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(57) ABSTRACT

A machine learning device for a robot that allows a human
and the robot to work cooperatively, the machine learning
device including a state observation unit that observes a state
variable representing a state of the robot during a period in
that the human and the robot work cooperatively; a deter-
mination data obtaining unit that obtains determination data
for at least one of a level of burden on the human and a
working efficiency; and a learning unit that learns a training
data set for setting an action of the robot, based on the state
variable and the determination data.
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MACHINE LEARNING DEVICE, ROBOT
CONTROLLER, ROBOT SYSTEM, AND
MACHINE LEARNING METHOD FOR

LEARNING ACTION PATTERN OF HUMAN

BACKGROUND OF THE INVENTION

[0001]

[0002] The present invention relates to a machine learning
device, a robot controller, a robot system, and a machine
learning method for learning the action pattern of a human.

[0003] 2. Description of the Related Art

[0004] In conventional techniques, to ensure human
safety, safety measures are taken to forbid humans from
entering the working area of a robot when the robot is
driven. For example, a robot is enclosed with a safety fence
to forbid humans to step over the safety fence during the
period in which the robot is driven. In recent years, a robot
system which allows a human to work cooperatively with a
robot is known. The robot system allows the robot and the
human to simultaneously perform one task without enclos-
ing the robot with a safety fence.

[0005] Japanese Laid-open Patent Publication No. 2015-
123505 discloses an industrial robot which works coopera-
tively with a human. The robot includes a movable unit, a
protective member, and a detector. The movable unit is
supported by the basal portion. The protective member is
made of a material having rigidity lower than that of the
movable unit and covers the periphery of the movable unit.
The detector is located in the movable unit and detects an
external force input via the protective member.

[0006] A general industrial robot is driven in accordance
with an operation program created in advance. Alternatively,
the robot is driven to pass through a teaching point taught by,
e.g., a teaching pendant in advance. In other words, the robot
is driven along a predetermined trajectory.

[0007] Even in a robot system which allows a human to
work cooperatively with a robot, the trajectory of the robot
can be set in advance to drive the robot along the generated
trajectory. However, when a human works cooperatively
with the robot, more than one working method may be
selectable. In, e.g., plants for manufacturing products, work-
pieces may be transported from the initial to target positions.
To transport workpieces, the workpieces may be lifted by
cooperation between the human and the robot and trans-
ported to the target positions. The robot can lift and transport
objects to be transported. In this case, numerous options are
available for, e.g., the orientation and velocity at which the
workpieces are lifted.

[0008] The level of burden on a human varies for each
method for controlling a robot to manipulate a workpiece.
Even when, for example, the same task is performed, the
level of fatigue of a human varies and the level of burden
also varies depending on the velocity or the distance from
the human. It is, therefore, preferable to set an appropriate
method for controlling a robot. However, numerous methods
are available to control a robot. In addition, a human may
exhibit different action patterns, depending on the work that
is being carried out. This makes it difficult to set an optimal
method for controlling a robot in accordance with the
working details.

1. Field of the Invention
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SUMMARY OF INVENTION

[0009] According to a first aspect of the invention, there is
provided a machine learning device for a robot that allows
a human and the robot to work cooperatively, the machine
learning device including a state observation unit that
observes a state variable representing a state of the robot
during a period in that the human and the robot work
cooperatively; a determination data obtaining unit that
obtains determination data for at least one of a level of
burden on the human and a working efficiency; and a
learning unit that learns a training data set for setting an
action of the robot, based on the state variable and the
determination data.

[0010] The state variable may include at least one of a
position, an orientation, a velocity, and an acceleration of the
robot. The determination data preferably includes at least
one of a magnitude and a direction of a load sensed by the
robot, a magnitude and a direction of a load sensed by an
environment surrounding the robot, a level of burden on the
environment surrounding the robot, and a time taken to
move the robot.

[0011] The training data set may include an action value
variable representing a value of an action of the robot set for
each state of the robot and each action of the robot, and the
learning unit may include a reward computation unit that
sets a reward, based on the determination data and the state
variable; and a function update unit that updates the action
value variable, based on the reward and the state variable.
The reward computation unit may set a greater reward for a
smaller absolute value of an acceleration of the robot, and a
greater reward for a shorter time taken to move the robot.

[0012] The training data set may include a learning model
for the robot set for each state of the robot and each action
of the robot, and the learning unit may include an error
computation unit that computes an error of the learning
model, based on the determination data, the state variable,
and input teacher data; and a learning model update unit that
updates the learning model, based on the error and the state
variable. The machine learning device may further include a
human identification unit that identifies a human who works
cooperatively with the robot, wherein the training data set
may be created for each human, and the learning unit may
learn the training data set for the identified human. The
machine learning device may include a neural network. The
robot may include one of an industrial robot, a field robot,
and a service robot.

[0013] According to a second aspect of the invention,
there is provided a robot controller including the machine
learning device as described above; and an action control
unit that controls an action of the robot, the machine learning
device including a decision unit that sets an action of the
robot, based on the training data set, wherein the action
control unit controls the action of the robot, based on a
command from the decision unit.

[0014] According to a third aspect of the invention, there
is provided a robot system including the robot controller as
described above; a robot that assists a human in work; and
an end effector attached to the robot. The robot may include
a force detector that outputs a signal corresponding to a force
from the human; and a state detector that detects a position
and an orientation of the robot, the determination data
obtaining unit may obtain the determination data, based on
output of the force detector, and the state observation unit
may obtain the state variable, based on output of the state
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detector. The state detector may include at least one of a
motion sensor, a pressure sensor, a torque sensor for a motor,
and a contact sensor. The robot system may further include
a plurality of robots; a plurality of robot controllers; and a
communication line that connects the plurality of robot
controllers to each other, wherein each of the plurality of
robot may control independently learns the training data set
for a robot controlled by the robot controller and send and
share learned information via the communication line.
[0015] According to a fourth aspect of the invention, there
is provided a machine learning method for a robot that
allows a human and the robot to work cooperatively, the
machine learning method including the steps of observing a
state variable representing a state of the robot during a
period in that the human and the robot work cooperatively;
obtaining determination data for at least one of a level of
burden on the human and a working efficiency; and learning
a training data set for setting an action of the robot, based on
the state variable and the determination data.

BRIEF DESCRIPTION OF THE DRAWINGS

[0016] The present invention will be more clearly under-
stood by reference to the accompanying drawings, in which:
[0017] FIG. 1 is a view schematically illustrating how a
robot and a human work cooperatively in an embodiment;
[0018] FIG. 2 is a block diagram illustrating an exemplary
robot system in the embodiment;

[0019] FIG. 3 is a diagram schematically representing a
model for a neuron;

[0020] FIG. 4 is a diagram schematically representing a
three-layer neural network formed by combining neurons as
illustrated as FIG. 3 together;

[0021] FIG. 5 is a schematic view for explaining a path for
transporting a workpiece;

[0022] FIG. 6 is a view for explaining moving points for
the robot tip point;

[0023] FIG. 7 is an enlarged view for explaining moving
points for the robot tip point;

[0024] FIG. 8 is a block diagram illustrating another
exemplary robot system in the embodiment; and

[0025] FIG. 9 is a block diagram illustrating a modifica-
tion of the robot system illustrated as FIG. 2.

DETAILED DESCRIPTION

[0026] A machine learning device, a robot controller, a
robot system, and a machine learning method according to
an embodiment will be described below with reference to
the accompanying drawings. However, it is to be understood
that the present invention should be limited neither to the
drawings nor to the following embodiment.

[0027] The robot system allows a human and a robot to
cooperate together to perform a predetermined task. This
embodiment illustrates how a human and a robot cooperate
together to transport a workpiece.

[0028] FIG. 1 is a schematic view illustrating the robot
system in this embodiment. FIG. 2 is a block diagram
illustrating an exemplary robot system in this embodiment.
Referring to FIG. 1 and FIG. 2, a robot system 3 includes a
robot 1 which assists in transporting a workpiece W, and a
robot controller 2 which controls the robot 1. The robot 1
according to this embodiment is implemented in a multi-
articulated robot including an arm 12 and a plurality of joint
portions 13. The robot system 3 includes a hand 6 serving as
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an end effector attached to the robot 1. The hand 6 has the
function of gripping and releasing the workpiece W. The end
effector is not limited to a hand, and an end effector
appropriate to the working details may be used.

[0029] The robot 1 includes an arm driving device 44
which drives the joint portions 13. The arm driving device
44 includes arm driving motors 14 built into the joint
portions 13. The arm driving motors 14 can drive and bend
the arm 12 at desired angles in the joint portions 13. The
robot 1 in this embodiment is assembled such that the entire
arm 12 can rotate about an axis which extends vertically. The
arm driving motors 14 include motors which rotate the arm
12.

[0030] The robot 1 includes a hand driving device 45
which closes and opens the hand 6. The hand driving device
45 in this embodiment includes a hand driving cylinder 18
which drives the hand 6, and an air pump and a solenoid
valve for supplying compressed air to the hand driving
cylinder 18.

[0031] The robot 1 includes a base portion 11 which
supports the arm 12. The robot 1 in this embodiment
includes a force detector 19 which detects a force acting on
the base portion 11. The force acting on the base portion 11
corresponds to the force acting on the robot 1. The force
detector 19 outputs a signal corresponding to a force applied
by a human. The force detector 19 in this embodiment is
fixed to a floor surface 20.

[0032] The force detector 19 may be any detector capable
of detecting the magnitude and direction of the force acting
on the robot 1. The force detector 19 in this embodiment
includes a metal substrate connected to the base portion 11,
and a strain sensor attached to the substrate surface. The
force detector 19 can calculate a force acting on the robot 1,
based on the amount of deformation detected by the strain
Sensor.

[0033] The robot 1 in this embodiment includes a state
detector which detects the robot position and orientation.
The state detector detects the position of the robot tip point
and the orientation of the robot 1. The state detector in this
embodiment includes a rotation angle detector 15 attached to
each arm driving motor 14. The rotation angle detector 15
detects the angle of rotation at which each arm driving motor
14 is driven. The position, orientation, velocity, and accel-
eration of the robot 1 can be detected based on the angles of
rotation of the arm driving motors 14.

[0034] The state detector may be not only the rotation
angle detector 15 but also, e.g., a camera, a motion sensor,
a pressure sensor, a torque sensor for a motor, and a contact
sensor. In other words, the state variable observed by the
state observation unit 51 may be not only the output of the
rotation angle detector 15 but also data (state quantity)
obtained from, e.g., a camera, a motion sensor, a pressure
sensor, a torque sensor for a motor, and a contact sensor.
These detectors such as a camera, a motion sensor, a
pressure sensor, a torque sensor for a motor, and a contact
sensor may be, for example, directly placed in predeter-
mined portions of the robot 1 (hand 6) or mounted in
appropriate portions around the robot 1, as a matter of
course.

[0035] The robot 1 is driven based on an operation com-
mand for the robot controller 2. The robot controller 2
includes an arithmetic processor including, e.g., a CPU
(Central Processing Unit), a RAM (Random Access
Memory), and a ROM (Read Only Memory) connected to
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each other via buses. The robot controller 2 includes a
storage unit 59 which stores various types of information.
The robot controller 2 includes an action control unit 43
which controls the arm driving device 44 and the hand
driving device 45. The arm driving device 44 and the hand
driving device 45 are driven in accordance with an operation
command from the action control unit 43.

[0036] The robot controller 2 in this embodiment includes
an external force calculation unit 46 which estimates an
external force applied to the robot 1 from the outside of the
robot 1. The force detected by the force detector 19 includes
an internal force generated by the mass of the robot 1 and the
operation of the robot 1, and an external force applied to the
robot 1 from the outside of the robot 1.

[0037] The external force calculation unit 46 calculates an
internal force acting on the robot 1 by the self weight of the
robot 1 as the robot 1 operates while no force is applied from
the outside of the robot 1. An internal force can be calculated
based on the position and orientation of the robot 1 detected
based on the output of the rotation angle detector 15 in
combination of the mass of the robot 1 and other factors. The
mass of the robot 1 and other factors can be stored in the
storage unit 59 in advance. The external force calculation
unit 46 subtracts the internal force from the force detected by
the force detector 19 to calculate an external force. The
external force corresponds to the force applied to a work-
piece by a human 85.

[0038] The robot controller 2 includes an input unit 41 and
a display unit 42. The display unit 42 can display informa-
tion concerning the operation of the robot 1. Examples of the
display unit 42 may include a liquid crystal display. The
input unit 41 allows a human to input a desired command to
the robot controller 2. Examples of the input unit 41 may
include a keyboard.

[0039] FIG. 5 is a schematic view for explaining a path for
transporting a workpiece in the robot system according to
this embodiment. Referring to FIG. 1 and FIG. 5, in this
embodiment, the workpiece W placed on the floor surface 20
is transported onto the upper surface of a worktable 81. The
workpiece W is, for example, a heavy workpiece. It may be
very exhaustive or difficult for the human 85 to transport
such a workpiece. The workpiece W in this embodiment
serves as an automobile tire.

[0040] In transporting the workpiece W, multiple paths for
transporting the workpiece W are available, as indicated by
arrows 91 to 93. The human 85 experiences an interval,
wherein the human may preferably exert a great force or an
interval, and wherein the human may exert only a small
force. Even when the workpiece W is set at the same
position, the robot 1 may have various orientations.

[0041] Referring to FIG. 2, the robot controller 2 in this
embodiment includes a machine learning device 5 which
learns the action pattern of a human and, in turn, learns a
method for controlling a robot to appropriately assist the
human. The machine learning device 5 in this embodiment
selects an action of the robot 1 determined to be optimal at
apredetermined moving point during the period in which the
robot 1 is driven. In other words, the machine learning
device 5 sends a command to drive the robot 1 in a driving
pattern determined to be optimal.

[0042] The machine learning device 5 includes a state
observation unit 51 which obtains a state variable represent-
ing the state of the robot 1 during the period in which the
human 85 and the robot 1 work cooperatively. The state
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variable in this embodiment includes the position, orienta-
tion, velocity, and acceleration of the robot 1. For example,
the position, the velocity, and the acceleration at the robot tip
point may be used as state variables. The position, orienta-
tion, velocity, and acceleration of the robot 1 can be detected
based on the output of the rotation angle detector 15. A
signal output from the rotation angle detector 15 is input to
the state observation unit 51.

[0043] The state variable is not limited to this form but
may be any variables representing the robot state. For
example, the state observation unit 51 may obtain at least
one variable of the position, orientation, velocity, and accel-
eration of the robot 1.

[0044] The machine learning device 5 includes a determi-
nation data obtaining unit 52 which obtains determination
data associated with the burden on the human 85. The
determination data in this embodiment includes the magni-
tude and direction of the force applied by the human 85 to
transport the workpiece W. The determination data in this
embodiment further includes the time taken to move the
workpiece W.

[0045] The determination data obtaining unit 52 in this
embodiment obtains determination data, based on the output
of the force detector 19. The magnitude of the external force
calculated by the external force calculation unit 46 corre-
sponds to the magnitude of the force applied by the human
85. The direction of the external force calculated by the
external force calculation unit 46 corresponds to the direc-
tion of the force applied to the workpiece W by the human
85. The determination data obtaining unit 52 receives the
magnitude and direction of the force applied by the human
85 from the external force calculation unit 46.

[0046] The robot controller 2 includes a movement time
measuring unit 47 which measures the working time. The
movement time measuring unit 47 in this embodiment
calculates the time taken to move between moving points (to
be described later). The movement time measuring unit 47
in this embodiment calculates the movement time, based on
a command from the action control unit 43. The movement
time measured by the movement time measuring unit 47 is
sent to the determination data obtaining unit 52.

[0047] The determination data is not limited to the above-
mentioned form but may be any data associated with at least
one of the level of burden on the human and the working
efficiency. For example, the determination data may be not
only, e.g., the magnitude and direction of a load sensed by
the robot, the magnitudes and directions of loads sensed by
surrounding humans or objects, the levels of burden on the
surrounding humans or objects, and the movement time, but
also pieces of information from, e.g., a camera, a motion
sensor, and a pressure sensor. In this specification, the
human includes not only an operator who actually performs
processing (task) cooperatively with the robot, but also
various humans such as a human who observes the process-
ing around the robot or a human who happens to pass near
the robot, although they do not directly operate the robot.
[0048] The machine learning device 5 in this embodiment
includes a learning unit 54 which learns a training data set
for setting the action of the robot, based on the state variable
and the determination data. The learning unit 54 obtains the
state variable from the state observation unit 51. The learn-
ing unit 54 further obtains the determination data from the
determination data obtaining unit 52. The training data set
means a set of pieces of value information associated with
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actions defined based on the state variable and the determi-
nation data. The machine learning device 5 can set a method
for driving the robot by comparing values associated with
the state and the action in the training data set. This
embodiment is not limited to an industrial robot and is also
applicable to, e.g., a field robot or a service robot, as a matter
of course.

[0049] The machine learning device will be described
hereinafter. The machine learning device has the function of
extracting, e.g., a useful rule, a knowledge representation,
and a determination criterion by analysis from a set of data
input to the device, outputting the determination results, and
learning knowledge (machine learning). A variety of
machine learning techniques are available, which are
roughly classified into, e.g., “supervised learning,” “unsu-
pervised learning,” and “reinforcement learning.” To imple-
ment these techniques, another technique called “deep learn-
ing” in which extraction of feature amounts themselves is
learned is available.

[0050] The machine learning device 5 illustrated as FIG.
2 uses “reinforcement learning,” and a machine learning
device 7 (to be described later with reference to FIG. 9) uses
“supervised learning.” Although these types of machine
learning (machine learning devices 5 and 7) may use a
general-purpose computer or processor, the use of, e.g.,
GPGPU (General-Purpose computing on Graphics Process-
ing Units) or large-scale PC clusters allows higher-speed
processing.

[0051] First, in supervised learning, teacher data, i.e., a
large number of sets of data of certain inputs and results
(labels) are fed into a machine learning device, which learns
features observed in these data sets and inductively acquires
a model (learning model) for estimating the result from the
input, i.e., their relationship. Supervised learning can be
implemented using an algorithm such as a neural network
(to be described later).

[0052] In unsupervised learning, only input data are fed
into a learning device in large amounts, which learns the
distribution of the input data and, in turn, performs learning
with a device which, e.g., compresses, classifies, and shapes
the input data, without corresponding teacher output data
being fed into the learning device. This allows, e.g., clus-
tering of features seen in these data sets into similar features.
The obtained result can be used to define certain criteria and
allocate outputs in an optimizing manner according to the
criteria, thus predicting an output.

[0053] Intermediate problem setting between unsuper-
vised learning and supervised learning, called semi-super-
vised learning, is also available. This applies when, for
example, only some data serve as data sets of inputs and
outputs and the remaining data include only inputs. In this
embodiment, learning can be efficiently performed by apply-
ing data (e.g., image data or simulation data) which can be
obtained even without actual movement of the robot to
unsupervised learning.

[0054] Reinforcement learning will be described below.
Reinforcement learning problem setting will be considered
as follows:

[0055] The robot observes the environmental state to
decide its action;

[0056] The environment may change according to a cer-
tain rule and a human may change the environment by his or
her own action;
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[0057] A reward signal is returned every time action is
taken;

[0058] The sum of (discount) rewards in the future is to be
maximized,;

[0059] Learning starts in a state in which a result to be

brought about by the action is totally unknown or known
only incompletely. In other words, the robot can obtain the
result of an action as data only after it actually takes action.
This means that an optimal action may be preferably
searched for by trial and error; and

[0060] As if imitating human behaviors, learning can be
started from a good starting point by starting from an initial
state in which learning has been performed in advance (a
technique such as the above-mentioned supervised learning
or reverse reinforcement learning).

[0061] In reinforcement learning, in addition to determi-
nation and classification, an action is learned to acquire a
method for learning an appropriate action in consideration of
interactions exerted on the environment by the action, i.e.,
learning to maximize the reward to be obtained in the future.
Although this description will be followed by an example of
Q-learning, the present invention is not limited to this.
[0062] In Q-learning, a value Q(s, a) of selection of an
action a is learned in a particular environmental state s. In
other words, an action a having the highest value Q(s, a) in
the particular state s may be preferably selected as an
optimal action. However, at first, a correct value Q(s, a) is
totally unknown for a pair of a state s and an action a. The
agent (the subject of an action) selects various actions a in
the particular state s and rewards are offered for the actions
a. With this operation, the agent learns to select a better
action, i.e., a correct value Q(s, a).

[0063] To maximize the sum of rewards to be obtained in
the future as a result of the actions, Q(s, a)=E[2(Y") r,] is to
be finally satisfied, where E[] is the expected value, t is time,
y is a parameter called the discount rate (to be described
later), r, is the reward at time t, and 2 is the sum at time t.
The expected value in this expression is taken in response to
a change in state that follows an optimal action and is an
unknown value, which is learned by a search. An update
expression of such a value Q(s, a) is given by, e.g.:

Qlsis @) = Qlsiy @)+ afriy +ymaxQlsis, - Qs a)) D

where s, is the environmental state at time t and a, is the
action at time t. Upon the action a,, the state changes to s, ;.
r,,, is the reward received upon a change the Q-value
multiplied by y when an action a having the highest Q-value
known in the state s,, | is selected. y is a parameter called the
discount rate, satisfying O<y=1. o is a learning factor satis-
fying O<asl.

[0064] Expression (1) represents a method for updating
the evaluation value Q(s,, a,) of the action a, in the state s,,
based on the reward r,,, returned as a result of the trial a,.
More specifically, when the sum of the reward r,,, and the
evaluation value Q(s,,,, max a,, ) of the best action max a
in the state subsequent to the state s upon the action a is
greater than the evaluation value Q(s,, a,) of the action a in
the state s, Q(s, a,) is increased; otherwise, Q(s,, a,) is
reduced. In other words, the value of a particular action in
a particular state is brought close to the reward immediately
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returned as a result, and the value of the best action in the
subsequent state upon the particular action.

[0065] Methods for representing Q (s, a) on the computer
include a method for holding the numerical values of all
state-action pairs (s, a) in the form of a table and a method
for providing a function that approximates Q(s, a). With the
latter method, above-mentioned expression (1) can be
implemented by adjusting the parameter of an approxima-
tion function using a technique such as the stochastic
gradient descent method. A neural network (to be described
later) can be used as the approximation function.

[0066] Neural networks can also be used as learning
models for supervised learning and unsupervised learning or
approximation algorithms for value functions in reinforce-
ment learning. FIG. 3 is a diagram schematically represent-
ing a model for a neuron, and FIG. 4 is a diagram sche-
matically representing a three-layer neural network formed
by combining neurons as illustrated as FIG. 3 together. More
specifically, the neural network is implemented by, e.g., an
arithmetic device and a memory imitating a model for a
neuron as illustrated as, e.g., FIG. 3.

[0067] As illustrated as FIG. 3, the neurons serve to output
an output (result) y for a plurality of inputs x (FIG. 3
illustrates inputs x1 to x3 as an example). Each input x (x1,
x2, x3) is multiplied by a weight w (w1, w2, w3) corre-
sponding to the input x. With this operation, the neurons
output results y given by:

Y %W 6) ()]

where 0 is the bias and {, is the activation function. Note that
all of the input x, the result y, and the weight w are vectors.
[0068] A three-layer neural network formed by combining
neurons as illustrated as FIG. 3 together will be described
below with reference to FIG. 4. A plurality of inputs x
(inputs x1 to x3 are taken as an example herein) are input
from the left of the neural network and results y (results y1
to y3 are taken as an example herein) are output from the
right of this network, as illustrated as FIG. 4. More specifi-
cally, the inputs x1, x2, and x3 are multiplied by a weight
corresponding to each of three neurons N11 to N13 and then
are input to the neurons. The weights used to multiply these
inputs are collectively referred to as W1 herein.

[0069] The neurons N11 to N13 output z11 to z13, respec-
tively. Referring to FIGS. 4, z11 to 713 are collectively
referred to as feature vectors Z1 and may be regarded as
vectors obtained by extracting the feature amounts of input
vectors. The feature vectors Z1 are defined between the
weights W1 and W2. Z11 to 713 are multiplied by a weight
corresponding to each of two neurons N21 and N22 and are
then input to the neurons. The weights used to multiply these
feature vectors are collectively referred to as W2 herein.
[0070] The neurons N21 and N22 output z21 and 722,
respectively. Referring to FIGS. 4, 721 and 722 are collec-
tively referred to as feature vectors Z2. The feature vectors
72 are defined between the weights W2 and W3. z21 and
722 are multiplied by a weight corresponding to each of
three neurons N31 to N33 and input. The weights used to
multiply these feature vectors are collectively referred to as
W3 herein.

[0071] Lastly, the neurons N31 to N33 output results y1 to
y3, respectively. The operation of the neural network
includes a learning mode and a value prediction mode. For
example, the weight W is learned using a learning data set
in the learning mode, and a robot action is determined in the
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prediction mode using the parameter. Although “prediction”
has been referred to above for the sake of convenience, a
variety of tasks such as detection, classification, and infer-
ence are possible, as a matter of course.

[0072] Data obtained by actually operating the robot in the
prediction mode can be immediately learned and reflected
on the subsequent action (online learning), or a group of data
collected in advance can be used to perform collective
learning and to subsequently execute the detection mode
using the same parameters (batch learning). As another,
intermediate approach, the learning mode can be interposed
every time a certain amount of data is accumulated.
[0073] The weights W1 to W3 can be learned by the error
backpropagation method. The information of errors enters
from the right and flows to the left. The error backpropa-
gation method is used to adjust (learn) each weight to reduce
the difference between the true output y (teacher) and the
output y when the input x is input.

[0074] Such a neural network can have more than three
layers (called deep learning). It is possible to automatically
acquire from only teacher data an arithmetic device which
extracts features of the input stepwise and returns a result.
The machine learning device 5 according to an embodiment
includes, e.g., a state observation unit 51, a learning unit 54,
and a decision unit 58, as illustrated as FI1G. 2, to execute the
above-described Q-learning. However, the machine learning
method applied to the present invention is not limited to
Q-learning, as mentioned earlier. In other words, various
techniques such as “supervised learning,” “unsupervised
learning,” “semi-supervised learning,” and “reinforcement
learning (reinforcement learning other than Q-learning)”
that can be used by the machine learning device are appli-
cable.

[0075] FIG. 6 depicts a schematic view for explaining
moving points in this embodiment. FIG. 6 illustrates an
example in which the robot tip point moves on a two-
dimensional plane for the sake of descriptive simplicity. The
workpiece W is transported from an initial position 88 to a
target position 89. Moving points P are set in a checkerboard
pattern in a region to which the robot tip point is likely to
move. The moving point P is defined as a point passed by the
robot tip point. The robot tip point moves from a moving
point P, corresponding to the initial position 88 to a moving
point P, corresponding to the target position 89.

[0076] FIG. 7 depicts a schematic view for explaining how
the robot tip point moves. In this embodiment, the moving
direction of the robot tip point is preset for each moving
point P. The robot tip point moves in directions indicated by
arrows 94 to 97. When the robot tip point is located at one
moving point P, it moves to another adjacent moving point
P upon the subsequent action. In the example illustrated as
FIG. 7, when the robot tip point is located at the moving
point P, ,, it moves to the moving point P, P,,, P,,, or P,.
[0077] In this embodiment, reinforcement learning which
uses the above-mentioned Q-learning is performed among a
variety of machine learning methods. The training data set in
this embodiment includes a plurality of action value vari-
ables Q. In this embodiment, various techniques such as
“supervised learning,” “unsupervised learning,” “semi-su-
pervised learning,” and “reinforcement learning (including
Q-learning)” are applicable, as mentioned earlier.

[0078] In this embodiment, the state s, corresponds to the
state variable of the robot 1. In other words, the state s,
includes, e.g., the position, orientation, velocity, and accel-
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eration of the robot 1. The action a, corresponds to, e.g.,
movement of the robot tip point in the directions indicated
by the arrows 94 to 97. The action a, includes, e.g., the
position, orientation, velocity, and acceleration of the robot
1 for movement in the directions indicated by the arrows 94
to 97.

[0079] The learning unit 54 in this embodiment updates
the action value variables Q every time a workpiece W is
transported. The learning unit 54 includes a reward compu-
tation unit 55 which sets a reward, and a function update unit
56 which updates the action value variables Q. The reward
computation unit 55 sets the reward r,, based on the deter-
mination data obtained by the determination data obtaining
unit 52. The reward computation unit 55 may set the reward
r,, based on the state variable obtained by the state obser-
vation unit 51.

[0080] The reward computation unit 55 can set a greater
reward r, for a lower burden (level of burden) on the human
and a higher working efficiency. When, for example, the
workpiece W considerably decelerates or accelerates, the
burden on the human increases, thus degrading the working
efficiency. More specifically, the smaller the absolute value
of the acceleration (acceleration magnitude) of the robot 1,
the lower the burden on the human, and the higher the
working efficiency. Alternatively, when the absolute value of
the acceleration is large, it can be determined that the robot
1 is in an undesirable state because of the rapid operation of
the robot 1. Thus, the reward computation unit 55 can set a
greater reward for a smaller absolute value of the accelera-
tion of the robot 1. The force applied by the human is
preferably as small as possible. The reward computation unit
55 may set a greater reward for a smaller force applied by
the human (external force applied to the robot).

[0081] The shorter the working time to transport the
workpiece W from the initial position 88 to the target
position 89, the lower the burden on the human, and the
higher the working efficiency. Therefore, the reward com-
putation unit 55 sets a greater reward for a shorter time taken
to move between moving points P. In the form illustrated as
FIG. 5, the transport path gets longer when the workpiece W
is moved downward. Thus, the reward computation unit 55
sets a poor reward when the robot tip point moves downward
or the human applies a force downwards. The level of
burden on the human not only means the burden on the
human itself but also includes loads based on various
factors, such as unexpected contact and pressing of the
human, and may even include the level of burden placed not
only on the human but also, e.g., surrounding objects.
[0082] In addition, the reward computation unit 55 can set
a reward, based on any action of the human. When, for
example, the workpiece W collides against the worktable 81,
the reward computation unit 55 can set a poor positive
reward or a negative reward.

[0083] In reward setting, for example, the human can
preset the value of a reward for a variable such as the
magnitude of the force and store it in a storage unit 59. The
reward computation unit 55 can read and set the reward
stored in the storage unit 59. Alternatively, the human may
store an arithmetic expression for calculating a reward in the
storage unit 59 in advance, and the reward computation unit
55 may calculate a reward, based on the arithmetic expres-
sion.

[0084] The function update unit 56 updates the action
value variables Q using above-mentioned expression (1) or

Feb. 2, 2017

(2). In other words, the value of the action of the robot at a
predetermined moving point is updated based on the actual
action of the robot and the force applied by the human.
[0085] The human can preset the initial values of the
action value variables Q at each moving point P. Alterna-
tively, the human may preset random initial values.

[0086] The machine learning device 5 includes a decision
unit 58 which sets an action of the robot 1, based on a
training data set. The decision unit 58 in this embodiment
sets an action of the robot 1, based on the action value
variables Q updated by the learning unit 54. For example,
the decision unit 58 can select an action having the largest
action value variables Q. Reinforcement learning in this
embodiment uses the e-greedy method. In the e-greedy
method, the decision unit 58 sets a random action at a
predetermined probability €. The decision unit 58 further
sets an action having the maximum action value variables Q
at a probability (1-€). In other words, the decision unit 58
selects an action different from that considered to be optimal
at the probability €. This method may allow discovery of a
robot action more excellent than that determined to be
optimal.

[0087] A command for the action of the robot 1 set by the
decision unit 58 is sent to the action control unit 43. The
action control unit 43 controls the robot 1 and the hand 6,
based on the command from the decision unit 58.

[0088] In this manner, a machine learning method accord-
ing to this embodiment includes the steps of obtaining a state
variable representing the state of a robot during the period in
which a human and the robot work cooperatively, and
obtaining determination data for at least one of the level of
burden on the human and the working efficiency. The
machine learning method further includes the step of learn-
ing a training data set for determining an action of the robot,
based on the state variable and the determination data.
[0089] The machine learning device and the machine
learning method according to this embodiment allow learn-
ing of a method for controlling a robot, based on the action
pattern of a human, by repeated transportation of the work-
piece W. This makes it possible to set an optimal method for
controlling a robot, which involves less burden on a human,
high working efficiency, and a short working time.

[0090] Machine learning by the machine learning device
and the machine learning method is not limited to the
above-mentioned form but may be any form of machine
learning. For example, the machine learning device may set
an optimal action using a multi-layer neural network formed
by deep learning. Instead of using a table representing action
value variables as functions of a plurality of actions and a
plurality of states, a neural network can be used which
outputs action value variables for each action taken when a
predetermined state is given.

[0091] In the above-mentioned embodiment, moving
points are arranged in a checkerboard pattern. However,
moving points are not limited to this form and may be set in
any form. Further, reducing the interval between moving
points allows a smooth robot operation. In the above-
mentioned embodiment, the robot moves two-dimensionally
because moving points are set on a plane. However, arrang-
ing moving points in a three-dimensional space allows the
robot to move three-dimensionally.

[0092] Referring to FIG. 5, the machine learning device 5
in this embodiment includes a human identification unit 57
which identifies a human. A human-specific training data set
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is created in advance. The storage unit 59 stores the human-
specific training data set. In this embodiment, the human 85
inputs a human-specific number to the input unit 41. The
human identification unit 57 reads a training data set corre-
sponding to the human from the storage unit 59, based on the
input number. The learning unit 54 learns the training data
set corresponding to the human. This control allows human-
specific setting of a method for controlling a robot based on
the action pattern of a human. In other words, optimal robot
control can be performed for each human. Various people
exist such as tall humans, short humans, humans having
strong lower-body muscles, and humans having strong arm
muscles. Optimal robot control can be achieved in accor-
dance with each such human.

[0093] Control for identifying a human is not limited to
the above-mentioned form but may use any method. For
example, the machine learning device may be equipped with
a number reader. The human takes a card inscribed with an
individual number. The number reader reads the number and
sends a result to the human identification unit. The human
identification unit can identify the human, based on the read
number.

[0094] FIG. 8 is a block diagram illustrating another robot
system in this embodiment. In another robot system (manu-
facturing system) 4, distributed learning is performed. The
other robot system 4 includes a plurality of robots and a
plurality of robot controllers, as illustrated as FIG. 8. The
robot system 4 includes a first robot 1a and a second robot
15. The robot system 4 includes a first hand 6a attached to
the first robot 1a, and a second hand 64 attached to the
second robot 15. In this manner, the other robot system 4
includes two robots 1a and 15 and two hands 6a and 6.

[0095] The robot system 4 includes a first robot controller
2a which controls the first robot 1a, and a second robot
controller 25 which controls the second robot 15. The first
robot controller 2a and the second robot controller 25 have
the same configuration as the above-mentioned robot con-
troller 2. The plurality of robot controllers 2a and 24 are
connected to each other via a communication device includ-
ing a communication line 21. The communication device
can perform communication via, e.g., Ethernet®. The robot
controllers 2a and 26 are capable of mutual information
exchange through communication.

[0096] In the robot system 4, the plurality of robots 1a and
15 and the human work cooperatively. In the example
illustrated as FIG. 8, two robots assist the human in work.
The first robot controller 2a independently learns to control
the first robot 1a. The second robot controller 24 indepen-
dently learns to control the second robot 1b. Pieces of
information learned by the respective robot controllers are
transmitted to each other via the communication line 21.

[0097] Inthis manner, pieces of information learned by the
respective robot controllers 2a and 25 can be shared by the
first robot controller 2a and the second robot controller 24.
This control allows sharing of, e.g., action patterns for
learning to increase the number of learning operations. This
can improve the learning accuracy.

[0098] The above-described embodiment illustrates a
cooperative task for transporting the workpiece W. How-
ever, the cooperative task is not limited to this form but may
be any cooperative task. Examples may include a task for
assembling one part into a predetermined device by coop-
eration between a robot and a human.
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[0099] FIG. 9 is a block diagram illustrating a modifica-
tion of the robot system illustrated as FIG. 2 and depicts a
robot system 3' which exploits supervised learning. The
robot system 3' includes, e.g., arobot 1, ahand 6, and a robot
controller 2', as illustrated as FIG. 9. The robot controller 2'
includes a machine learning device 7, an input unit 41, a
display unit 42, an action control unit 43, an external force
calculation unit 46, and a movement time measuring unit 47.
The machine learning device 7 includes a state observation
unit 71, a determination data obtaining unit 72, a learning
unit 74, a human identification unit 77, a decision unit 78,
and a storage unit 79. The learning unit 74 includes a reward
computation unit 55 and a function update unit 56.

[0100] More specifically, as is obvious from a comparison
of FIG. 9 with FIG. 2 mentioned earlier, in the learning unit
74 of the robot system 3' in the modification illustrated as
FIG. 9, the reward computation unit 55 and the function
update unit 56 in the learning unit 54 illustrated as FIG. 2 are
replaced with an error computation unit 75 and a learning
model update unit 76. Other configurations are substantially
the same as the machine learning device 5 illustrated as FI1G.
2, and a description thereof will not be given. The error
computation unit 75 receives teacher data from the outside
and, for example, performs computation to reduce the error
with respect to the data obtained by past learning, and the
learning model update unit 76 updates the learning model
(error model). In other words, the error computation unit 75
receives the output of the state observation unit 71, teacher
data, and the like and computes, for example, the error
between the result (label)-bearing data and the output of the
learning model mounted in the learning unit 74. When, for
example, the program input to the robot controller 2' (the
operation processed by the robot system 3') is the same,
result (label)-bearing data obtained until the day before a
predetermined day on which the robot system 3' performs
processing can be held and provided to the error computa-
tion unit 75 as teacher data on the predetermined day.
[0101] Alternatively, data obtained through, e.g., simula-
tion performed outside the robot system 3' or result (label)-
bearing data obtained by another robot system may be
provided to the error computation unit 75 of the robot system
3' as teacher data via a memory card or a communication
line. The result (label)-bearing data may also be held in a
non-volatile memory such as a flash memory built into the
learning unit 74 and directly used in the learning unit 74.
[0102] In the foregoing description, assuming a manufac-
turing system (manufacturing facility) including a plurality
of robot systems 3' (3), for example, a machine learning
device 7 (5) may be provided for each robot system 3' (3),
and the plurality of machine learning devices 7 (5) located
in the plurality of robot systems 3' (3) may share or exchange
data with each other via a communication medium. A
machine learning device 7 (5) may also be located on, e.g.,
a cloud server.

[0103] The present invention can provide a machine learn-
ing device, a robot controller, a robot system, and a machine
learning method which may learn the action pattern of a
human and set a method for controlling a robot which
appropriately assists the human.

[0104] All examples and conditional language provided
herein are intended for the pedagogical purposes of aiding
the reader in understanding the invention and the concepts
contributed by the inventor to further the art, and are not to
be construed as limitations to such specifically recited
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examples and conditions, nor does the organization of such
examples in the specification relate to a showing of the
superiority and inferiority of the invention. Although one or
more embodiments of the present invention have been
described in detail, it should be understood that various
changes, substitutions, and alterations could be made hereto
without departing from the spirit and scope of the invention.

What is claimed is:

1. A machine learning device for a robot that allows a
human and the robot to work cooperatively, the machine
learning device comprising:

a state observation unit that observes a state variable
representing a state of the robot when the human and
the robot work cooperatively;

a determination data obtaining unit that obtains determi-
nation data for at least one of a level of burden on the
human and a working efficiency; and

a learning unit that learns a training data set for setting an
action of the robot, based on the state variable and the
determination data.

2. The machine learning device according to claim 1,
wherein the state variable comprises at least one of a
position, an orientation, a velocity, and an acceleration of the
robot.

3. The machine learning device according to claim 1,
wherein the determination data comprises at least one of a
magnitude and a direction of a load sensed by the robot, a
magnitude and a direction of a load sensed by an environ-
ment surrounding the robot, a level of burden on the
environment surrounding the robot, and a time taken to
move the robot.

4. The machine learning device according to claim 1,
wherein

the training data set comprises an action value variable
representing a value of an action of the robot set for
each state of the robot and each action of the robot, and

the learning unit comprises:

a reward computation unit that sets a reward, based on the
determination data and the state variable; and

a function update unit that updates the action value
variable, based on the reward and the state variable.

5. The machine learning device according to claim 4,
wherein the reward computation unit sets a greater reward
for a smaller absolute value of an acceleration of the robot,
and a greater reward for a shorter time taken to move the
robot.

6. The machine learning device according to claim 1,
wherein

the training data set comprises a learning model for the
robot set for each state of the robot and each action of
the robot, and

the learning unit comprises:

an error computation unit that computes an error of the
learning model, based on the determination data, the
state variable, and input teacher data; and

a learning model update unit that updates the learning
model, based on the error and the state variable.

7. The machine learning device according to claim 1,

further comprising:

a human identification unit that identifies a human who
works cooperatively with the robot,
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wherein the training data set is created for each human,

and

the learning unit learns the training data set for the

identified human.

8. The machine learning device according to claim 1,
wherein the machine learning device comprises a neural
network.

9. The machine learning device according to claim 1,
wherein the robot comprises one of an industrial robot, a
field robot, and a service robot.

10. A robot controller comprising:

the machine learning device according to claim 1; and

an action control unit that controls an action of the robot,

the machine learning device comprising a decision unit
that sets an action of the robot, based on the training
data set,

wherein the action control unit controls the action of the

robot, based on a command from the decision unit.

11. A robot system comprising:

the robot controller according to claim 10;

a robot that assists a human in work; and

an end effector attached to the robot.

12. The robot system according to claim 11, wherein the
robot comprises:

a force detector that outputs a signal corresponding to a

force from the human; and

a state detector that detects a position and an orientation

of the robot,

the determination data obtaining unit obtains the deter-

mination data, based on output of the force detector,
and

the state observation unit obtains the state variable, based

on output of the state detector.

13. The robot system according to claim 12, wherein the
state detector comprises at least one of a motion sensor, a
pressure sensor, a torque sensor for a motor, and a contact
Sensor.

14. The robot system according to claim 12, further
comprising:

a plurality of robots;

a plurality of robot controllers; and

a communication line that connects the plurality of robot

controllers to each other,

wherein each of the plurality of robot controllers inde-

pendently learns the training data set for a robot con-
trolled by the robot controller and sends and shares
learned information via the communication line.

15. A machine learning method for a robot that allows a
human and the robot to work cooperatively, the machine
learning method comprising the steps of:

observing a state variable representing a state of the robot

during a period in that the human and the robot work
cooperatively;
obtaining determination data for at least one of a level of
burden on the human and a working efficiency; and

learning a training data set for setting an action of the
robot, based on the state variable and the determination
data.



