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Abstract: Reinforcement learning is considered as an important tool for robotic learning in unknown/uncertain environments. In this

paper, we propose an evaluation function expressed in a vector form in order to realize multi-dimensional reinforcement learning. The

novel feature of the proposed method is that learning one behavior induces parallel learning of other behaviors though the objectives

of each behavior are different. In brief, all behaviors watch other behaviors from a critical point of view. Therefore, in the proposed

method there is cross-criticism and parallel learning that make the multi-dimensional learning process more efficient. By applying the

proposed learning method, multi-dimensional evaluation (reward) and multi-dimensional learning can be carried out simultaneously

in one trial. A special neural network (Q-net), in which the weights and the output are represented by vectors, is proposed to realize

a critic network for Q-learning. The proposed learning method is applied for behavior planning of mobile robots.
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1.  Introduction

Learning algorithms based on evaluative feedback signals is

generally referred to as reinforcement learning algorithms. In a

reinforcement learning paradigm, a system called agent senses

the environment and produces control actions. The environment

responds to these control actions. Based on these responses a

reward function will evaluate the control actions. The agent

tries to optimize the control policy to maximize the total ex-

pected reward over a finite time-span. Learning may occur us-

ing the prediction error of expected rewards. Such a learning

mechanism can be found in the basal ganglia of the mamma-

lian brain also [1]. In [1], it is experimentally shown that the

activity of dopamine neurons in the ventral tegmental area and

the substantia nigra of rats reflect the prediction of temporal

difference or the prediction error of the expected rewards.

Reinforcement learning [2][3] plays an important role in robot

learning under unknown/uncertain environments. In a reinforce-

ment learning paradigm, the optimum control policy can be

obtained based on interactive explorations in the environment.

Therefore, reinforcement learning is effective for intelligent ro-

bots to realize intelligence such as making a game strategy [4]

or skillful motions [5] based on their experience. Many studies

on reinforcement learning have been performed to make the

robots work intelligently in an unknown/uncertain environment

[4]-[13]. In those studies, the optimal or desired behavior of the

robot is assumed to be only one, and evaluated with a single

evaluation function or a weighted sum of evaluation functions.

For some sophisticated systems such as intelligent robots, how-

ever, it is sometimes difficult to evaluate their performance

with only one evaluation (reward). The desired behavior some-

times depends on the circumstances while there can be contra-

dicting objectives that have special importance in certain cir-

cumstances. For example, the behavior of less energy consump-

tion is usually preferred. However, time efficiency is more im-

portant than energy efficiency when the robot is in a rush. Usu-

ally, the best behavior with respect to energy consumption is

not the same as that with respect to time efficiency. Further-

more, safety is the most important when the robot carry out

important tasks. Thus the desired behavior should be changed

according to the situation. This kind of idea is similar to the

idea of multiple reward criterion proposed by Uchibe and Asada

[13].

In this paper, we propose an evaluation function expressed in a

vector form in order to realize multi-dimensional reinforcement

learning. Q-learning [3], one of the basic reinforcement learn-

ing methods, has been applied in this study. A special neural

network (Q-net), in which the weights and the output are rep-

resented by vectors, is proposed to realize critic networks for

Q-learning. Each parallel network in the Q-net works as an

element of the vector Q-net. The novel feature in the proposed

learning algorithm is that learning occurs in all the networks
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Fig. 1  Schematic diagram of the mobile robot.

while implementing any given behavior. This is realized through

cross-criticism by reward functions at any given time. When a

certain behavior is performed, reward or punishment with re-

spect to the performed behavior is evaluated by all the ele-

ments in the vector evaluation function. At the same time, all

the networks in the Q-net try to predict the expected sum of

future rewards from each network’s point of view, even though

the actual behavior corresponds to only one of the objectives in

the vector of objectives. This kind of cross evaluations can be

found in the learning process of humans through social interac-

tions also. Sometimes we observe the behavior of another per-

son in a given situation and try to subconsciously predict future

results based on a self-centered internal model. While observ-

ing we continuously criticize the internal model of prediction,

leading to cross learning. Therefore we learn not only from our

own behavior but also by observing other’s behaviors. The pro-

posed learning method is based on a similar phenomenon.

In this study, we have assumed that there are obstacle regions,

slippery regions, and danger regions in the working environ-

ment of the mobile robot. The robot is supposed to waste some

energy and time for the slip in the slippery regions, and waste a

lot of energy and time for struggling to move in the danger

regions. The dynamics of the mobile robot is taken into ac-

count. The energy minimum behavior, the hasty behavior, and

the safe behavior are efficiently explored using the proposed

reinforcement learning in this environment. Consequently, each

weight vector and the output vector of the Q-net consist of three

components (1st component: for energy minimum behavior, 2nd

component: for hasty behavior, and 3rd component: for safe

behavior) in this case. The robot is able to change the optimal

behavior according to the situation after the proposed learning.

The effectiveness of the proposed reinforcement learning has

been evaluated in simulation.

2.  Dynamic Model of the Mobile Robot

The schematic diagram of the mobile robot is shown on the left

side of Fig. 1, where I
v
 is the moment of inertia around the c.g.

of robot,  v is the velocity of robot,  φ  is the azimuth of robot,

and l is the distance between the left or right wheel and the c.g.

of the robot.

Let

                       Ttttvt )]()()([)( φφ &=x
be the state variable vector and

                            T
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be the manipulated variable vector. Then the state space model

for the mobile robot can be written as:
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where M represents the mass of robot, I
w
 is the moment of iner-

tia of wheel, c is the viscous friction factor of wheel, k is the

driving gain factor, r represents the radius of wheel, and u
r
 and

u
l
 are the right and left driving input torque, respectively.

The physical parameters of the mobile robot used in this study

are given by I
v
 = 0.6541[kgm2], M = 25.5 [kg], l = 0.165 [m], r

= 0.05 [m], I
w
 = 0.4419*10-3 [kgm2], k = 90, and c = 0.0479

[kgm2/s].

3.  Multi-Dimensional Reinforcement Learning

In order to make the basic concept of the proposed learning

clear, Q-learning method, one of the basic reinforcement learn-

ing methods, has been selected in this study. The proposed learn-

ing method is applied for behavior planning of the mobile ro-

bot. A special neural network (Q-net) is proposed to realize

critic networks. In the proposed Q-net, the weights and the out-

put are represented by vectors, although those are usually rep-

resented by scalars. Each component of vectors is in charge of

each item of the evaluation (reward).  In this study, evaluation

is carried out with respect to energy consumption (energy mini-

mum behavior), time efficiency (hasty behavior), and safety (safe



behavior) assuming that there are obstacle regions, slippery re-

gions, and danger regions in the working environment of the

mobile robot. In this case, each weight vector and output vector

of the Q-net consist of three components (i.e., 1st component:

for energy consumption, 2nd component: for time efficiency, and

3rd component: for safety). After a certain behavior is performed,

each component of the weight vectors and the output vector of

the Q-net is adjusted based on reward or punishment for en-

ergy minimum behavior, hasty behavior, and safe behavior.

3.1 Q-net Architecture

The proposed Q-net consists of three layers (input layer,

hidden layer, and output layer). There are 16 input variables

(1: distance to target, 2: angle to target, 3: distance to obstacle,

4: angle to obstacle, 5: distance to the first slippery area, 6:

angle to the first slippery area, 7: distance to the second slip-

pery area, 8: angle to the second slippery area, 9: position of

robot in x-direction, 10: position of robot in y-direction, 11:

velocity of robot in x-direction, 12: velocity of robot in y-direc-

tion, 13: azimuth of robot, 14: azimuth change rate, 15: left

wheel torque, 16: right wheel torque).

There are 50 neurons in the hidden layer. The activation func-

tion used in the neurons is written as:
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where w
oi
 is the bias weight vector of the ith activation func-

tion, w
ji
 represents the connecting weight vectors between the

ith activation function and the jth input given by x
j
.

The output of the Q-net is the Q values of the current control

input combination given the situation. The Q values are calcu-

lated by:
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where wo
i
 is the output weight vectors of the Q-net that connect

the activation function and the output node.

3.2 Definition

Let the right and left side control torque inputs to the mobile

robot by a conventional controller based on a potential field

method be denoted by u
cr
 and u

cl
, respectively. Denote the right

and left side control torque inputs given by the Q-net be u
qr

 ∈
U

qr
 and u

ql ∈  U
ql
, respectively, where U

qr
 and U

ql
 are real

bounded spaces within which the right and left hand torques

are defined.

3.3 External Reward Function

The external reward function is a vector of functions each

rewarding distinct behaviors. In this case, the reward function

vector consisted of three component functions for 1: hasty be-

havior, 2: Energy conscious behavior, 3: safety conscious be-

havior. Therefore the vector of functions were given by:
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where D is the distance to the target, P is a punishment given

by P = -10 if ( ru  > 0.04 or lu  > 0.04), and r
obs

 is the reward

or penalty for avoiding or colliding with the obstacle, which is

calculated by r
obs

 = 
5.05100 −−− obsde  if close to the obstacle re-

gion, and r
obs

 = 1 if sufficient distance is kept, in which d
obs

 is

the distance to the obstacle.

       obs
D
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where tarv&  is the target reaching velocity.
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where d
da

 is the distance to the danger region. Input to the right

and left wheels are given by:

                             u
r
 = u

cr
 + u

rl

                             u
l
 = u

cl
 + u

ql
                               (9)

Let the output of the Q-net for a given vector of environmental

sensor information and a chosen control input be denoted by:

                       Q
v
(t) == [Q

1v
(t)  Q

2v
(t)  Q

3v
(t)]T,

the maximum Q
v
(t) that can be obtained by changing the right

and left wheel torques in U
qr

 and U
ql
 for a given environmental

situation be denoted by Q
v_max

(t), the reward obtained from an

external reward function be given by:

                            r(t) = [r
1
(t)  r

2
(t)  r

3
(t)] T.

Then the following algorithm can be applied to obtain the opti-

mum behaviors of the robot.

3.4 Reinforcement Algorithm

The algorithm of the proposed reinforcement learning is ex-

pressed as follows:

Step 1: Initialize the weights of the Q-net, and set

time t = 0.

Step 2: Sense the state of the robot and calculate u
r

and u
l
.

Step 3: Given the current control input and the envi-

ronmental information, evaluate the Q-net

and obtain a vector Q
v
(t).

Step 4: Run the robot for one sampling time duration



and obtain a reward vector r(t+1) from a set

of external reward functions.

Step 5: For a given behavioral objective, i.e., energy

optimization, hasty movement, or safe move-

ment, Evaluate the Q-net and obtain

Q
v_max

(t+1), and the pair of control inputs u
r_opt

and u
l_opt

 that renders Q
v_max

(t+1).

Step 6:  Calculate  the temporal  difference
Ttttt )]1()1()1([)1( 321 +∆+∆+∆=+∆

given by

           )()1()1()1( tttt vv_max QQr −+++=+ γ∆ ,

                                  0 < γ  < 1                     (6)

Step 7: Use this )1( +t∆  vector to update the respec-

tive weight vectors of the Q-net.

Step 8: Set u
r
 = u

r_opt
 + N(0, σ ) so that σ  =

)1(1 )1( ++ trpe , where p is the counter of the

behavior type that decides the control inputs

at time t+1. Go to Step 3, and set time t =  t +

1;

Continue these steps until a predetermined level of performance

is achieved by all the vectors of weights in the Q-net. Note that

a vector of Q values given by Q
v
(t) and reward values given by

r(t+1) are evaluated at any given time, eventhough only one

behavior is executed at any given time. This ability of paralel

learning while executing a single behavior is the main advan-

tage of the proposed method. This results from the mechanism

of cross-criticism found in the proposed method.

4.  Simulation

In order to evaluate the effectiveness of the proposed learning

method, computer simulation has been performed. In this simu-

lation, the mobile robot is supposed to head toward the goal

subjected to various performance criteria. There are one ob-

stacle region, two slippery regions, and one danger region in
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Fig. 2  Working environment of the mobile robot.
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Fig. 3  Learning at each trial.

the working environment as shown in Fig. 2. In this simulation,

the robot is supposed to waste 20% of driving torque for the

slip in the slippery regions, and waste 80% of driving torque

for struggling to move in the danger regions. The dynamics of

the mobile robot explained in Section 2 is taken into account.

The energy minimum behavior, the hasty behavior, and the safe

behavior are considered in this simulation, although another

behaviors can be considered.

Although multi-dimensional learning is carried out in each trial,

one representative behavior is chosen in turn from among the

three evaluating behaviors (energy minimum behavior, hasty

behavior, and safe behavior). The random behavior is gener-

ated in certain range during the learning at every other trial of

each evaluating behavior as shown in Fig. 3. Figure 4 and 5

show the simulation results after 1000 trials. The obtained en-

ergy minimum behavior, hasty behavior, and safe behavior are

depicted in Fig. 4 (a), (b), and (c), respectively. The torque

profiles of energy minimum behavior, hasty behavior, and safe

behavior are shown in Fig. 5 (a), (b), and (c), respectively. One

can see that the energy minimum behavior consumes less en-

ergy than the other behavior. In the hasty behavior, the robot

quickly arrives at the target although a lot of energy is con-

sumed. The safe behavior takes a lot of time to get to the target.

These results show that the behavior of the robot can be changed

depend on the situation.

5.  Conclusions

A novel multi-dimensional reinforcement learning method has

been proposed and applied to Q-learning in this study. A spe-

cial neural network (Q-net) is proposed to realize critic net-

works. In the proposed Q-net, the weights and the output are

represented by vectors, although those are usually represented
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by scalars. Each component of vectors is in charge of each item

of the evaluation (reward). Consequently, each component of

the weight vectors and the output vector of the Q-net is ad-

justed based on reward or punishment for each item of the evalu-

ation after a certain behavior is performed. The novelty of the

proposed method is that the algorithm fascilitated paralel learn-

ing of all behaviors while executing a single behavior. This

novel feature is expected to accelerate the learning spead of

multi-dimentional reinforcement learning algorithms. This kind

of a cross-criticism is expected to be functioning in the human

brain though there is no biological evidance is found so far.

Yet, this phenominon is seen in human learning through social

interaction, where one updates its internal models by observ-

ing the behavior of others. In this method, the robot is able to

change the optimal behavior according to the situation after the

learning. Simulation results show the effectiveness of the pro-

posed reinforcement learning.
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