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Efficient multitask learning with an embodied 
predictive model for door opening and entry 
with whole-body control
Hiroshi Ito1,2*, Kenjiro Yamamoto1, Hiroki Mori2, Tetsuya Ogata2*

Robots need robust models to effectively perform tasks that humans do on a daily basis. These models often 
require substantial developmental costs to maintain because they need to be adjusted and adapted over time. 
Deep reinforcement learning is a powerful approach for acquiring complex real-world models because there is no 
need for a human to design the model manually. Furthermore, a robot can establish new motions and optimal 
trajectories that may not have been considered by a human. However, the cost of learning is an issue because it 
requires a huge amount of trial and error in the real world. Here, we report a method for realizing complicated 
tasks in the real world with low design and teaching costs based on the principle of prediction error minimization. 
We devised a module integration method by introducing a mechanism that switches modules based on the pre-
diction error of multiple modules. The robot generates appropriate motions according to the door’s position, 
color, and pattern with a low teaching cost. We also show that by calculating the prediction error of each module 
in real time, it is possible to execute a sequence of tasks (opening door outward and passing through) by linking 
multiple modules and responding to sudden changes in the situation and operating procedures. The experimen-
tal results show that the method is effective at enabling a robot to operate autonomously in the real world in re-
sponse to changes in the environment.

INTRODUCTION
The activities of robots are extending from conventional well-
defined environments, such as factories and warehouses, to society. 
In particular, it is expected that production efficiency will improve 
and that human work will be supported or replaced in various in-
dustries beyond manufacturing. Robots working in such fields are 
required to have the ability to work in various environments rather 
than the conventional ability to repeat simple tasks with high speed 
and high accuracy. However, there are several difficult issues to deal 
with when considering such applications.

The first is the cost of manually designing the models. In a limited 
environment such as a factory, it is possible to prepare the envi-
ronment for a robot. However, because cities and homes are more 
complicated than a well-defined factory, a robot must work auton-
omously in response to changes in the environment. In general, it is 
necessary to give the robot an environment, a target object, and a 
physical model of itself. The functions of “perception” (1), which 
accurately recognizes the situation, and “motion planning and control” 
(2, 3), which generates a trajectory, require these models. In recent 
years, with the advent of deep learning, each of these capabilities has 
been greatly improved. For example, perception has made it possi-
ble to recognize complex objects such as a wide variety of products, 
indefinite postures, and mixed products (4, 5). In addition, for motion 
planning and control, methods have also been proposed for learning 
complicated assembly tasks and precision tasks (6, 7). However, the 
design of an environmental model itself is indispensable, and this 
requires a high degree of expertise and substantial costs.

Learning-based approaches are expected to reduce the design costs 
of the model. By learning the relationship between a robot’s sensor 

information and motion, recognition and motion generation models 
can be acquired simultaneously without precisely constructing an 
environment model. However, this approach also has the essential 
problem of a “learning data collection cost.” For example, “deep re-
inforcement learning” can generate robust motions by learning to 
predict an appropriate joint angle from a visual image when the robot 
is conducting trial and error (8–10). In addition, because trial and er-
ror is conducted to maximize the expected reward, the emergence of 
new motions and optimal trajectories that humans have not thought 
of may be sought. However, collecting learning data involves a lot 
of trial and error in the real world; for example, one study reported 
2 months of grasping an object a total of 800,000 times by using 14 
robots (11). Unlike image recognition and natural language process-
ing, robots perform tasks that involve physical contact, so collisions, 
wear, and tear are inevitable. In the end, human intervention is re-
quired while the robot is learning, and the teaching cost is greater 
than the conventional method. To reduce the trial-and-error pro-
cess in the real world, research on “simulation-to-real transfer,” which 
transfers learning results in a simulation environment, is conducted 
(12–14). However, it is difficult to reproduce nonlinear physical 
phenomena such as tactile sensation, deformation, and friction, so 
the robot cannot fill the gap with the real world. In recent years, to 
reduce the cost of collecting learning data, methods using imitation 
learning (15, 16) or inverse reinforcement learning (17) have been 
proposed. A person demonstrates a model behavior, and the robot 
learns from it. By observing and learning a person’s model behavior, 
it is possible to acquire a motion even when the arrangement of objects 
and the background are different. However, humans and robots have 
essentially different body structures, so there is a limit to mapping 
their motions. As described previously, the learning-based approach 
is powerful and important for acquiring complex real-world models. 
However, many methods aim to acquire the “optimal model” and 
require substantial learning costs. It is also necessary to design 
(assume) a reward for guaranteeing the optimality of the model.
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Here, instead of having a perfect behavioral model that can be 
adapted to all situations in advance through learning, an approach 
that adapts a model’s state and behavior in real time while acknowl-
edging the model’s imperfections can be considered. For example, 
Friston et al. (18) proposed a free energy principle that unifies the 
various functions of the brain. According to this principle, the brain 
always predicts the next state of sensation and movement. It be-
haves to minimize the error (prediction error ≃ uncertainty) be-
tween the prediction and reality. The essence of this is described as 
adjusting cognitive models (perceptual inference) and behavior to 
the outside world (active inference) in a short term or in real time 
rather than long-term model learning (19). In a related manner, 
Ahmadi and Tani (20) have been researching intelligent systems driven 
by the prediction error minimization principle through a series of 
robotics research using recurrent neural network (RNN) models.

Influenced by this philosophy, we previously proposed deep pre-
dictive learning (DPL) that performs real-time prediction and mo-
tion generation (21–23). In this approach, the robot learns a time series 
of sensory and motor information experienced in the real world. 
Specifically, an RNN model is trained to minimize the prediction 
error of sensory-motor information between the current time and 
the next time by using the sensor information of the robot when a 
person teleoperates the robot multiple times as training data. As a 
result, the learning behavior is represented as an attractor in this 
RNN. At runtime, the robot predicts near-future sensory and motor 
information in real time on the basis of visual and behavioral time 
series information. The retractor function of the trained RNN model 
performs perceptual inference (the fusion of the predicted sensory 
and current sensory inputs) and active inference (behavioral adjust-
ment), resulting in an attractor transition that reduces its prediction 
error. As a result, multiple tasks—such as handling flexible objects 
(24, 25), liquids, and powder—are realized in the real world with a 
multi–degree-of-freedom robot. We also realized flexible contact- 
based object manipulation that was difficult to control with vision 
alone (26). Movie S1 shows the robot application of DPL, which was 
demonstrated at an exhibition. The former is a task to weigh a liquid 
of an arbitrary target value. The robot weighed 174.47 g of liquid 
against the target value of 175. If a human beginner were to perform 
this task, the discrepancy would be much more drastic. By learning 
to weigh liquids with multiple viscosities, it is possible to handle unfa-
miliar liquids and quantities. The latter is a task to weigh a powder, 
and salt was used as an example. The robot can adapt to powder 
position and shape changes. If there is too much powder, the robot 
performs the recovery operation. All robots have different degrees 
of freedom and mechanisms but are able to acquire the desired mo-
tion by DPL.

However, even in this DPL, if there is a large prediction error 
that the robot cannot handle in real time, the state transition using 
RNN retraction alone cannot handle it. Here, we have developed a 
method to execute appropriate actions in more complex tasks by 
introducing multiple DPL modules and a mechanism for switching 
between them by the prediction error. The complex task here is not 
a single manipulation with a high degree of difficulty, such as a mul-
tiproduct/indefinite posture, but for a robot to perform a whole-body 
movement in which the upper limbs (manipulation) and lower limbs 
(movement) work together or to perform tasks that require com-
plex operating procedures.

A similar approach is the hierarchical module mechanism (27). 
In this method, behavioral modules that directly link “perception 

and action” are individually designed, and the modules are selected 
in accordance with dynamic changes in the environment. Mixture 
of experts is a method that adds a learning mechanism to the hier-
archical module mechanism (28, 29). In addition, modular selection 
and identification for control (30) is a method in which multiple 
modules with predictors and controllers as units exist in parallel, 
and the output is switched in accordance with the prediction error 
of each module. However, only low-dimensional sensorimotor data 
are handled, and there are very few application examples using multi– 
degree-of-freedom robots. Furthermore, low-dimensional signals 
make it difficult to process predictions, which makes it difficult to 
design module switching. Many engineering approaches have been 
proposed, but module switching, scalability, and retraining are is-
sues. The planning system (31–33) generates complex robot behav-
iors by selecting the appropriate actions to achieve the goal. Because 
humans can design robot action choices, it is possible to understand 
the system’s behavior. However, the system becomes more complex 
as a result because it requires a variety of behaviors, including 
recovery, to respond robustly to environmental changes (34). One 
method for integrating multiple combinations of motor primitives 
using a recurrent graph neural network has been proposed to solve 
this problem (35). However, the scalability of the primitives is an 
issue because the recurrent graph network needs to be retrained ev-
ery time a primitive is added. The symbolic planners’ methods solve 
complex planning problems by planning, reusing, and connecting 
multiple modules (36–38). Because these methods focus on plan-
ning, robots need to be operated in a completely known environ-
ment, and robustness to environmental changes and disturbances 
has not been deeply discussed. In addition, many state-of-the-art 
methods are performed in a simulator, and robustness and distur-
bance in a real environment are issues.

Here, we propose a method for realizing complex and varied 
motions with a real robot that is easily scalable and that can com-
bine multiple modules appropriately depending on the situation. In 
the proposed method, multiple DPL models (hereafter, “modules”) 
compete and solve the problem autonomously and in a decentral-
ized way. Each module calculates the prediction error (certainty) of 
high-dimensional data for the current situation in real time, and the 
module with the lowest error is automatically executed. Specifically, 
the prediction error (confidence level) between the predictions of 
each module and the robot’s visual image is calculated, and the 
module with the minimum error is selected. Because the robot 
always executes the motion with the minimum prediction error, it 
is possible to execute behavior adaptively. Because the designer has 
to design only the competing part of each module, it is easy to delete 
or add a function (modules). In addition, there is no need to define 
the order in which actions are executed.

Figure 1 shows a schematic diagram of the modular motion 
generation model proposed here. Figure 1A shows a system ar-
chitecture, which consists of multiple modules and one operation 
selector. Figure 1B shows an overview of a module. This module 
predicts near-future situations, i.e., predicted images and motion 
commands, from the robot’s sensory and motor information. The 
operation selector calculates the image prediction error (certainty) 
on the basis of the predicted image of each module and actual cam-
era images and selects the module with the highest certainty as the 
robot’s motion command.

For demonstrating the effectiveness of the proposed method, 
we developed an actual robot to perform a door-opening and 
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passing-through motion, which is a 
daily task for people. There are a lot of 
motion patterns in the door-opening 
and passing-through task that depend 
on complex factors such as door type 
(inward, outward, and sliding), door 
construction (open right or left), and 
door handle type/position. Therefore, 
door opening is a difficult task that re-
quires the extraction and program-
ming of all possible situations and their 
behavioral patterns for a particular situa-
tion (39–43). In an experiment, we train 
three motions using DPL for outward-
opening doors (approaching, opening, 
and passing through a door) and con-
firm whether a sequence of motions 
(opening outward door and passing 
through) can be generated on the basis 
of the certainty of each module. The 
contributions of this article are as 
follows.

By teaching a motion 108 times us-
ing teleoperation and learning modules, 
the following three conclusions are 
drawn: First, by interpolating, the robot 
can open doors in unfamiliar positions 
with an average success rate of 96.8%. 
Second, the results of an internal state 
analysis of the module using principal 
components analysis (PCA) show that 
motion was structured according to the 
position of the door handle. Third, the 
result of visualizing the basis of the 
module’s motion decisions using the 
gradient method shows that the robot 
generated motion by focusing only on 
the door handle.

By automatically switching between 
multiple modules on the basis of cer-
tainty, the following three conclusions 
are drawn: First, we confirmed that the 
robot could generate a series of motions 
by sequentially calculating the certainty 
of each module and switching the mo-
tions. Second, in a general robot system, 
it is necessary to preprogram exception 
handling depending on the situation. 
In comparison, the proposed method 
can adaptively select modules depending 
on the situation. Even if a disturbance 
occurs during the motion generation, 
the robot can immediately switch the 
module to a more appropriate one. Last, 
by adding a new inward-door-opening 
module and a pivot turn, a robot per-
formed door-opening and passing-
through motion for an inward/outward 
door for about 30 min (15 round trips).
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Fig. 1. System overview of modular motion generation model. Each module predicts predicted images and mo-
tion commands from the robot’s sensory and motor information. The operation selector calculates the image predic-
tion error of each module and actual camera images and selects the module with the highest certainty as the robot’s 
motion command.

Movie 1. Summary of study. By calculating the prediction error of each module in real time, it is possible to execute 
a sequence of tasks (opening door outward and passing through) by linking multiple modules and responding to 
sudden changes in the situation and operating procedures.
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RESULTS
Movie 1 and movie S2 summarize the results and methods of this 
research. The following subsections give details.

Positional generalization of module
Figure 2A shows a top-down view of the door-opening motion for 
the experiment. The closed circles in the figure are the positions 
where the robot was taught to open the door, and the open circles 
are the positions where it was not taught to do so. Figure 2B shows 
the success rate of the door-opening motion at the taught and un-
taught positions when the robot was shifted back and forth, left and 
right, at 2.5-cm intervals. The bold numbers in the success rate table 
indicate the positions where the robot was taught the motion, and 
the fine numbers indicate the positions where it was not taught the 
motion. The position of each cell corresponds to the positions in 
Fig.  2A. We tried the door-opening motion 10 times at each 
position, a total of 250 times, and it was confirmed that the 
motion was generated with a success rate of 80% or higher (aver-
age 96.8%) at all positions. “Success” in this test was defined as the 
robot grasping the door handle and pushing the door open.

To investigate why the robot could generate the door-opening 
motion with a high success rate, we performed an internal state 
analysis of the module. An MTRNN in Fig.  1B consists of two 
context layers with different time constants. The layer with the 
faster time constant (fast context) learns motor primitives, and the 
layer with the slower time constant (Cs: slow context) learns combi-
nations (sequences) of motion primitives (44). This article describes 
the relationship between the positional generalization performance 
of motions and PC of the Cs layer. The method for analyzing RNN by 

using PCA (45) and the details of the MTRNN are shown in the Sup-
plementary Materials.

Figure 2C shows the PCA result for when the robot was moved 
to five places in the horizontal direction (x-axis direction) against 
the door. The values of the Cs layer when the robot generated the 
door-opening motion were stored as time series data and com-
pressed into three-dimensional data by using PCA for visualization. 
The contribution rates of the first three PCs were 47.5, 23.3, and 
9.9%, respectively, which comprised 80.7% of the original data, so it 
is possible to get a rough trend of the internal state from this figure. 
The × mark in the figure is the operation start point, and each color 
curve is called an attractor. The color of an attractor corresponds to 
the color of the position in Fig. 2A. The operation start points were 
integrated into one point because the initial value of the Cs layer 
was set to zero. However, the attractors diverged immediately after 
the start of operation because the robot reached toward the door in 
different ways depending on the position. Comparing the color of 
the attractors with the positions in Fig. 2A, it can be seen that they 
are arranged in the same order. The light blue attractor is plotted be-
tween the two attractors (red and orange) at which the door-opening 
motion was taught. The yellow attractor is similarly plotted between 
purple and orange.

Figure S3 is the result for the door-approach module, and fig. 
S5 is that for the door-passage module. From fig. S3C, the door- 
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approach module, which taught the motion of approaching the door 
from multiple start positions, also showed a trend for the attractors 
to diverge depending on the start position. However, the once sep-
arated attractors finally converged to one point because the states at 
the end of the task (stop in front of the door) were similar. Figure 
S5B shows that, for the door-passing module, which taught the ro-
bot to move in a straight line, the attractors converged to one point 
from start to end. It is thought that the reason is that there was little 
change in the visual image of the robot and the speed/steering angle 
during task execution. The details of these experimental results are 
shown in the Supplementary Materials.

From the above, we have shown that by using DPL to learn mo-
tions, attractors can self-organize (diverge or converge) on the basis 
of sensory-motor information, especially the position of the door 

and the amount of movement of chassis and arms. Furthermore, we 
suppose that it is possible to manipulate an object at an untaught 
position by interpolating multiple attractors acquired by learning.

Module robustness to environmental changes
To evaluate the robustness of the door-opening module to environ-
mental changes, experiments were conducted using the door panels 
and door handles shown in Fig. 3. The results for the door-approach 
and door-passage modules are shown in the Supplementary Materials.

Success cases of door-opening motion
As a result of the robustness evaluation, the task was completed with a 
high success rate, although the door handle had the same shape as 
and similar color to that during training, as shown in Fig. 3B2, and 
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the door panel had different colors and patterns, as shown in Fig. 3 
(A2 to A5). Figure 4A is the success rate of door opening when 
using a black door handle with the same shape as during training, 
and Fig. 4B is an image that visualizes the rationale for making its 
decision using the gradient method. The same door panel was used 
as that during training. The gradient image (sensitivity map) is 
overlaid on the visual image of the robot; the areas (pixels) that are 
strongly focused on during motion generation are shown in red, 
and the low areas are shown in blue. The visualization method of 
the sensitivity map is given in the Supplementary Materials. Imme-
diately after the start of operation (0 s), the robot focused on the 
door handle and its surroundings. When reaching for the handle (4 s), it 
focused on its own hand and the handle. In other words, immediately 
after the start of operation, the robot arm is expected to predict 
(focus on) the position where it should reach in addition to the 
door handle in advance. After grasping the door handle (9 and 11 s), 
the robot focuses on its arm, especially near the door handle.

Figure S2 shows the results when using the door panels with differ-
ent colors. Although there was some noise compared with the gradient 
image of the learned door panel (Fig. 4B), it can be seen that the robot 
was focused on the door handle and hand as in the other experiments.

Rare failure cases of door-opening motion
The robot rarely failed to open the door if the door handle was the 
same shape and color as that during training. Figure 5A shows a 
camera image of the robot from the side. Figure 5B shows a visual 
image of the robot, and Fig. 5C shows a sensitivity map. From the 
sensitivity map, the robot generated motions while focusing on 
the door handle and hand, showing a similar trend as the image 
(Fig. 4B) when the door was successfully opened. However, the 
camera image at 8.0 s shows that the robot was grasping the door 
handle with its fingertips. As a result, at 9.5  s, the finger slipped 
when twisting the door handle, and the task failed.

Furthermore, even if the door handle has a similar color to that 
used during training as in Fig. 3B4, the robot tended to fail if the 
shape was different. This door handle was thinner, from 23 to 9 mm. 
Figure  4C shows the success rate of door opening, and Fig.  4D 
shows a sensitivity map. From the sensitivity map, the door-opening 
motion was executed while the door handle was focused on, which 
was the same trend as the successful case described above. However, 
the success rate gradually decreased as the robot moved further 
away from the door. In many of these cases, the robot reached its 
arm near the door handle but not far enough to grasp it.

In this research, we used monocular images for robot vision. 
Therefore, the robot needs to predict the position to reach for and 
the distance of the arm on the basis of the position and size of the 
door handle. The larger the door handle appears in a visual image, 
the closer the distance is between the robot and the door. In com-
parison, the smaller it is, the farther away the robot is. From Fig. 5C, 
the robot was able to recognize the position of the door handle be-
cause it is focused on the door handle. However, the size of the door 
handle, i.e., the percentage of the image occupied by the door handle, 
could not be correctly estimated, which may have caused a failure in 
predicting the arm reach distance. As shown in this experiment, the 
success rate tends to be lower as the door handle becomes thinner 
because the handle occupies a smaller percentage of the image. Fur-
thermore, the farther the distance between the robot and the door 
handle, the more difficult it is to recognize a change in the size of the 
handle. From the above, we suppose that failing to recognize the 
size of the handle accurately was the cause of the failure to estimate 
the arm reach distance.

Failure cases of door-opening motion
The robot tended to fail if the color of the door handle conflicted 
with the door handle used for training. The results when using a 
white door handle are shown in Fig. 4 (E and F). From Fig. 4E, it 
was possible to open the door near its front, although the success 
rate was low. However, in other places, the door-opening motion 
was not possible at all. From Fig. 4F, immediately after the start of 
motion (0 s), the robot did not focus on the handle but rather on the 
rightmost edge. Just before grasping the handle (4 s), the robot arm 
was reaching the place on which it was focused at 0 s. This suggests 
that the arm failed to reach the handle because it misrecognized the 
door handle position. Similarly, door handles of different colors 
and shapes also failed with the same trend, and the results are shown 
in fig. S1.

There were other failure cases caused by disturbances. For exam-
ple, when we removed the gripper holding the doorknob as a distur-
bance for the door-opening module, the robot could not continue 
the door-opening operation. The reason for this is that the robot’s 
behavior depends on the context of the RNN. Therefore, a recovery 
operation such as grasping the doorknob again is a future task (46).

Series of motions by module integration
To verify the effectiveness of integrating multiple modules as pro-
posed in this article, we integrated three such modules: one that 
learns a door-approach motion, one that learns a door-opening 
motion, and one that learns a door-passage motion. Each module’s 
certainty and motor command are predicted in real time, and the 
module with the highest certainty is selected to generate a suitable 
operation for the situation.

The robot generated a series of motions by integrating modules 
with the proposed method, and they are shown in Fig. 6 (A to E): 
(A) motion of opening outward-opening door and passing through 
it, (B) images predicted by each module, (C) certainty of each mod-
ule, (D) speed of the robot’s moving chassis, and (E) joint angles of 
the robot arms. Immediately after the start of the robot’s motion 
(0 s), the difference between the camera images of the robot (Fig. 6B1) 
and the images predicted by the approach module (Fig. 6B2) was 
very small. On the contrary, as shown in Fig.  6 (B3 and B4), the 
door-opening and door-passage modules had not learned the door- 
approach motion; thus, the respective initial states (i.e., the state 
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Fig. 5. Task failure case of door-opening module. (A) Camera image of the robot 
from the side. (B and C) The robot focused on the door handle but failed to predict 
the arm reach distance.
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when the robot was in front of the door and the state in which the 
door was open) were generated as predicted images. Figure 6C 
shows that the certainty factor was weighted in accordance with the 
prediction error of each module. It is clear from Fig. 6 (C and D) 
that because the certainty factor of the door-approach module 

was the highest immediately after the operation started, the robot 
approached the door by sending an approach-motion command 
to the moving chassis. However, the prediction image of the door- 
approach module in Fig. 6B2 became distorted as the robot ap-
proached the door; in contrast, the difference between the predicted 
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Fig. 6. Module integration task. (A) Robot-generated series of motions using the three modules. (B to E) Each module’s certainty and motor command are predicted in 
real time, and the module with the highest certainty is selected to generate a suitable operation for the situation.
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images (Fig. 6B3) of the door-opening module and the camera im-
ages (Fig. 6B1) gradually decreased. In this method, the execution 
time is restricted so that a specific module does not occupy the pro-
cess. At 12 s in Fig. 6C, the execution time of the door-approach 
module was exceeded, so the module was reset. Resetting the module 
here means setting the values of the hidden layers of the MTRNN 
to the initial value. Therefore, the door-approach module after 12 s 
generated the initial state (state away from the door) as a predicted 
image. As a result of recalculating the certainty, the door-opening 
module (orange line) exceeded that of the door-approach module 
(blue line), indicating that the modules switched. The operation 
command to the moving chassis was stopped upon the switching of 
the modules, and the door-opening motion was generated by send-
ing a door-opening command to the robot arm. Similarly, the 
certainty factor of the door-passage module exceeded that of the 
door-opening module at around 25 s, when the door-opening oper-
ation was completed, indicating that the modules switched again. 
Here, the door-opening module was not reset because the module 
was switched before the maximum execution time. Therefore, the 
door-opening module after 25 s generated a predictive image of the 
state during the door-opening process. From the above results, it 
can be said that by calculating the certainty in real time of the three 
modules on the basis of the difference between the actual camera images 
of the robot and the images predicted by each module, it is possible 
to perform a series of operations, namely, the door-opening and 
passing-through operation generated by linking multiple modules.

Module scalability
Here, we will discuss the ease of expansion by adding a new module 
for inward-opening doors. The door-opening module used in the 
experiments is specialized for outward-opening doors that are pushed 
open, so it does not correspond to inward-opening doors that are pulled 
open. In addition, the stop position of the robot and its movement 
when passing through differ between inward- and outward-opening 
doors. Therefore, we teleoperated the robot to perform three motions 
(door approach, opening, and passage) for an inward-opening door, as 
shown in the lower row of fig. S10. We added this as a new module to 
verify whether the robot could perform the door-opening and passing-
through motion for inward- and outward-opening doors.

Success case of module switching
Figure S6 shows the experimental results. Figure S6A shows the op-
eration of the inward-opening door, which needs to be opened with 

both arms and the moving chassis because of the size of the robot. 
First, the right arm of the robot is used to open the door slightly. 
Because of the torque limit of the motor, the door cannot be opened 
by the force of the arm alone. Therefore, the chassis moves back-
ward while opening the door to allow enough space so that the mo-
tion for passing through can be generated. This motion is similar to 
that of a small child opening a door with his or her whole body. 
Then, after making sure that the door is sufficiently open, the chassis 
gets into the gap while pushing the door with the right arm, gener-
ating the door-opening and passing-through motions. In this way, 
complex movements combined with manipulation and movement 
are also possible to generate. Note that the appearance of opening 
the outward-opening door is the same as in Fig. 6A. Figure S6B shows 
the certainty of each module, and by adding the three new modules, 
there is a total of six certainties. It can be seen that each module was 
properly switched out depending on the situation. Furthermore, by 
adding a pivot turn after the door-passage motion was executed (green 
and brown lines), the robot could generate a repeated door-opening 
motion. The pivot turn is a motion programmed to make the robot 
rotate in place for a few seconds and is not included in the module. 
Movie 1 shows that adding a pivot turn and the module for inward- 
opening doors made it possible to generate continuous motions for 
opening and passing through the inward- and outward-opening 
door for about 30 min (15 round trips). In this case, the difference 
between the two doors was decided on the basis of certainty.

Failure case of module switching
In the case of similar modules, there was a tendency for the wrong 
module to be selected depending on the lighting conditions. Here, 
we show the case of a module switching failure that occurred with 
an inward- and outward-door-opening module. Figure 7 shows 
the scene when the outward-opening door was in front, from left to 
right: robot view, predicted image of the outward-door-opening 
module, and predicted image of the inward-door-opening module. 
The blue frame in the figure shows the module selected by the oper-
ation selector. The white letters show the mean squared error (MSE) 
and standardization error (score) between the robot view and the 
predicted image. The score was used to calculate the certainty, and 
it was defined that the closer to zero, the more likely the module is 
to be the correct module.

The upper row of Fig. 7 shows the experimental results under the 
same lighting conditions as during training. Both the MSE and score of 
the outward-door-opening module were closest to zero, indicating 

that the appropriate module was selected. 
Comparing the robot view with the pre-
dicted images of the outward-door-
opening module shows that similar 
images were generated. In particular, 
the outward-door-opening module was 
trained with a shadow under the door 
handle, so the shadow was displayed. 
The inward-door-opening module shows 
the door handle in a similar position, 
but the direction of the handle was dif-
ferent. In addition, a shadow was not dis-
played because the motion was trained 
in a situation without a shadow.

The lower row of Fig. 7 shows the ex-
perimental results under different lighting 
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Fig. 7. Failure cases of door-opening module switching. The blue frame in the figure shows the module selected 
by the operation selector. The possibility of failing to select a module increases depending on the lighting conditions.
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conditions as during training. The lighting conditions were changed 
to avoid a shadow under the handle. Judging by the human eye, the 
outward-door-opening module generated an image closer to the robot 
view. However, the inward-door-opening module had a smaller score 

value, so the wrong module was selected. As shown in Eq. 6, our method 
uses the error between the pixels of the robot’s visual image and the mod-
ule’s predicted image to calculate the score, so the orientation of the door 
handle is not taken into consideration. Furthermore, because the color 
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of the door panel occupies a larger percentage of the image, the score 
is smaller for the inward-door-opening module with no shadow.

Module switching is unlikely to fail if the situation for each mod-
ule is visually different, such as door approach, opening, and pas-
sage. However, when multiple modules have trained similar tasks, 
the possibility of failing to select a module increases depending on 
the experimental conditions.

Module switching against disturbance
In conventional robot systems, motion sequences must be pro-
grammed for the situation. To achieve robust motions in response 
to environmental changes, it is necessary to preprogram exception 
handles to deal with unexpected situations and disturbances. How-
ever, it is difficult to achieve this goal because of the huge amount 
of programming required for exception handling in a real environ-
ment with various changes. Here, we set up and evaluate the follow-
ing two disturbance tasks to evaluate the robustness of motion 
sequences.
Interference task
Figure 8A shows a human interfering with a robot that is executing 
a task. Normally, the robot would perform the door-approach, 
door-opening, and door-passage motions in sequence, but to in-
terfere with it, a person moved the robot to its initial position when 
it was in the middle of opening the door. The robot, once returned 
to its initial position, generated the door-approach motion again 
and eventually passed through the door. Figure 8B shows that the 
certainty factor of the door-approach module (blue line) gradually 
decreased as the robot approached the door. However, because of 
interference (movement to the initial position) at around 15 and 33 s, 
the certainty of the module rose sharply, and the door-approach 
motion was generated again. In comparison, the certainty factor 
of the door-opening module (orange line) gradually increased, and 
the modules switched at around 13, 28, and 48 s. Figure 8C shows 
the robot’s joint angles, generating the door-opening motion during 
the second and third module switches. In particular, the module 
responded to the change in the situation and generated the door-
approach motion immediately, although the door-opening motion was 
generated at the second module switching (around 33 s). Thus, it 
is possible to immediately switch to a module suitable for the sur-
rounding situation, even in interference.
Sequence interrupt task
Figure S8A shows the state when a person opened the door just be-
fore the robot opened the door as a sequence interrupt process. Nor-
mally, the robot generates a door-opening motion after approaching 
the door, but here, the person caused a disturbance by opening 
the door first. Because of the sudden opening of the door, the robot 
skipped the door-opening motion and generated the door-passage 
motion. Figure S8C shows the certainty factor of each module at 
that time, and the certainty factor of the door-approach module 
(blue line) gradually decreased as the robot approached the door. 
In comparison, the certainty factor of the door-opening module 
(orange line) gradually increased. However, around 12 s after the 
person opened the door, the certainty factor of the door-passage 
module (green line) increased rapidly, and the modules switched. 
In addition, fig. S8B1 shows a camera image of the robot, and fig. 
S8B2 shows the predicted image of the door-passage module. 
The camera images at 15 and 20 s show the person, but the person 
was not in the predicted images of the door-passage module. Be-
cause this module had not learned situations where a person opens 

the door first, it cannot predict situations in which a person is seen. 
However, motion is generated by predicting the situation on the basis 
of the surrounding situation and past learning experiences (knowledge 
that it has). Thus, by comparing the present and past situations, it is possible 
to generate robust motions in response to changes in the surrounding 
environment. When a sudden change of state occurs in a conventional 
robot system, the robot requires time to re-recognize the environment 
and replan its operation. However, the proposed method can respond 
immediately to changes in a situation without programming excep-
tion handling. From the above, by preparing a large number of modules, 
the motion variation is increased by the number of combinations.

DISCUSSION
For robots to perform tasks that humans do daily, models need to 
be designed and modified according to the task, resulting in sub-
stantial development costs and long-term adjustments. This article 
proposes an approach to reduce the cost of model design and train-
ing data collection by using a DPL module that can simultaneous-
ly acquire recognition and motion generation models. As shown in 
table S1, the robot can respond to object position and background 
changes with only a maximum of 108 motion lessons (about 20 min) 
per task and 6 hours of module training. Furthermore, the design 
cost of the system was reduced by introducing multiple modules 
and introducing a mechanism shown in Algorithm 1 that switches 
modules in accordance with their prediction errors. Because the de-
signer only has to design the competing part of each module, it is 
easy to delete or add modules. In general, deep reinforcement learn-
ing requires a huge amount of trial and error in a real environment 
(11). To reduce the number of trials, four robots were trained in a 
distributed and asynchronous manner to obtain feasible strategies 
with an average success rate of over 90% in about 50 trial-and-error 
cycles (9, 10). Deep imitation learning is used to realize multiple tasks 
with a small number of motion teachings (47). In the case of the 
object-reaching task, the robot can achieve a task success rate of 
90% after 200 motion lessons (about 30 min). However, neither 
method discusses robustness to environmental changes. In addition, 
an approach that integrates multiple modules is necessary to achieve 
more complex tasks. The following summarizes the advantages and 
future challenges of the methodology.

Module design
A person with a good understanding of both robotics and deep 
learning can complete the teaching and training of modules in 
about 2 days. A module trained with DPL can also generate motion 
for objects in untrained positions by interpolation at the location where 
it was taught. However, this teaching would greatly affect the 
motion accuracy of a robot. For example, when teaching a robot to 
approach a door, it is necessary to operate the robot to reach the 
goal range. If the amount of data outside the goal range increases, 
the desired motion accuracy cannot be obtained. Each motion basi-
cally depends on the diversity and accuracy of the teaching motion, 
making it difficult to evaluate optimality. In the future, integration 
with reinforcement learning methods should be considered to account 
for new generation and optimization of unlearned trajectories.

Module switching
In the conventional method, the design cost is an issue because it is 
necessary to separately program responses to external disturbances 
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in addition to the assumed sequence of operation. Furthermore, when 
a disturbance occurs, there is a problem in that the robot moves 
slowly because it takes time to recognize a situation and replan the 
trajectory. In comparison, in the proposed method, modules are switched 
automatically on the basis of certainty, so there is no need to design 
the switch timing strictly. Furthermore, because the system predicts 
multiple modules’ certainty and motor commands in real time, it is 
possible to respond to sudden changes in a situation and changes in 
operating procedure. For multiple modules to switch autonomous-
ly, it is important to have a task design that considers where to di-
vide the sequence of operations. Specifically, to switch modules, it is 
necessary to prepare two modules whose operation end and start sta-
tuses are close. For example, by preparing a module that approaches 
the front of the door and a module that opens the door while in 
front of the door, the combined operation of “approaching the door 
and opening the door” is performed. Our operation selector cannot 
handle tasks that look the same but have different motions. In this 
experiment, the modules for inward- and outward-opening doors 
were switched on the basis of the appearance of the surroundings 
such as the direction of the door handle and the edge of the door. 
Therefore, if there are multiple doors (inward/outward/pocket type) 
that look the same but the opening motion is different, it is necessary 
to prepare modules for each. However, because they look the same, 
the operation selector cannot determine which module to select. Most 
readers have surely experienced trying to open a push-type door 
when they thought it was a pull-type one. In this case, a human can 
switch between operations on the basis of visual, tactile, and force 
information. Other visual features, such as door dampers and hinges, 
allow us to determine the type of door on the basis of empirical rules, 
even if the door does not have a push or pull sign. Thus, a recovery 
mechanism for reselecting modules on the basis of multimodal 
feedback and the ability to select modules by focusing on the visual 
features of the target object will be interesting for future research.

Hardware constraints of the module
Each DPL module can infer motion at 10 to 20 Hz. In the proposed 
method, multiple modules are computed in parallel, and the mod-
ules are switched on the basis of the confidence level. In the case of 
the Jetson Xavier, the robot used in this research, the authors con-
firmed that up to six modules can be computed in parallel and in real 
time. However, the extraction of image features is time-consuming, 
so the robot cannot be used for tasks such as chip mounting of 
semiconductors or high-speed grasping of objects flowing on a 
conveyor belt. Hardware implementation of the DPL module in a 
field-programmable gate array (FPGA) (48) or improvement in the 
computing speed of computers may enable high-speed object ma-
nipulation and parallel computing of more modules.

Embedding multiple behaviors in a single model
As mentioned above, our method takes a local representation, which 
is a method for switching multiple modules. This has a good design 
prospect and is effective for full-body coordination of multi–degree- 
of-freedom robots like the present one. However, it is not easy to 
design a new module to be added when considering the generaliza-
tion performance and competition of each module. Specifically, there 
is a possibility that the selection will be biased toward some mod-
ules and that motion switching will not occur. To avoid this, distrib-
uted representation is a method of embedding multiple behaviors in 
a single learning model. This method has the advantage of obtaining 

a meta-generalization structure that integrates and classifies each 
motion in the learning process. However, it is difficult to apply to 
multi–degree-of-freedom systems such as full-body coordination 
because it is generally difficult to obtain optimal solutions for large-
scale models. We believe that an integrated framework of these two 
methodologies will be necessary in the future. We believe that our 
approach to realizing complex tasks in the real world with low de-
sign and motion teaching costs could be applied to tasks other than 
door opening and could be applied to a wide range of fields.

MATERIALS AND METHODS
Module overview
Figure 1B shows an overview of the motion generation module us-
ing DPL. The module is composed of (i) an encoder network, which 
extracts image feature values from the robot’s visual information 
(camera images), (ii) a predictor network, which learns image 
feature values and robot-motion information (e.g., joint angles and 
vehicle speed) in a time series, and (iii) a decoder network, which 
generates an image from image feature values. The network param-
eters of the module are listed in table S2. The encoder/decoder net-
work is composed of a convolution layer [convolutional neural network 
(CNN), Conv2D], a transposed convolution layer (transpose Conv2D), 
and a densely connected layer (Dense). The pooling layer, often 
used in general image recognition, can simultaneously execute po-
sition invariance and information compression. However, it has a 
problem in that the spatial position information of images is lost 
(49). On the contrary, the padding operation of the CNN is consid-
ered to learn information about absolute positions implicitly (50). 
As for robot motion using the CNN, spatial position information 
about, for example, the operation target and the robot hand is indis-
pensable. Accordingly, in the encoder network, padding is introduced 
into all layers, and image feature values are extracted by changing the 
filter movement amount of the convolution layer. As for the decoder 
network, an image is generated by convolving image feature values 
in reverse. The predictor network uses an MTRNN (44).

Training method
First, as for the training process of the module, an operation to be 
learned by the robot is taught by teleoperation. The robot’s motor 
information xt and visual information ut are collected when multi-
ple conditions (e.g., robot position) are changed so that the robot 
can flexibly respond to changes in the environment. The collected 
data are divided into training data used for module training and 
evaluation.

Next, as a pretraining, the weights of the encoder/decoder net-
work are trained. An autoencoder (51) is constructed by using table 
S2 (A and C). An autoencoder is an unsupervised learning that uses 
the same data for the input and output layers so that the middle 
layer can extract the features of the data. We input the collected 
visual information of the robot ut to the module and output the 
predicted image ​​  ​u​ t​​​​. The network weights are updated so that the 
input and output images have the same value. The MSE is used as 
the cost function. The encoder/decoder network is pretrained to ex-
tract robust image features for changes in the position of robots and 
objects. The images are preprocessed using data augmentation (e.g., 
changing brightness and contrast and shifting images left, right, up, 
or down). This enables image features to be extracted that are ro-
bust to changes in lighting conditions and object position.
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Last, as end-to-end learning, the module is trained using the weights 
acquired in the pretraining. Using the collected training data, we 
input the robot’s sensory-motor information (xt, ut) to the module 
and output the next motor command ​​​   x ​​ t+1​​​ and predicted image ​​​   u ​​ t+1​​​. 
We add Gaussian noise ( = 0,  = 0.1) to the input data to denoise 
the real-world noise. The network weights are updated so that the 
output value of the module (​​​   x ​​ t+1​​​, ​​​   u ​​ t+1​​​) and the true value (xt + 1, ut + 1) 
are the same. The network is trained using the MSE as the error 
function as shown in Eqs. 1 to 3, Adam (52) as the optimization method, 
and backpropagation through time (53) as the error-propagation method. 
Note that Limg is the prediction error of an image (W × H × C pixel), 
and Lmotor is the prediction error of the motor command (N dim). 
We train all our models on a PC with Intel Core i7-10700 CPU with 
64 GB of memory and a graphics card NVIDIA GeForce RTX 
2080Ti with 11 GB of memory.

	​​ L​t​ 
img​  = ​   1 ─ W × H × C ​ ​‖​​   x ​​ t+1​​ − ​x​ t+1​​‖​2​ 2​​	 (1)

	​​ L​t​ 
motor​  = ​  1 ─ N ​ ​‖​​   u ​​ t+1​​ − ​u​ t+1​​‖​2​ 2​​	 (2)

	​ L  = ​  ∑ 
t=0

​ 
T−1

​​(​L​t​ 
img​ + ​L​t​ 

motor​)​	 (3)

Motion generation method
In the process of executing the module, the robot predicts a motion 
command for the next time on the basis of the robot’s sensor infor-
mation. The sensor information (xt, ut) at time t is mixed with the 
predicted value (​​​   x ​​ t+1​​​, ​​​   u ​​ t+1​​​) of the module at time t − 1  in a fixed 
percentage and input to the module, as shown in Eqs. 4 and 5. This 
process makes it possible to generate stable motion against real- 
world noise. The mixing coefficient  should be a value between 0.0 
and 1.0, with smaller values emphasizing the prediction value of the 
module. Therefore, even if the robot’s sensor values are noisy, it is 
possible to predict the next action on the basis of the predicted 
values of the previous time. However, if  is too small, it will be 
difficult to fine-tune the motion on the basis of real-world sensor 
information so that the robustness to position change is lowered. 
Here,  is set to 0.8

	​​ x​ t​​  =  {​(1 −  ) × ​​   x ​​ t−1​​ +  × ​x​ t​​,​  t  >  0​  ​x​ t​​,
​  t  =  0​​	 (4)

	​​ u​ t​​  =  {​(1 −  ) × ​​   u ​​ t−1​​ +  × ​u​ t​​,​  t  >  0​  
​​   u ​​ t​​,

​ 
t  =  0

​​	 (5)

Operation selector
The operation selector shown in Fig. 1A is described hereafter. The 
operation selector calculates certainty factor i in real time on the 
basis of the prediction error of each module. It then selects the mod-
ule with the highest certainty factor. For example, it is assumed that 
n modules exist. The i-th module receives sensor information xt, ut 
of the actual robot, and it predicts motion command ​​​   x ​​t+1​ t  ​​ and pre-
dicted image ​​​   u ​​t+1​ t  ​​ at the next time step. For each module, the predic-
tion error between the actual camera image ut and the predicted 
image ​​​   u ​​t+1​ t  ​​ is calculated. Certainty factor i is calculated by compar-
ing the prediction errors of multiple modules. However, each mod-
ule learns data from different states of the robot and the surrounding 
environment, which results in variations in learning performance. 

The prediction error of each module is standardized to allow for 
comparison between modules by using Eq. 6. The mean i and vari-
ance i used for standardization are calculated in advance using the 
evaluation data. For example, if there are 120 sequences of 9 pieces 
of evaluation data for the door-opening motion, the mean and vari-
ance are obtained from 1071 [= 9 × (120 − 1)] image prediction er-
rors. The closer the standardized prediction error (zi,t) is to zero, the 
smaller the deviation from the training time, so the surrounding 
situation can be predicted correctly

	​​ z​ i,t​​  = ​  
​L​i,t​ 

img​ − ​​ i​​ ─ ​​ i​​  ​​	 (6)

	​​ ​ i,t​​  = ​  
exp(− 1 × ​z​ i,t​​)  ─  

​ ∑ 
j=1

​ 
n
 ​​exp(− 1 × ​z​ j,t​​)

 ​​	 (7)

Equation 7 is used to determine whether the prediction is good 
or bad between each module. Because of the softmin function, the 
closer zi,t is to zero, the greater the certainty. The certainty factor of 
each module takes a value from 0 to 1, and the total certainty factor 
of all modules (n) is 1. If the prediction of one module is better than 
that of the others, the certainty factor is 1; if it is worse than that of the 
others, the factor is close to 0, and the operation selector selects the 
module with the highest factor. If all modules have a similar prediction 
accuracy, the factor will be 1/n. At that time, the operation selector 
judges that there is no suitable module. In this way, by switching the 
module in accordance with the prediction error of an image, it is 
possible to generate a suitable operation for the current situation.

Overview of operation algorithm
The pseudo code for robot operation is shown in Algorithm 1 
(shown below). First, initial hidden state H of the MTRNN con-
stituting each module is read. The robot performs the motion when 
the maximum number of allowed steps T (maximum execution 
time) is exceeded or until the operation selector determines that no 
module is suitable (certainty factor ≃ 1/n). E, S, and X are local buf-
fers that store the state of each module (prediction error, hidden 
state, and operation command, respectively) at each step. Next, the 
robot calculates the prediction value (​​​   x ​​ t+1​​​, ​​​   u ​​ t+1​​​) and hidden state 
(st+1) of each module on the basis of sensor information (xt, ut), and 
those values are stored in a local buffer. Last, the softmin function 
shown in Eq. 7 is used to calculate the index of the appropriate module. 
Sending a motion command corresponding to obtained index i to 
the robot enables the robot to generate a motion suitable for the 
situation. At that time, the hidden state of the MTRNN of index i is 
updated. When the number of updates of the MTRNN at index i 
exceeds the maximum number of allowed steps Ti, the hidden state 
of the MTRNN is initialized. By updating only the hidden state of a 
specific MTRNN in this way, the other modules can wait for a situ-
ation that they know (namely, wait until they are sure that they can 
generate the desired action).

Algorithm 1: Prediction and data flow of modules.
Load initial state of RNN ​H  =  {​h​t=0​ 1 ​ , ​h​t=0​ 2 ​ , … , ​h​t=0​ N  ​}​
Set max step of RNN T = {1, 2, …, N}
while not task end condition do

Load sensor data xt,ut
Assign empty list to E, S, and X
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for n = 1,2...N do
Get predicted value and RNN state for n-th module:

               ​​​   x ​​ t+1​​, ​​   u ​​ t+1​​, ​s​ t+1​​  = ​ M​ n​​(​x​ t​​, ​u​ t​​, ​H​ n​​)​	

Get standardized prediction error and append to E list:
E.append(Standardizing (MSE (ut,​​​   u ​​ t+1​​​)))
Append predicted value and RNN state to the list:
X.append(​​​̂  x​​ t+1​​​); S.append(st+1)

end for
Get the index of the appropriate module: i = softmin(E)
Send motor command Xi to robot
Update the RNN state of index i: Hi ⟸ Si
if Update count of Hi > i then

Reset the RNN state of index i: Hi,⟸ ​​h​t=0​ i  ​​
end if

end while

Task and dataset
To verify the effectiveness of the proposed method, we selected the 
“door-open/passage motion,” which is an example of motion that 
requires coordination between two motions: movement and ma-
nipulation. The motion is composed of the following three subop-
erations. (i) Approaching the door: The robot moves to a position 
from where it can grasp the door handle from an arbitrary position. 
(ii) Opening the door: The right robot arm grasps the door handle 
and turns it to open the door. (iii) Passing through the door: 
The moving chassis and the robot arms work together to pass 
through the door.

The upper row of fig. S10 shows details on the teleoperation for 
the outward-opening door. Figure S10A shows a schematic diagram 
of the task, and fig. S10B shows a snapshot. Figure S10B1 shows the 
teaching position (six gray circles) at which the approach-door 
motion was taught. Figure S10B2 shows the position of the robot at 
which the door-opening motion was taught. The door-opening mo-
tion was taught at the nine gray circles in the figure. Figure S10B3 
shows the teaching position at which the door-passage motion was 
taught. The robot was taught to move 1.5 m straight ahead from the 
door-opening position. Each position was taught 12 times, of which 
9 were used as training data and 3 as evaluation data. We taught the 
door-approach motion 72 times, door-opening motion 108 times, 
and door-passage motion 108 times. Although this robot has a 
stereo camera, only the visual image on the right side was used. The 
camera parameters (brightness, contrast, and white balance) were 
fixed. Resized visual image (64 pixels by 128 pixels by 3 pixels) and 
motor information (21 dim) were collected at a sampling rate 
of 10 Hz and normalized to a value from 0.1 to 0.9. The lower row 
of fig. S10 shows the details of the teleoperation for the in-
ward-opening door, and the experimental conditions were the 
same as above.
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