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Behavior Learning of Human-Friendly Robots by Symbolic Teaching*

Naoyuki Kubota, Shuzo Yamaji, Fumio Kojimé&, and Toshio Fukuda

Abstract: This paper deals with behavior learning of human-friendly robots by human symbolic teaching. The
mobile robot has an internal model for its behavior criteria and acquires human teaching model based on the behav-
ior criteria. Outputs of human teaching model are used for learning reactive motions such as collision avoidance
behavior. The feature of this method is to obtain suitable behaviors through the interaction with environment and
symbolic teaching by human intuition. Experimental results show that the robot can acquire collision avoidance
behaviors through the interaction with human symbolic teaching in a given environment.
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) teaching. Consequently, we propose a behavior learning
1. Introduction method based on the mapped information. As one of ba-
UMAN-FRIENDLY robots are required in various SiC experiments, we focus on a collision-avoiding behavior
fields including service industry and welfare. Reof the human-friendly mobile robot in this paper. Gener-
cently, various methodologies for robotic control have beeily, the robot should take into account various objectives
discussed in subsumption architecture, behavior-basgtnultaneously, such as collision avoiding and target trac-
robotics, and evolutionary robotics [1]-[7]. These coring. Therefore, we propose a motion coordinate method for
cepts are based on reactions that living creatures preséilti-objective behaviors of the robot.
Robot’s reactions can be described by production rules,This paper is organized as follows. Section 2 describes
neural networks, and fuzzy inference rules, which are a@ur developed robot hardware and control architecture. A
quired by learning in environments. However, a humaRotion coordinate method is proposed as a basic control
friendly robot should acquire its behaviors through inte@rchitecture of the robot. Simplified fuzzy inference is
action with human in a given environment. Furthermoré!sed for describing robot's behaviors. Furthermore, a sen-
the evaluations of human concerning the robot’s behasery network is applied as the perception mechanism of the
iors are different among human operators. This meaff#ot. Section 3 proposes a behavior learning method for
that a human-friendly robot should acquire behaviors suffte mobile robot. Section 4 shows experimental results of
able to a certain human operator. In this study, we di#e behavior coordinate and behavior learning of our devel-
cuss a learning method for human-friendly robots. THeped robot.
learning methods can be classified into three types: super-
vised learning, unsupervised learning, and reinforcement 2 A Mobile Robot with Fuzzy Controller
learning only with the response of success or failure [8]—
[12]. If a human operator can give exact teaching data, tRel Hardware architecture of a mobile robot

robot can acquire a behavior suitable to the human operayy e developed a mobile robot showrfifg. 1. The diam-

tor. However, it is difficult for the human operator to répg ey of the robot is 32.0 [cm]. The 32 bit CPU is built in the
resent exact numerical teaching data. Actually, symboligy, Figure 2 shows the sensing system of this robot. The
communication such as “turn right,” *go up,” and “stop’yo ot has infrared proximity sensors which detect obstacles
is often used in teaching among human operators. In SUghnin 10.0 [cm] in each sensing direction. In addition, the

a case, the robot must understand the meanings of Syt has ultra sonic sensors that measure the distance to
bolic teachmg data. Therefore, the robot must build t'l?ostacles between 10.0 and 100.0 [cm]. Consequently, the
human teaching model by itself. Here we use symbolig,yrees of danger based on distance is measured by the in-
communication to share information between the robot agd o4 proximity and ultra sonic sensors. In addition, CdS
human operator. Therefore, the robot requires a mappiggnsors are equipped to measure the degree of light sur-
method from human symbolic information into numer'c"’}lounding the robot in 8 directions. Two stepping motors

information for learning various behaviors based on humal, \;sed for the actuator. By using these motors, the robot

can move forward and backward, and can turn right and
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behavior. In this paper, each behavior is described by a
fuzzy controller.

A simplified fuzzy inference is used for the fuzzy control
because of the simple architecture and low computational
cost [12],[13]. In general, a fuzzy if-then rule is described
as follows,

if 1 is A; 1 andzy is A4; 5 and- - -andx,, is A; ,,
theny; isw; 1 and- - -andy, is w; ,

where4; ; is a membership function for thgth input of
thesd-th rule,w; ; is a singleton for thg-th output of thei-

th rule, andn ando are the numbers of inputs and outputs,
respectively. Here we use a triangular membership func-
tion in order to reduce the setting parameters for the fuzzy
controller. A triangular membership function is generally
described as,

lzj—aiil e o .
1= =5 if |2j — ai sl < bi

0 otherwise

HA; (.Z‘]) = { (1)

wherea; ; andb; ; are the central value and the width of
the membership functionl; ;. Consequently, the firing
strength of the-th rule (i = 1, - - -, r) is calculated by,

}i( i = [T na, (). )

CdS Sensor '
Next, we obtain thg-th resulting outputj = 1,---, 0)

by weighted average as follows,
D
i %

Fig.1 A developed mobile robot

T
;. Wireless CCD
Camera System ]; Hi+Wij
Yi=—F— 3)
> M
i=1

wherer is the number of rules. Because the output of each
behavior is calculated independently, the output is regarded
as the reasonable output of each behavior in the multi-
objective behavior. Accordingly, the motion coordinate is
performed as follows;

S wotk(t) - e s (t)
]\4-‘7 — k=1 . (4)
S wgti(t)
k=1

where M; (t), wgti(t), yx,;(t), andz are the coordinated
Fig.2 Sensing system of a mobile robot using ultra sonic sensors and}Rth output, a behavior Weight of theth behavior, the in-
Sensors ference result (the above outpyf) of the k-th behavior
over the discrete time stepand the number of behaviors,
sent from the wireless CCD camera system, but the rod€spectively. The behavior weights are updated by simple
does not process visual images in the decision making. rules according to the perceptual information.

2.2 Motion coordinate of the mobile robot wgtk(t + 1) = Gr(wgty(t), z) (%)

We propose a motion coordinate mechanism for multivherex is a set of sensed information agf], is a weight
objective behaviorsHig. 3). The mobile robot has a set ofupdating function for thé:-th behavior. Therefore, the se-
several behaviors such as collision avoiding, wall followlection and integration of behaviors depend on the time-
ing, target tracing, and random running. A behavior weiglseries of the sensed information. Here the updating rules
is assigned to each behavior. By updating these behavéwe decided experimentally. The inputs in the collision
weights dynamically, the robot can take a multi-objectivavoiding, target tracing, and wall following behaviors are
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the distances measured by infrared proximity and ultrgy.5 Total architecture including learning mechanism based on human
sonic sensors, the degree of brightness measured by CdS teaching model

sensors, and the distance measured by ultra sonic sensors,

respectively. The output levels of the stepping motors

. ; a(%(t) is used for the speed control of the mobile robot. In
used as the outputs in all behaviors.

this way, the sensory network adjusts the sensing range and
2.3 Sensory network for the mobile robot motor outputs from the meta-level.
Fuzzy controllers can be tuned or optimized by delta3, Reinforcement Learning by Human Teaching
rules. and evolutionary r.nethods.[14]—[17]. The fq;zy rules Model
working well under various environmental conditions can _ ] i )
be exactly described, but the number and structure of fuzzyThiS section proposes a reinforcement learning method
rules are very large and complicated. On the other harfffiSed on & human teaching model. Generally the learn-
the collision avoidance behavior has a close relationsHf} based on human teaching data is categorized as one of
with the environmental condition. For example, if there aréHPervised leaming methods. However, because this pa-
many obstacles in the environment, the robot should moR&" @ssumes that a human operator gives only symbolic in-
slowly to the target point, while avoiding collision. On thdormation, the robot must infer and build the meanings of
contrary, if there are few obstacles, the robot can mov¥mbolic information by itself. Conseqpently, this Iearnmg
easily to the target point without slowdown. The robdi€thod can be regarded as one of reinforcement learning,
should dynamically update the attention range accordifif’ce the teaching information is not exactly given to the
to the facing environment. Therefore, we have proposed@Pot- In the following, we consider a collision-avoiding
sensory network with scalable attention ranges, which dghavior of the mobile robot. _
justs the shape of membership functions [16], [17]. When !N order to build a human teaching model, the robot re-
we assume the scalability of control rules, the sensory ndiires internal criteria to eva_luate human teaching data.
work changes the output of fuzzy controller according tglgure 5 shows the total architecture of the robot. In the
the time-series of sensed information. The attention ranfjgure. the sensory network plays a role of perceptual mech-
corresponds ta; ; in the membership function of the fuzzy@nism tha_t tra.ns_lates _the sensed data into the membgrsh|p
controller. The attention rangé_rng(t) is updated as fol- grade of I|ngu.|st|c variables for_ fuzzy contro!lers. The in-
lows, ternal model is composed of internal criteria to evaluate
©) the state of the robot. Based on the evaluation results,
the robot generates the human teaching model. Here we
v 1 sprs(t) ifall z; > Arng(t) use keyboard input as an interface between the robot and
sprs(t) = {7 - sprs(t) otherwise () the human operator. Consequently, the robot translates the
, symbolic data into numerical data of the teaching model,
wheresprs(t) is the degree of sparseness of obstacles sgfat js; the robot uses a mapping method from the symbolic
isfying 0 < sprsmin < sprs(t) < 1.0, S_rng is the jrtarmation into numerical information. This mapping is
m_aX|maI sensing range, andis a percgptual coeff|C|ent_. statistically performed as follows;
Figure 4 shows the membership functions corresponding

to linguistic variables of “dangerous” and “safe.” In the Tj(t — 1,¢) - ent(c) + S;(3)

A_rng(t) = sprs(t) - S_rng

simplified fuzzy inferencey; is regarded agl_rng(t) if z; Tj(t.c) = ent(c) + 1 ©)
is larger thanA_rng(t). Furthermore, the motor output is
also scaled by the internal state of the perception, wherec is an input symbol given by the human operator,
is the discrete time stepnt(c) is the number of the input of
V;(t) = sprs(t) - M;(t) (8) symbole, andsS;(7) is the generated teaching signal for the
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. * : 0’ +2
‘ ' Fig. 7 An experimental environment (case 1)
Starting ~ Starting Starting
Fig.6 State evaluation for generating teaching signal in the internal  pgint 1 Point 2 Point 3

model.W; = {0.1,0.3,1.0,0.3,0.1}

e

j-th output. After thatent(c) is incremented. Each sym-
bol corresponds to numerical teaching signal for learning

a fuzzy controller. Consequently, a reinforcement signal (@ '\l/:\',%%igi %
d;(t) for the j-th output is calculated by Goa N
Point
d;(t) = Tj(t, c) — y;(t) (10)
wherey; (¢) is the output of fuzzy inference and the single- * v
tonw; ;(t+1) of thej-th output in the-th rule is reinforced
by Fig.8 Experimental results using three different starting points (case 1)

’LUZ'J'(t + 1) = wm-(t) +7- i - dj(t) (11)

wherer andy; are learning rate and the firing strength ofxperimental environment (case 1) and the experimental re-
thei-th rule, respectively. This learning is performed onlyts using three different starting points, respectivelg-
when the human operator inputs the symbolic data from tfigs 9 shows the change of behavior weights of each case
keyboard. wherewgt (t), wgts(t), andwgts(t) indicate the behavior

The robot calculates teaching sigrgl(i) for collision \eights of target tracing, collision avoiding, and wall fol-
avoidance by a heuristic rule [16], [17]. The heuristic rulgywing, respectively. In the experiment of the first starting
is to select a move direction toward the collision-free spaggyint (Figs. 8 and 9(a)), the robot takes the collision avoid-
based on the distances to obstacles. Consequently, i} pehaviors, and then takes the target tracing behaviors.
robot searches arelatively safe space. The state of the sqfie robot reaches the target point in the experiments using
ing directions; is evaluated by the following equation,  gther starting points (Figs. 8 and 9).

Figure 10shows an experimental result (case 2). The en-
vironment includes several obstacl&ggure 11 shows the
snapshots of a motion coordinate experiment. The mobile
robot reaches the goal point with avoiding obstacleg-
whereW; is a weight coefficientRig. 6). This evaluation ure 12shows the experimental results of the measured dis-
value for the directions; becomes high, when the robot isance, behavior weights, and motor outputs, respectively.
far away from the obstacles. Theh direction with the In the figures,z; ~ x5 indicate the distances measured
highest evaluation is selected and then the correspondfyythe ultra sonic sensors shown in Fig. 2 angt:(¢),
signalS, (i) is selected from the look-up table of the mototvgt2(t), andwgts(¢) indicate the behavior weights of tar-

i+2
state; = Z W - x; (12)

j=i—2

outputs. get tracing, collision avoiding, and wall following, respec-
tively. Figure 12(a) indicates that the robot updates the be-
4. Experimental Results of Mobile Robot havior weights according to the time-series of density in-

formation of obstacles in the environment. The attention
range in Fig. 12(b) is reduced by the sensory network as
We conducted motion coordinate experiments in two difhe robot detects obstacles in the environment. As a re-
ferent environmental conditions. In the experiments, wauilt, the motor outputs are also reduced by the sensory net-
use a light source as a goal point. Consequently, the roladrk (Fig. 12(c)). Afterward, the robot extends the atten-
takes a target-tracing behavior by using CdS sensors. Tl range and speeds up toward the goal (light source).
behavior coordinate is performed by target tracing, collFhese experimental results indicate that the motion coor-
sion avoiding, and wall followingFigures 7and8 show an dinate method can select and integrate suitable behaviors

4.1 Motion coordinate experiment

©1999 Cyber Scientific Machine Intelligence & Robotic ContddR), 79—86 (1999)
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Fig.9 Change of behavior weights in simulation case 1, whegé; (¢),
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Fig.10 An experimental result of motion coordinate (case 2)

according to the time-series of sensed information.

4.2 Human teaching experiment

We conducted human teaching experiments to the mo-
bile robot. Collision avoiding behavior is trained by hu-
man teaching model in the experiments. The set of input
symbols from the keyboard is “4,” “6,” and “8,” which
correspond basically to “turn left,” “turn right,” and “go
straight,” respectively. The number of human teaching tri-
als is 10.Figure 13 shows a visual image from CCD cam-
era of the robot. A human operat(i;) inputs a symbol
by watching this kind of visual imagé&igure 14shows the
changes of maximal degree of danger, average motor out-
puts, and consumed discrete time steps over trials in human
teaching, respectively. Furthermomgbles 1and2 show
the modeling result of human teaching data and learning re-
sult of the fuzzy controller. The robot learns the collision-
avoiding behavior by using the teaching signals (human
teaching model) in Table 1. These results show that the
robot can build the human teaching model and can acquire
the collision-avoiding behavior by the delta rule based on

Fig.11 Snapshots of the motion coordinate experiment
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Fig.14 Experimental result ok

Table 2 Change of fuzzy rulegd; ), where membership functions “dan-
gerous” and “safe” are represented as 0 and 1, respectively

Fig.13 Visual image from the CCD camera system

Table 1 Symbolic translation in human teaching mode]

No. Membership function w; 1 (t), wi 2(t)

Aq,As, A3, A4, As, Ag, A7, Ag Initial Final
1 0,0010 000 2000, 1500| 2000, 1824
2 0,000 1,0 0,0 1500, 2000| 1849, 1998
3 0 1, 0, 1, 0, 0, 0, O 2000, 800| 2000, 726
4 0,0 1,0 1, 0,0, 0 800, 2000{ 981, 2000
5 1, 1, 0,0, 0,0, 0,0 2000, 200| 2000, 211
6 1, 0,14, 0, 0,0, 0,0 200, 2000| 277, 2000
7 0, 0 0 0, 0,0 0,0 2000, 2000| 2000, 2000

Table 3

Symbolic translation in human teaching mode} )

c | Ti(t, c) | Ts(t, c) | ent(c)

c | Ti(t, c) | Ts(t, c) | ent(c)

4] 767 | 2000 35 4] 1888 | 1322 7;
6| 2000 937 46 6| 870 1952 2
8 1883 1864 89 8 1595 169 121

dent on the correctness of the teaching method. Thus,

the human teaching model. Thus, the robot can understt robot can build the human teaching model dependent
human teaching data based on the internal criteria. € robot can bu € human teaching model depende
on a human operator.

Figures 15shows experimental results of the other hu-=
man operatofhs). Table 3 shows the modeling result of
he. The value off(t,4) is larger than that of,(¢,4) in
Table 3, i.e., the tendency of values of “4” and “6” is oppo- Human-friendly robots are required more and more in
site to the modeling result of Table 1. This means that thiee future. In this paper, we discussed a learning method
ho gives the dangerous direction, not the avoiding direfer robots based on symbolic communication with hu-
tion. However, the robot can correctly learn the collisioman operator. First, this paper proposes a motion coor-
avoiding behavior, since thie, inputs “4” when the robot dinate method for mobile robots based on the time-series
approaches to the left obstacles. This teaching is generaifysensed information. By using this method, the robot can
considered as mistake, but this modeling method is indesordinate various behaviors according to a given environ-

5. Conclusion
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