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Abstract: The temporal-difference (TD) reinforcement learning (RL), typically formulated in discrete state space, is
frequently applied to the control problems represented by continuous state variables. The use of a coarse space discreti-
zation to describe the RL algorithm may degrade the control performance, whereas a fine discretization requires a large
number of iteration steps to complete learning. In this study, | examine a novel RL algorithm by which the learning rate
is dynamically and spatially modulated to improve the learning performance even when a relatively coarse space discre-
tization is employed. This method is inspired by physiological phenomenon of short-term depression observed in bio-
logical synapses, and aims to produce a bias in the TD learning toward the states that have not been recently visited.
The proposed algorithm is incorporated with Sarsa-lambda and tested in a nonlinear control task of swinging up a pen-
dulum using limited torque. The simulation results show that the proposed dynamic learning rate can robustly reduce
the number of trials required before accomplishing the task by facilitating efficient exploration in the RL process.
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I. INTRODUCTION

The temporal-difference-(TD-)based reinforcement
learning (RL) not only provides an efficient approach to
control and decision problems, but also can be consid-
ered as an attractive model for studying the brain [1]. In
fact, a broad range of experimental evidence suggests
the involvement of neural activities occurring at a vari-
ety of brain areas in the mediation of reward processing
as well as the TD error signal [1-3]. A close connection
between the RL theory and the relevant physiological
data implies that the theoretical scheme of RL could
provide a quantitative framework for future studies in
the related area of neuroscience [2]. Furthermore, it also
appears possible to improve the RL algorithm by incor-
porating neurobiological mechanisms underlying adap-
tive behavior of animals, as this study aims to do.

An important application of RL technique is to con-
trol a strong nonlinear dynamical system, which would
be difficult to be solved by a conventional engineering
approach. In many interesting real-world control tasks,
the state variables evolve with time in continuous space,
although the progress of RL theory has been mainly
restricted to the problems described by the Markov
decision process (MDP) formulated in discrete state
space [4]. Therefore, in the application studies of RL,
the most common approach is first to discretize the state
space and then to apply the learning algorithm described
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in a discrete stochastic system. In this approach, a fine
discretization of state space necessarily requires a large
number of memory storage as well as many iteration
steps to complete learning the value functions. In con-
trast, a coarse space discretization leads to a situation
where, when the state variables evolve slowly with time,
an update of value functions takes place many times
repeatedly at identical states; in such a case, it is likely
that wrong actions repetitively taken at the same state
are excessively reinforced, particularly during early
learning phases.

Ideally, one would like to develop an algorithm that
can improve the RL performance even when a relatively
coarse space discretization is employed. In this study, |
propose a novel method, which incorporates spatiotem-
poral modulation of learning rate to enhance the learn-
ing efficiency in such coarse discretized space. This
method is inspired by physiological phenomenon of
short-term depression (STD) observed in central syn-
apses, i.e., a transient decrease in the strength of synap-
tic inputs following their repetitive activation. The
proposed algorithm is introduced in Sarsa (A ) [5] and
applied to a nonlinear control task of swinging up a
pendulum with limited torque. I show in simulations
that the task can be accomplished by employing the
proposed dynamic learning-rate modulation in a number
of trials less than by employing a conventional static
learning rate. Further, | demonstrate that the proposed



method can decrease the sensitivity of the task perform-
ance to the scaling of learning rate, implying that this
method can make the tuning of the learning parameter
easier.

1. METHODS

1.Sarsa (A1)
As a basic RL algorithm to which the proposed
method is to be incorporated, the author used Sarsa (A )
[5]. In this algorithm, the action-value function Q(s,a),
for each state s and action a, is updated as follows:
Q(s,a) « Q(s,a) + ae(s,a)d . ()]
Here, o (>0) denotes the learning rate. & represents
the TD error described as
& =r+yQ(s(t+1),a(t+1))-Q(s(t),a(t)), &)
where r is the reward obtained by the state transition
from s(t) to s(t+1) through action a(t). y is a
discount rate satisfying 0<y <1. Each action is as-
sumed to be decided from the & -greedy policy with
respect to Q(s,a) . The eligibility trace e(s,a) forall
the state-action pairs, s, a, is updated by the following
equation:
(s.2) < {Me(s,a) +1, (s=s(t) and a =a(t))

: (©)
yle(s,a).  (otherwise)

2. STD mechanism for controlling learning rate
The author designed an algorithm for spatiotemporal

control of learning rate, which models short-term activ-
ity-dependent modification of synapses. In the central
nervous system, the synaptic inputs that are activated
with higher frequency are rapidly and temporarily de-
pressed so that the input-output gain for high-rate inputs
decreases [6]. This phenomenon, called STD, occurs
through the transmitter vesicle depletion at the pre-
synaptic terminals, and can be modeled by the following
equation [6,7]:

dD(t)/dt =—p,D(t)D S(t-t;)+[1-D(®)]/z, . (4)

J

where D(t) (0<D(t)<1) represents the synaptic
strength normalized by its maximum value, and t; is

the j th activation time of the synapse. Equation 4 indi-
cates that the synaptic strength is weakened just follow-

ing activation such that D(t;") = (1-p,)D(t))
(0< p, £1), whereas it recovers toward 1 with the

time constant 7, in the absence of activation [7]. If
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time is discretized by using Euler’s method, Eq. 4 can
be written, by defining parameters p=1-p, and

u=At/r, (0<p,u<1),asfollows:

pD(t) + u[1-D(1)],
(following synaptic activation) (5)
D(t) + ¢[1- D(1)]. (otherwise)

Assume that, based on the classical cell assembly
hypothesis [8], firing activity of a group of intercon-
nected neurons encodes a specific information regarding
environment. Then, the repetition of the same state in
MDP could be represented in the brain by the repetitive
spiking of the same cell group, which will weaken input
activity for such group of neurons through STD [9].
Further, experimental evidence suggests that the resul-
tant weakened activation of NMDA receptors
(NMDARSs), one of major receptor subtypes for gluta-
matergic synapses, may cause the suppression of long-
term plasticity underlying learning in the brain [10].
This may correspond, in the terminology of RL, to the
decreased value of learning rate.

Therefore, to incorporate the mechanism resembling
STD to an RL algorithm, the author introduces a func-
tion d(s) (0<d(s)<1) and considers that d(s)

for all the states s are updated, similar to Eqg. 5, as fol-

lows:
{pd (s)+ u[1—d(s)], (fors =s(t))
d(s) « .
d(s)+ y[l-d(s)]. (otherwise)
The value of « (Eg. 1) is multiplied by d(s) so that

D(t+1) =

(6)

the function Q is updated, instead of Eg. 1, as
Q(s,a) « Q(s,a)+ad(s)e(s,a)d . (7
According to Eqg. 6, d(s) for a given state s will

decrease each time the state s is visited, whereas it
gradually recovers to 1 in the absence of visiting s.
Therefore, it can be expected that d(s) acts to de-

crease the change in the action-value function Q(s,a)

Table 1. The learning parameters

Parameter Value
Parameter to decide the level of STD p 0.6
Rate of recovery from STD u 0.04
Scale of learning rate « 0.8
Discount rate » 0.98
Decay rate of eligibility trace A 0.8
Randomness of policy ¢ 0.1
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Fig.1. (A and B) The change in the average and standard

deviation (error bar) of T, as a function of the num-
ber of trials in the presence (A; p = 0.6) and absence
(B; p = 1) of the STD mechanism. The dashed lines

show the level of T . above which a trial is consid-

ang > 10). (C and D) The average (C)
and standard deviation (D) of T, , are plotted for both

the cases with (solid) and without (dashed) STD in the
same graph. The parameters for the system dynamics are
as follows: m =1 =1, g =98 ¢ = 0.0, and

u.. =5I[4]

max

ered successful (T,

for the states that have been visited in the near past.
This also implies that by the inclusion of the STD
mechanism, the TD learning tends to proceed with a
bias that assigns a higher weight to the states that have
not been recently visited. The learning parameters in
Table 1 are used unless otherwise stated.

I1l. RESULTS
To test the proposed algorithm, the author performed
simulations for the control task of swinging up a pendu-
lum with limited torque [4]. The dynamics of the pendu-
lum are described as d@/dt=w and dw/dt =

(~cw+mglsin@+u)/ml®> with the external torque

u = +u implying that only its direction can be

max ’
controlled. The physical parameters used are summa-
rized in the Fig. 1 caption. For numerical integration,
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the Euler‘s method was used with the time step size At
= 0.02. The reward given was set to be r= 1 for
|@|<zl4, ¥ = —75/At for |@|>4z,and 1 =0
otherwise, where the negative reward for large 8 isto
prevent the over rotation. The state space {(8,w)
|-47 < 0,0 < 4r} was digitized into subspaces with
the length of A@=Aw=7/3. Atrial ended at t = 20 or
when the pendulum became over-rotated (| @ |>47x ). To

quantify the task performance, the total length of time at
which the pendulum stands up (| @ |<z/4) was defined

as T

sand * The trial was considered to be successful

when T >10, and the learning speed was measured

by using the number of trials, N required before

success !
achieving 10 successful trials.
Figure 1 shows the comparison of the time course of

T,..q Obtained by using and not using the STD mecha-

nism of learning rate (Figs. 1A and 1B, respectively).

Note that although the mean value of T . is largely

the same regardless of the inclusion of STD (Fig. 1C),

the temporal variation of T . becomes significantly

increased by the STD function (Fig. 1D). This would be
attributed to the fact that STD will contribute to assign-
ing higher weight to the learning of ‘novel’ states that
have not been recently visited, as mentioned above. The
result here shows that the STD function will be effective
to facilitate the exploration in RL almost without chang-
ing the average task performance.

When similar simulations were performed by using
various values of p and «, the value of N was

found to take a minimum at an intermediate value of
a for all p (Fig. 2A). Importantly, the minimum

N value for each p with o < 1 is considera-

success

bly smaller than that for p= 1 (i.e., the case of no

STD) (Fig. 2B), suggesting that the inclusion of STD
can robustly improve the learning performance. To
further explore the robustness of the outcome, the upper
and lower limits of the « range, where the value of
N is less than a threshold (= 250), were defined as

success

a, and ¢, respectively, and the ¢, /¢, ratio was
plotted as a function of p (Fig. 2C). The figure shows

that this ratio becomes greater than that obtained with-
out STD when p s relatively large (0.7 < p < 0.9).

This implies that in this range of o, STD can decrease
the sensitivity of the task performance to the scale of



learning rate, which will make the tuning of the learning
parameter easier. Note that around similar values of p

(05 < p £ 0.9), the minimum N becomes

success

quite small (Fig. 2B), indicating that this range of p

will be near-optimal in that the task performance is both
robustly and significantly enhanced.

IV. CONCLUSION
In this study, | have proposed an STD mechanism for
TD-based RL, where the learning rate is spatiotempo-
rally modulated, and have shown that this method can
reduce the number of trials required before accomplish-
ing the control task. This method is motivated by the
physiological experimental findings on synapses that
their activation are rapidly followed by depression [6].
The proposed learning rate modulation (represented by
the change in d(s)) tends to assign a greater weight to

the learning of value functions for the states that have
not been recently visited. This appears to be similar to
the observed response of dopamine neurons, which can
reflect the novelty of the presented stimuli [11]. There-
fore, given that the TD error § closely resembles the
dopamine cell response representing the unpredictability
of reward [11], the term d(s)o (Eq. 7) may corre-

spond to the dopamine signal that encodes both the
novelty and unpredictability of the reward. The present
study may suggest a new framework of RL research in
which the functional significance of a biological
mechanism can be examined by constructing an RL
algorithm that incorporates the mechanism and testing it
through the application to control problems.
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