Behavior learning of a face robot using human natural instruction
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1. Introduction iors [4][5], and it is difficult to make the robot learn such
nambiguous human behavior that is only understood by hu-

Interaction between human and robot that has the functio
. . : . man, or that cannot be shown as one of the best examples for
not only to achieve its task but also to take friendly action to he rob
the robot.

humans has recently taken an attention very much [1][2]. It is ) ) ) ) )
During the robot-instruction experiments using reward-

important to develop such an interacting robot, because fu- ) )
. . .. based instruction [6], some problems have been found. Namely
ture robot is expected to work much more in human society.

Interaction between robot and human can be realized in tht\eNe need many number of rewarding process to organize the

situation that the robot has a specific sensory-motor coordi-rObOt sensory-motor coordination, which causes human fa-

nation in which the sensory inputs are human actions to théugue, and furthermore, itis expected that the robot cannot

robot and motor outputs are the responding action to humang'9anz€ its sensory-motor coordination in the case when the

The sensory-motor coordination of an interacting robot shouldrObOt has many degrees of freedom in its action.

be at least well understandable or something to create prefer- In thls paper, bases or.1 the concep;t Learn'mg (srlented In-
able behaviors for human partners, thus it is also significan{[er""CtIon (LO_I) a_ls abasic sFrategyc_) organizing t _esens.ory—
. . . motor coordination for the interacting robot, we first point
to investigate how human partners are impressed through ob- ) .
. . . . . out the problems of the conventional approach to realize LOI,
serving the robot behaviors. The impression of such interact- ] ] :
. . J1.e. "Direct instruction method". Then we propose an alterna-
ing robot behaviors that are evaluated by human observers i$ ] ]
o tive approach, i.e. "Natural Instruction Method", and we con-
strongly dependent on the sensory-motor coordination of the ) ) _
. duct the experiments using a Face Robot system in order to
robot [3]. However we have no strategy to design the sen-

o . evaluate effectiveness of the new method in real robot-inter-
sory-motor coordination of such robot to behave friendly for = i
. . . _action with human.
human partners, because it seems to be too complicated since ] o
In the next section, we explain briefly the concept of "Learn-

the robot has to have a large number of sensory inputs and _ ) ] )
. . . ing Oriented Interaction”, and point out its problems. In sec-
action outputs needed for the interaction.

. . . . tion 3, we propose the alternative idea for Learning Oriented
From this perspective, one of the solutions to design the o i )
I . . Interaction, i.e. "Natural Instruction Method". In section 4,
sensory-motor coordination of the interacting robot, could be i i . )
we explain the experiment using a Face Robot implemented

autonomous-organization of sensory-motor coordination ] }
. . . . . with Natural Instruction Method, and evaluate its performance.
through the robot's experience of interaction with human part-

ners. The most primary method is thought that a human part-

ner teaches the robot by means of "reward for robot friendly2. Learning Oriented Interaction

behaviors": i.e. the human partner gives the instruction to the2 .1 Robot-human interaction

robot by evaluating robot's behavior. For friendly interaction between a human partner and a ro-

Contrary to this, in conventional approaches of such instruc,ot, we think that it is necessary for the robot to interact with



modalities, such as facial expressions, gestures, and so orf Robot j f Human \
obo

Generally, the behavior of a robot is determined by means o

sensory-motor coordination, and in the framework of interac- S-M Coordination Human

tion between human and robot, the sensory inputs are thoug < Behavior

to be human partner's states, and the motor outputs to be tf A : -
robot actions to the human partner. However, if it is assumeq Learrung Human

that the robot has a large number of sensory inputs and motd\ & Algorithm J \ Instruction )

outputs that are needed for friendly interaction, the sensory- _ _
motor coordination would be too complicated to be determinedF'g' 1 Direct Instruction Method
by a designer. In addition, not only each human partner's state
that is recognized by the robot but also robot's action haveﬁ Robot j ( Human \

different meanings for individual human partner in certain situ- Fuman
ations, which makes it more difficult to determine the sen-| | S-M Coordination < .
o . Behavior
sory-motor coordination by a designer. A y §
From this point of view, we employ the concept of "Learn- Learning | Human N
ing Oriented Interaction (LOI)", in which an interacting robot Algorithm J \ Instruction )
learns its sensory-motor coordination through the interaction\

experiences with a human partner. To make the robot Or9arjg 2 Natural Instruction Method

nize its sensory-motor coordination through learning, human

partner needs to give "rewards" to the robot as instructionahumber and is a robot action ID number. The robot decides
information. In this learning, there are two methods to give an action to take in each step by comparing probabi(itya)
the robot rewards, i.e. Direct Instruction Method and Natural calculated from following formula (1).
Instruction Method. In the Direct Instruction Method, a hu- o(s.8) o(sh)

man partner gives the robot reward in a fixed manner; i.e. a P(a/s) = eT ;eT
designer determines beforehand how the human partner gives

the reward to the robot, in which the huma_m partn_er needs to where T, Boltzmann temperature, is the variable to control
know how to teach the robot before the interaction. In the,

. ‘exploitation and exploration trade-off”, i.e. the robot takes
Natural Instruction Method, on the other hand, the robot au- . . .
the action randomly if T is set to be high.

tonomously understands the values of human states by means .
y y Human partner gives the reward as a scalar véioreeach

of its experience of interaction, and then the values are used . .
] i ) step. The robot changes its Q-values by means of following
as reward for its behavior learning.

formula (2).

)

2.2 Direct instruction method Q(s,a) =(1-a)Q(s,a) +ar @)
In the “Direct Instruction Method (DIM)” (Fig. 1), the ro- ~ Whereq s learning rate.
bot takes a certain action corresponding to recognized current In this method, the delayed-reward mechanism is not taken

human state, and then a human partner gives a positive/negéito account, thus the reward given by the human partner is
tive reward to the robot on the basis of human partner’s evaludirectly reflected to the Q-values through the robot interac-

ation of the robot action in the interaction. tion.
This interaction is achieved by following procedure. We have conducted interaction experiments with human test
The robot recognizes a human state, and then take an actictubjects [6], but the following problems are found. First, the
corresponding to the human state for one step. human partner has to have sufficient number of rewarding to

The action robot takes at the step is determined by means @fhake the robot learn only one action, thus it is expected that a
Q-table, which consists of Q-values for each combination ofhuman partner cannot teach complicated robot behavior that
states and actior, i.e.Q(s,a) wheresis a human state ID  needs a large number of combination between human states



and robot’s actions. Second, since a human partner is force
to give rewards in a fixed manner designed by the designer
he/she cannot give precise instructional information to the
robot. ol

3. Behavior learning through human

natural instruction Fig.3 Appearance of face robot

3.1 Idea
To solve these problems stated in 2.2, we propose “Natural
Instruction Method (NIM)” (Fig. 2). This method is derived Image Recognition
from the fact that human partner’s behaviors responding to
the robot usually include a lot of instructional information
which may be taken advantage of behavior learning of the
robot. Thus we call such human behavior “human natural in- - s
struction”. Behavior Control S
-

CCD

Reinforcement Learning

In order to utilize instructional information in human natu-
ral instruction, the robot needs to know the values of human
states, which is used for the robot behavior learning. In thisFig.4 Structure of Face Robot system
method, therefore, a human partner does not need to give any
rewards explicitly, but just responds to each action of the ro-
bot: i.e. the robot autonomously understands the values of
human partner’s states and then organizes sensory-motor coraximum Q-value in the state recognized+ih. Thus, for
ordination usm_g such vglues. ThIS mgthod has the fOIIOW'ngexample, as a human staféransits tos, . Q(s,aJ is
advantages. First, a variety of instruction methods can be ac-
ceptable, because the robot can recognize the values of indghanged if Q(s,a) is not the same value as
vidual states through the interactions and utilize such values
as instructional information. Secondly, compared with DIM, max Q(si1,b) -
the robot can recognize more detailed and more instructional ) L )

. ) In this method, once we determine initial Q-values, i.e. set
information, because the values of all of the human states that .

i . _ some values but zero to some of the Q-values before interac-
are learned through interaction will be used for other behav- i
) , ) ) tion, Q-values are changed by means of human state transi-
ior learning. Finally, owing to the second advantage, the robot, )

tion, which means that the robot learns the values of human

can learn faster.

states through the interaction.

Where Y is a discount rate, andbmi\x Q(Si.1,b) isthe
|

3.2 Natural instruction learning algorithm .
4. Experiment
To make the robot learn the values of human states, we em-
ploy Q-learning algorithm with delayed reward [7]. The most 4-1 Experimental procedures
significant feature of Q-learning is the delayed reward mecha- The purpose of this experiment is to illustrate how NIM
nism, in which Q-values are propagated by means of stat&vorks in real robot-human interaction and analyze the robot
transition. In the Q-learning, the following formula (3) is used behavior.
for calculation ofQ(s,a) instead of formula (2) in DIM. As a platform of the experiment, we employ the Face Robot
system [1], since the Face Robot system has many interaction
Qs,a) =1-0)QAs.a)+a(r, + V”g‘],;a@(%b)) (3) channels. The main functions of the Face Robot system are as

follows:



Table 1 Action elements and action choices ates which region the human position is in the prespecified

Action element] Choice 1 Choice 2 Choice B fan-like 6 regions shown in Flg-. 5 ) _
Facial neutral happy We conduct 2 types of experiment in DIM and NIM, in or-
SXPIESSON _ _ der to evaluate the effectiveness of NIM and compare that
Face direction looking toward| looking away from . ) .
human partner | __human partner with DIM. In the experiment of DIM, a test subject not only
Yoice _come on’ g0 away, nothing changes his/her position, but gives a positive/negative reward

to the Face Robot in each step based on the evaluation of a
Face Robot action in that step. In the formula (3) of the learn-

ing algorithm of the Face Robot system is seyts0.0, thus

Q-table obtained in this experiment is directly reflected by
the reward pattern given by test subject. In the NIM experi-
ment, a test subject moves from one region to another and
Center geo gives no reward. Once the Face Robot recognizes that the
human position has been changed, the Face Robot proceeds
its learning step to the next one automatically. In this experi-
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Face Robot

ment, ¥ in the learning algorithm is set to 1.0, in which the

Face Robot can propagate Q-value by means of human state
Fig.5 Experiment area transition.

In the each experiment, 5 test subjects are used for human
partner and the learning takes 100 steps. Parameters for the

(1) Face Robot is equipped with 18 small pneumatic actualéarning algorithm arer =0.5, T =0.1 for the DIM, and
tors at proper locations inside the face structure to genergy =05 T =100 for the NIM experiment.
ate 6 typical facial expressions such as anger, surprise,
fear, disgust, sad, and happy. Besides the Face Robot h:;f_z Results
2 degrees of freedom in the eyeball rotation and 3 de-
grees of freedom in the head rotation.

(2) Face Robot is implemented with a real-time vision system

First, we define the destination Q-table for the learning al-
gorithm of the Face Robot system in order to evaluate NIM.
In this paper, as a destination Q-table, we employ the average
to identify the location of Face Robot’s human partner or ¢ Q-table obtained in the DIM experiments, because the Q-

his/her facial expressions. tables obtained in the DIM reflect human positive/negative

(3) Face Robot is equipped with a conventional voice Symhe'rewards directly.
sizing system.

Then we define the error of learning to measure the differ-
1 0,
The size of the face robot was almost 120 % of a normalence between the one obtained in the NIM and the destination

human head and her appearance is a young woman face @-table. The error of learning is calculated as follows: (1)

shown in Fig. 3. translate Q-values obtained in both DIM and NIM experiments

Fig. 4 shows the structure of Face Robot system that COMhto probability using formula (1), (2) subtract each probabil-
sists of 3 parts, i.e. behavior control part, image recognition.

. . . ity in the NIM from corresponding probability in the DIM,
part, and reinforcement learning part. Behavior control partand sum up all differences. Namely the smaller the error of

controls the.ac.non of the Facg Robot. !n this expe.rlment thE1earning, the better the Face Robot system learns the destina-
Face Robot is implemented with the actions shown in Table 1tion Q-table correctly.

The Face Robot executes an action in one step, which includes The error of learning is strongly dependent on the transition

3 action eleme_nts. In image re.c_ognl_tlon p_)art,_the Face_ RObOfrequency of human states, which indicates that each test sub-
system recognizes human position, i.e. direction and dlstanc]eect inclines to take the same actions after the same Eace Ro-

from the Face Robot by using 2 CCD cameras, and then evaluﬁot action. Thus we calculate the standard deviation of state
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number of states to which test subjects move after each se- element

quence of state and Face Robot action, (2) calculate the stan-

dard deviation of the sums obtained from (1). Therefore the .

- - 5. Conclusions

greater the standard deviation of transition frequency, the more

human state transitions have the inclination to taking the same !N this paper we have developed “Natural Instruction

action after the same Face Robot action. Method”, based on the concept of LOI, a strategy to design
Fig.6 shows the error of learning and standard deviation ofSUch human friendly robot that interacts with human in both

state transition frequency. The higher standard deviation o/€"Pal and non-verbal communication modalities. Further-
state transition frequency, the smaller the error of learning,MOre, based on this proposed method, we have conducted the

which indicates that the Face Robot can learn destination Q€XPeriments using Face Robot system to analyze characteris-

table if test subjects have inclinations in their state transitions!ics of the proposed method.

Fig. 7 shows the average standard deviation for all test sub- 1hiS paper shows that the interacting robot can understand
jects with respect to 2 action elements of facial expressiond€ value of human states autonomously by using delayed re-
and voice. In this figure, there are differences between 2Wward mechanism of Q-learning, and then organize its behav-
choices of action elements, which indicates that the state trari®"- In @ddition, it is clarified that there is difference in the
sition of test subjects corresponding to each Face Robot ad0P0t behavior learning with respect to the meaning of the
tion is different. The differences in standard deviations sug-action for human partners.

gest that the state transition can be changed depending on theSince these results are strongly depenent on initial Q-val-
Face Robot actions, which affects the learning performance/€S and structure of clustered human states and robot actions,

of the Face Robot. we need to analyze the statistics of NIM systematically in terms
From these resullts, it is clarified that the behavior learning©f these whole factors, which will be done in the future works.

of the Face Robot through human-robot interaction converges
differently from each action, more specifically, the Face Ro- Acknowledgement
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