = {x1 , x2 , x3 }, pR3 = 34 and w3R = 13 (x1 + x2 + x3 ). Therefore, the response

Self-Organization in the Basal Ganglia

839

to x2 becomes silent when w3R · x2 − λ ≤ 0, or equivalently,
1
M + N2 ≤ λ.
3
In case 3, the neuron responds to both x1 and x3 in the first block, and in the
next block, the neuron changes to respond only to x1 . To ensure this requirement,
we impose the condition under which the equilibria of R4 = {x1 , x3 } in the next
block are not stable, which is written as
1
M + N3 ≤ λ.
2
By summing up all these conditions and taking all combinations of 1DR
blocks into account, we get leads to

½

µ

N0
N0
M + max ≤ λ < min M(1 + α), M + min
2
2

¶

N1
(1 + α ), M +
2
0

¾

,

0
0
where Nmax
= maxi∈I0 Ni , Nmin
= mini∈I0 Ni , and I0 = {2, 3, 4}.

A.2 Proof of Theorem 3. It is sufficient to consider the condition for equilibrium states in one 1DR block and for transition from one block to another block.
Suppose that the reward direction is x1 . A reverse-type neuron should have
R = {x2 , x3 , x4 } as the equilibrium. This implies pR = 34 and w1R = 13 (x2 + x3 + x4 ).
In equation 2.12, we further require K(x1 ) ≤ 0 and K(xi ) > 0 (i 6= 1), which are
equivalently rewritten together as
1
M(1 + α 0 ) ≤ λ < M + Ni , where i = 2, 3, 4.
3
At the start of the next block (where the reward direction is, say, x2 ), we first
require that the neuron starts to respond to x1 to which the reinforcement signal
α is no longer given. This requires w1R · x1 − λ > 0, or equivalently,
λ < M.
Provided that this condition is satisfied, the neuron responds to all of the directions in this block. Hence, we impose another condition under which R =
{x1 , x2 , x3 , x4 } is not a stable equilibrium so that the neuron stops firing to the
input x2 . This condition can be rewritten, given pR = 1 and w1R = 14 (x1 + x2 +
x3 + x4 ), as

wR · x2 −
or equivalently,

µ

1
λ ≤ 0,
1 + α0

¶

1
M + N2 (1 + α 0 ) ≤ λ.
4

Since the equilibrium condition of this block is the same as that of the first
block, summing up the above conditions leads to the theorem.
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