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ABSTRACT wide area. To solve this problem, it is useful to use continu-

o . ous approximation functions like neural networks[1]. How-
When neural networks are used for approximating action- gyer it is well known that the learning of neural networks

values ?f Reinforcement Leaming (RL) agents, the “inter- pocomes difficult when the distribution of given training
ference” caused by incremental learning can be serious. Toya¢4 js temporally varied and training data are incrementally
solve this problem, in this paper, a neural network model 4iyen(2]. In such a situation, input-output relations acquired

with incremental learning ability was applied to RL prob- j, ne past are easy to be collapsed by the learning of new
lems. In this model, correctly acquired input-output rela- training data.

tions are stored into long-term memory, and the memorized
data are effectively recalled in order to suppress the interfer-o,.o» that is caused by the excessive adaptation of connec-

ence. In order to evaluate the incremental learning ability, yjon eights for new training data. The interference can also
the proposed model was applied to two problems: Extended,jse in RL problems because the rewards for agent actions
Random-Walk Task and Extended Mountain-Car Task. In gre jncrementally given by the environments. In this con-
these tasks, the working space of agents is extended as thg,y; it js important to learn action-value functions such that
learning proceeds. In the simulations, we certified that the 4 interference is suppressed as much as possible.
proposed model could acquire proper action-values as com- There have been proposed several approaches to sup-
pared with the following three approaches to the approxima- , «qing the interference in supervised learning[2, 3, 4, 5.
tion of action-value functions: tile coding, a conventional We have proposed an incremental learning model for su-
neural network model and the previously proposed neural pervised learning tasks[2, 5], in which Long-Term Memory
network model. (LTM) was introduced into Resource Allocating Network

(RAN)[6]. For the notational convenience, this model is de-

1. INTRODUCTION noted as RAN-LTM in the fO”OWingS.
In RAN-LTM, storage data in LTM (noted as "LTM

In Reinforcement Learning (RL) tasks, an agent is learn- data”) are produced from inputs and outputs of networks
ing what to do through some experiences involving trial and Whose relationships are accurately approximated. In su-
errors[1]. RL agents adapt itself to the environment so as toPervised learning, the exact errors between network outputs
maximize the total amount of rewards (positive returns) it and their target values are given. In RL problem, however,
receives over long run. To maximize the returns, RL agentsthe agentsis generally given only Temporal Difference (TD)
estimates action-value functions, which are defined for the €T0rs calculated from currently estimated action-values and

relations between state-action pairs and their estimates ofMMediate rewards instead of exact errors[7]. Therefore,
returns that the agents will earn in the future. LTM data generated in the past do not always hold proper

In a simple RL task with several states and actions, it is 2ction-values. In this context, the procedures of updating
possible to memorize all action-values into a look-up table. LTM data should be introduced into RAN-LTM. In this pa-
In many cases of practical interest, however, there are farP€l, We propose a new version of RAN-LTM whose LTM
more states than could possibly be entries in such a table. [rfiata are updated.
this case, it is effective to acquire action-value functions us-
ing several function approximation methods. One of these is 2. APPROXIMATION OF ACTION-VALUE
linear method[1], in which action-values are approximated FUNCTION USING NEURAL NETWORKS
by linear functions of feature vectors that roughly code agent’s
states. In general, this method tends to need large memorieg&igure 1 shows the architecture of RAN-LTM that consists
especially when the state space has large dimensions and/asf two modules: Resource Allocating Network (RAN)[6]

This disruption in neural networks is called “interfer-
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Figure 1: RAN-LTM model.

and Long Term Memory (LTM). To approximate action-
value functions, RAN with normalized radial basis func-
tions is adopted here, in which the outputs of hidden units
are normalized. When the training gets started in RAN, the
number of hidden units is set to one initially; hence, RAN
possesses simple approximation ability at first. As the trials
proceed, the approximation ability of RAN is developed by
allocating additional hidden units.

The inputs of RAN attime, x(¢) = {z1(t), - ,x1(t)},
are the agent’s state(t) = {s1(¢),---,ss(¢t)}. Here,
1 is the number of input units of RAN. We associate net-
work outputsz(t)={z1(¢),- - , zx ()}’ with action-values
Q:(x(t),ar) that are utilized for selecting agent’s action
a(t); i.e. z,(t)=Q+(x(t), ar). Hence, the number of output
units, K, is equal to the number of agent’s actiods, The
outputsz(t) are given as follows:
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Here,w;; and-;, are a connection weight from thjéh hid-

den unit to thekth output unit and a bias of thith out-

put unit, respectivelyy;(t), J andaf are respectively the
jth output of hidden unit, the number of hidden units and
the variance of thgth radial basis function. As shown in
Eq.(2), the outputs of hidden units are normalized by the
sum of all hidden outputs. The agent's action is selected
based on the outputs of RAN. The TD erkgr for the kth
output is defined as follows:

r(t) + ymax, Qi(x(t+ 1), a)
—Qi(x(t),ax)) (k=Fk)

(otherwise).

ex(t) (4)

0

Here, &’ is the index of actioru(t) selected by agents at
time ¢, andr(t) is an immediate reward given by the en-

vironment. Based on the TD errej,(¢) and the hidden
outputs, the following learning procedures are conducted:

(1) few(t) > eand|x(t) — c*|| > d(t), a hidden unit
is added to RAN (i.e.J «— J + 1). Here,c* is the
nearest center vector te(t). Then, the network pa-
rameters for the added hidden unit are respectively set
to the following values:

o; = klle(t) -, @)

wherex is a positive constantd(t) decreases with
time¢ as follows:

5(t) = max[yma exp(é), Soin] > 0. (8)

Herer is a decay constant.

Otherwise, in order to reduce TD errors, the network
parameters are modified as follows:

)
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whereq is a positive learning ratio.

3. INCREMENTAL LEARNING ALGORITHM

In general, normalized hidden outputs of RAN do not have
large values in the regions where hidden units are densely
allocated[8]. Therefore, this type of RAN can suppress the
interference itself to some extent. To suppress the interfer-
ence more completely, neural network models with incre-
mental learning ability like RAN-LTM should be adopted.
However, in RL problems, only TD errors, which do not
give accurate errors for true action-values, are given by the
environments. Hence, LTM data acquired formerly in RAN-
LTM do not always hold proper action-values of agents. In
this context, it is considered that the update of LTM data

1) Learning episodes are repeafédtimes.

2) Evaluation episodes are repeafedtimes.

3) When the average steps in the evaluation episodes ded
to a certain value, LTM data are produced and/or upd
based on the procedures shown in Fig.5.

4) If the number of repetition is equal ., the learning is|
terminated. Otherwise, go back1o

rease
ated

Figure 2: Learning algorithm of RAN-LTM.



1) Setan agent's initial stakg0) to inputsz(0). 1) Ifall outputs of hidden unitg; (j = 1,--- , J) for an input

2) Based on Eg. (1), all action-valuék (z(t), ax) are calcu- x(t) are less than a threshold valdg this procedure ig
lated, and then a proper actien is selected based on the terminated. Otherwise, go to Step 2).
action-values. 2) Obtain all indicesj of hidden units whose outputg are
3) The RAN-LTM agent takes an actiom,, and then the larger thand., and define a sef; of these indices. The
agent’s state changes #¢t + 1). A rewardr(¢) is given valuer; is updated for allj € Z, as follows:
to the agent. .
4) TD errors are calculated based on Eq. (4). Depending on rj 15 + 2exp(—pE(t)) — 1.

hidden outputs, some LTM data are retrieved based on the
procedures shown in Fig.4. Then, the errors between |out-
puts and retrieved LTM data are calculated.
5) Based on the calculated errors, the center vectors, connec-
tion weights, and biases of RAN are modified.
6) If s(t + 1) is a terminal state, then the learning episode is

Here,E(t) is TD error andp is a positive constant.
3) If r; > pforj € 7y, then go to Step 4). Otherwise, this
procedure is terminated. Her@js a positive constant.
4) Initialize ;. If no LTM datum for thejth hidden unit hag
been produced yet, then go to Step 5). Otherwise, gp to

over. Otherwiset — ¢ + 1 and go to Step 2. Step 6). o o
5) Thejth center vectoe; is given to RAN as its inpuf s,
Figure 3: Procedures of learning episode. and the outpug, is calculated.(Z s, Zar) is stored into
LTM as theMth LTM datum. The number of LTM dat&/
1) Obtain all indicesj of hidden units whose outpuig are increases by one (.84 — M +1), and then the procedure
larger thar?,., and define a set of these indicesZas is terminated.
2) If Zo # ¢, then go to 3). Otherwise, no LTM datum js 6) z; is given to RAN as its input, and the outpti is ob-
retrieved and the procedure is terminated. tained. Ifz; largely differs from the previously stored LTI
3) For all hidden units belonging 1., obtain LTM datum data, the nearest LTM datum is updated; that is, the LTM is
(x4, 2;) that has the nearest distance to center veeiprs replaced with(Z;, z ;).
4) All LTM data that satisfy the conditiofic; — ;|| < £ are
retrieved. Figure 5: Procedures for producing and updating LTM data.

Figure 4: Procedures for retrieving LTM data. o .
problems, enormous number of receptive fields (tiles) for
features could be generated for accurate approximation of

should be conducted as the learning of RL agents IC’r()cee‘jsaction—value functions. Moreover, we evaluate two types of

To determine when they should be updated, the appropriaten, AN TMs: one is the model that cannot update LTM data

ness of agent’s actions is estimated through some evaluatioranoted as RAN-LTM1) and the other is the model that can
episodes stated below. ) ) .. update them (noted as RAN-LTM2).
The procedures of producing, updating and retrieving The objective of RL agents in the above two problems

LTM data are desc_rlbed In Figs. 2-5. As seen |n. Fig. 2, s 1o reach a goal as soon as possible. Therefore, we can use
the proposed algorithm has two types of episodes: learnin he average number of steps to reach a goal as a criterion

episode and evaluation episode. In the learning episodes, for the appropriateness of agent's actions. If the average

RL agent learns its action-value function from experiences |\ vor of steps decreases to a certain value, one can say

that RAN has more accurate approximation for action-value
ﬁmction; hence the procedures of producing and updating
BTM data should be carried out in this case.

episodes, the learning of agents are stopped, and then th
appropriateness of agent'’s actions is evaluated based on th
preliminary defined criterion (e.g. the number of steps to
reach the goal). These two types of episodes are done by

turns and repeately, times. 4.1. Extended Random-Walk Task

In the original Random-Walk Task, there are five states 1-5
4. SIMULATION EXPERIMENTS and each episode starts in the state 3 (see Fig.6). The agent

can move either left or right at each step with equal prob-
To examine the performance of the proposed RL agents, weability. On the other hand, in the Extended Random-Walk
apply it to two problemsExtended Random-Walk Task and Task, five more states 6-10 are added to the original task.
Extended Mountain-Car Task. These problems are extended The learning of these states is conducted after the learning
from the original problems[1] in order to evaluate the incre- of states 1-5.
mental learning ability. For comparative purposes, we adopt
Tile Coding (TC)[1], RAN and RAN-LTM to approximate
action-value functions. TC is one of the linear methods in
which action-values are approximated by linear functions of
feature vectors that roughly code agent's states. In practical Figure 6: Extended Random-Walk Task.
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Table 1: Theoretical state-values in Random-Walk Task. Table 2: Error between theoretical and estimated action val-

region 1 1 2 3 4 5 ues for region 1 and region 2.

r(:g:onvzl 11 /% 2?6 3?6 456 5?6 TC RAN | RAN-LTM1 | RAN-LTM2

Saevale region 1]| 0.1448 0.1940]  0.1300 0.1108
region 2|| 0.1398| 0.1378 0.1154 0.1083

In Fig.6, terminal states are denoted by black squares.
Th(_a agent should learn action-value functions to select right.l.able 3: The amount of the interference cased in region 1
actions for all state. In the Extended Random-Walk Task, . .

. ) after the learning of region 2.

each episode starts from the state ‘3’ or ‘8’. When an episode
is terminated at the central state ‘5', a rewatd ) is given TC | RAN | RAN-LTM1
to the agent; otherwise, the rewards are zero. There are two | 0.0028| 0.0828|  0.0630
actions taken by an agent; “move inside” and “move out-
side”. These actions are represented by the following two
values:+1 or —1. For the notational convenience, the left approximation ability is poor. Moreover, one can say that
hand side of the region including states- 5 is called ‘re- ~ LTM data should be updated in RAN-LTM as the learning
gion 1', the right hand side of the region including states Proceeds.
6 ~ 10 is called ‘region 2'. The number of input unifsis
1, and state numberis set to the input of a neural network. 4.2. Extended Mountain-Car Task

In the Random-Walk Task, we can calculate the true i i ) i
action-valuesQ(s,a) from the theoretical state-values as E>§tended Mountain-Car T"’?Slf IS a p_roblem in which a car
seen in Table 1. Therefore, we can evaluate the true errordlVer (agent) leams an efficient policy to reach a goal lo-

between estimated action-valuesind theoretical ones cated on the hill between two basins shown in Fig.7. In the
original Mountain-Car Task, only the left basiB{) is used

for learning. Here, the right basiBg) is also used as an
additional learning domain.
In the learning episodes, an agent selects an action with N this problem, when a car agent reaches the left most
equal probability because RAN and RAN-LTM agents ap- and right most po.ints, it; velocity is rese't to zero. The goal
proximate action-value function. In the evaluation episodes, ©f the car agents is to drive up the steep incline successfully
the action of an agent is determined basedfa:(t), ay,). and to reach a goal state at the top'of the h!ll as soon as
The numbers of the learning and evaluation episodes are reP0Ssible. The reward in this problem-d at all time steps
spectively set to the following value®;, = 10 and Py = until the car agent reaches the goal. There are three actions
10. And the number of repeated cycl§,, is set t0500. to be selected; “full th.rottlt'e to goal” and “zero throt_tle” and

Table 2 illustrates the experimental results. As seen in ‘ull throttle to opposite side of goal”. These actions are
Table 2, the approximation performances of RAN agents coded by the following valuesi(t) = {+1,0, —1}. A car
and TC agents are lower than those of RAN-LTMs. More- 29ent is initially posmoned in elther _of two basins at the
over, RAN-LTM2 has smaller errors as compared with RAN- Pedinning of an episode. The positiatit) and velocity
LTM1 in which LTM data are never updated. u(t) are updated by the following dynamics:

Next, we estimate the interference; that is, how much .
action-values for region 1 are changed after the learning of u(t +1)=Blu +u(?)] (12)
region 2. Since the states 1-5 are never presented to agents @(t + 1)=B[i(t) + 0.001a(t)—0.0025 cos(3u(t))]. (13)
during the learning of region 2, the action-values should de-
grade seriously if the agents cannot suppress the interfer-
ence caused by the incremental learning of region 2. Ta-
ble 3 illustrates the amount of the interference. As seen
from this result, little interference arises in TC agents. This
is because TC agents learn action-values separately for ev-
ery small fragments of state space. That is, the changes
of action-values within a single tile do not influence on the
other tiles. On the other hand, RAN-LTM2 can also sup-
press the interference effectively as compared with other
neural network models. These results suggest that the infigure 7: The landscape of the working area in Extended
terference does not arise so much in TC agents but theirMountain-Car Task.

RAN-LTM2
0.0391

4.1.1. Results and Discussions

Goal

B: B: u



Table 4: The average number of steps needed iB{&fter
the learning ofB;, (b) B, after the learning of3;, and (c)
B, after the learning oB-.

[ [ TC [ RAN [ RAN-LTM1 | RAN-LTM2 |

(@) || 881 326 291 281
(0) |[ 875 | 424 345 296
(c) |[ 881 2178 284 268

Table 5: The average number of stallsBq after the learn-
ing of Bs.

| TC | RAN | RAN-LTM | RAN-LTM2 |

|4.9| 14 | 2.6 | 2.3 |

B; andB; are given as followsB;:{u | —1.2 <u < 0.5}
andBy:{u | 0.5 < u < 2.2}. The goal is located 4i.5.
B[] in Egs. (12) (13) is used for bounding the area®ef
and B,. The number of input unit$ is 3. Here, the inputs
of a neural network are the positiatit), velocity «(t) and
previous actioru(t — 1).

4.2.1. Results and Discussions

Table 4 illustrates the experimental results. In this experi-
ment, P;,, Pp and N, are set tol0, respectively. As seen

in Table 4, TC agents need the most steps to reach the goal, [4]

while RAN-LTM2 agents do not need so many steps. That
is, TC agents have poor approximation ability as compared

with neural agents. Since TC agents learn action-values sep-

arately for every tiles, the interference does not occur. How-
ever, the continuity of action-values for neighbor tiles is not

generally taken into consideration. It seems that this causes

the poor generalization ability in TC agents. On the other

hand, as seen in Table 4, the proposed agents can acquire

proper action-values after incremental learning.

Moreover, we examine the average number of the car’s
stalls inB;. If many stalls are occurred, one can say that the
agents lost a proper policy in the neighborhood of the goal.
Table 5 illustrates the results. As seen in Table 5, the RAN-
LTM2 agents experience the smallest number of stalls in

B;. These results also justify that the proposed agents out-

performs the other agents in the incremental learning ability.

5. CONCLUSIONS

In this paper, we proposed a new version of Resource Al-
locating Network with Long Term Memory (RAN-LTM),

in which LTM data were properly updated as the learning
proceeds. To evaluate the incremental learning ability, the
proposed model was applied to the following two tasks:

Extended Random-Walk Task and Extended Mountain-Car
Task. In these tasks, the working space of agents is extended
as the learning proceeds. That is to say, the learning was
conducted only for one region at first, and then the learning
for different regions was carried out. From the simulation
results, we certified that the proposed agents could learn
more accurate action-values than TC agents, RAN agents
and the previous version of RAN-LTM agents. Moreover,

it was verified that the proposed agents could suppress the
interference effectively as compared with other agents.
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