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Abstract— We have developed an autonomous robot mo-
tion generation model based on distributed and integrated
multimodal learning. Since each modality used as a robot’s
senses, such as image, joint angle, and torque, has a different
physical meaning and time characteristic, the generation of
autonomous motions using multimodal learning has sometimes
failed due to overlearning in one of the modalities. Inspired
by the sensory processing of the human brain, our model is
based on the processing of each sense performed in the primary
somatosensory cortex and the integrated processing of multiple
senses in the association cortex and the primary motor cortex.
Specifically, the proposed model utilizes two types of recurrent
neural networks: sensory RNNs, which learn each sense in
a time series, and a union RNN, which communicates with
sensory RNNs and learns sensory integration. The simulation
results of multiple tasks showed that our model processes
multiple modalities appropriately and generates smoother mo-
tions with lower jerk than the conventional model. We also
demonstrated a chair assembly task by combining fixed motions
and autonomous motions with our model.

I. INTRODUCTION

Humans can execute a variety of tasks by utilizing our
multiple senses. In robots, as with humans, methods that
utilize multiple modalities using deep learning have been
proposed to perform tasks. Methods of multimodal learning
for robotic manipulation include those using reinforcement
learning (RL) [1][2][3] and supervised learning [4][5][6].
The methods using RL require trial and error, and sample
efficiency has been an issue, but there are several effective
ways to improve sample efficiency [7][8]. However, since
trial-and-error is still required, there is a risk of damaging
the object in tasks that involve contact with objects. As an
alternative, deep predictive learning (DPL) using supervised
learning has been attracting attention [4][9][10]. This ap-
proach uses human demonstration data to predict multiple
modalities in real time and generate autonomous motions by
directing the predicted command to the robot. Since DPL
does not require trial-and-error, the risk of damage to the
robot or object is low.

There are various senses that a robot can use, such as
vision (RGB images), kinesthesia (joint angles and torque),
tactility (tactile sensor values), and hearing (audio). Numer-
ous tasks have been achieved by combining these. However,
learning multiple modalities is not easy, as each modality has
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Fig. 1. Demonstration setup of a chair assembly task with actual robots.
(a) Overview. (b) Chair parts. (c) Wooden dowels and holes. Two wooden
dowels are inserted into two holes to attach the parts. (d) Finished product.

a different physical meaning and time characteristics. There
are several techniques to efficiently learn each modality, and
the common practice is to process each modal using these
techniques and to integrate the processed modals in a single
layer for learning [9][11][12][13]. There is also a method for
integrating multiple modalities that focuses on differences
in the modal time constants and uses multiple timescale
recurrent neural networks (MTRNNs) [14], which can have
multiple time constants [15][16]. However, the time constants
need to be set in advance, which is not easy when many
different modals are used.

Inspired by the sensory processing of the human brain,
we focus on the processing of each modality performed
in the primary somatosensory cortex and the integration
processing of multiple modalities performed in the associ-
ation cortex and the primary motor cortex [17]. Specifically,
we developed a motion generation model that uses two
types of recurrent neural network (RNN): sensory RNNs
(SRNNs), which learn each sense in a time series, and a
union RNN (URNN), which communicates with SRNNs and
learns sensory integration. In this study, we used a simulator
to compare our model with a conventional one in several
tasks involving contact with objects. We also demonstrated
the task of assembling a chair in the environment shown in
Fig. 1.

The main contributions of this research are as follows.
1) We developed an autonomous motion generation model
with multimodal learning based on distributed and integrated
modalities. 2) The effectiveness of our model was demon-
strated by its high success (≥ 83.3%) rates and smooth mo-
tion in multiple tasks using a simulator. 3) We demonstrated
a chair assembly task using two real robots by combining
fixed motions and autonomous motions by our model.
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II. RELATED WORK

A. Processing methods for each modality

The modalities considered here include vision, tactility,
kinesthesia, and hearing, and there are various processing
methods that consider the features of each. For vision,
there is a visual attention model that extracts location in-
formation from camera images, which is important for tasks
[1][18]. For tactility, CNN-based processing based on two-
dimensional feature information (similar to images) has been
proposed [9][12]. For kinesthesia, softmax transformation
has been utilized to enhance learning by quantizing motions
represented by continuous values to a sparse representation
[19]. An implicit kinetic policy, which focuses on the dif-
ference between the properties of joint space and Cartesian
space, has also been proposed [20]. For hearing, there is a
method that converts noisy, high-dimensional raw waveform
features into spectrograms delimited by a fixed window
width and processed by 1D-CNN [11].

B. Integrating multiple modalities

There are several studies on motion learning that integrate
multiple modalities. Examples include the use of force and
kinesthesia for drawing tasks [5] and rubbing tasks [16].
Other work has added vision to force and kinesthesia for
unzipping a fabric bag [9], wiping 3D objects [21], and
manipulating clothing [22]. In many of these studies, each
modality processed in a previous stage is integrated in a
feedforward manner with a single NN layer to generate
motions. Ito et al. [16] focused on the difference in time
characteristics between force and kinesthesia and came up
with a method that uses MTRNN with three recurrent layers
featuring different time constants. In their method, force
sense is considered to have a fast time constant and is input
to the fast layer, while motion sense is considered to have a
relatively slow time constant and is input to the middle layer.
However, it is difficult to decide on the time constant and
where to place the modality in the layer when the number
of modalities increases. Saito et al. [15] proposed a method
in which force, touch, and motion are input to the fast time
constant layer and only the initial image is input to the slow
time constant layer when wiping 3D objects with occlusion.
However, because only the initial image is used, it is difficult
to cope with visual changes, and there are issues similar to
those facing Ito et al.’s method. In short, there is currently no
unified methodology to integrate each processed modality.

III. METHOD

In the proposed method, we utilize DPL to mitigate the
risk of component breakdown. DPL uses a neural network to
predict multiple modalities at the next time t+1 that include
control commands of the robot from those at the current time
t. The predicted commands are then sequentially sent to the
robot to generate the motion. The model is trained using the
time-series data of the actions to be learned by the robot
(e.g., human operation) as training data.

Figure 2(a) shows the DPL model (visual attention model
[9][18]) used in this study. The inputs are an image vt at

time t, control commands to the robot ct, and other modal-
ities mt. The output is each predicted modal information
f̂p
t+1, ĉt+1, m̂t+1 at time t + 1. Note that the hat indicates

the output of the neural network, and the absence of the hat
indicates the true value (measured value). The model consists
of three parts: an encoder, a recurrent part, and a decoder.
The encoder extracts position coordinates in the image as
image features from the camera image, the recurrent part
integrates each modal and learns time-series changes, and
the decoder predicts the image. The encoder utilizes CNN
and soft argmax [23] to output the position coordinates f̂ c

t

(called attention points in this paper) of points in the image
from the input image vt. On another route, feature maps
are obtained using CNN and input to the decoder. Next,
in the recurrent part using fully connected neural networks
(FCNNs) and an RNN, the coordinates, joint angles, and
other modal information of the point of attention at time
t are used to predict the attention points, joint angles, and
other modal information at the next time t+1. The decoder
predicts the image at the next time t + 1 based on the
predicted attention points and the feature maps obtained from
the encoder part. Specifically, heat maps with high intensity
at the predicted attention points are generated, and the image
at the next time t + 1 is predicted from the feature map
weighted by these maps. This is to support image prediction
by using image features in the vicinity of the attention points.
In our method, we utilize a new recurrent part that integrates
multiple modalities.

A. Conventional recurrent part

Figure 2(b)( i ) shows how the conventional recurrent part
integrates multiple modalities using an RNN and predicts
each modality using the FCNNs. The term RNN here refers
to as a basic network capable of learning time series. Gated
recurrent units [24], long-short term memory (LSTM) [25],
etc. can be used; in this study, we opted for LSTM. In the
RNN, the hidden state ht is computed using the modality
f̂ c
t , ct,mt at time t and the hidden state one time ago ht−1

as follows.

ht = RNN(f̂ c
t , ct,mt,ht−1). (1)

Each predicted modal information f̂p
t+1, ĉt+1, m̂t+1 at the

next time t + 1 is then predicted using a hidden state ht

that contains the multimodal information and an FCNN for
each modal. In this way, multimodal information such as
visual information, force information, and joint angles can
be integrated to generate diverse motions by predicting joint
angles at the next time. However, it is not easy to integrate
and process multiple modal information with a single RNN,
and sometimes it does not work well due to overlearning in
one of the modalities.

B. Proposed recurrent part

The new part we propose consists of FCNNs and two
types of RNNs: an SRNN, which learns each modality in
time series, and a URNN, which communicates with SRNNs
and learns sensory integration. In the URNN, each abstracted
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Fig. 2. Proposed DPL model for generating motion. (a) Point based visual attention model. (b) Recurrent part. ( i ) Conventional. Integration of all
modalities in a single RNN. (ii) Separate RNNs for each modal and for integration. (iii) Our model. Separate RNNs for each modal (SRNN) and for
integration (URNN), and feed back from URNN to SRNN.

modality, a hidden state ht−1,i(i = f, c,m), is integrated
and processed, and the hidden state at time t passed to each
SRNN is updated as follows.

h′
t = URNN(ht−1,i,h

′
t−1) (i = f, c,m). (2)

In each SRNN, the hidden state h′
t is calculated using the

hidden state h′
t,i(i = f, c,m) updated by the URNN that

contains multiple modalities.

ht,f = SRNNf (f̂
c
t ,ht−1,f ,h

′
t), (3)

ht,c = SRNNc(ct,ht−1,c,h
′
t), (4)

ht,m = SRNNm(mt,ht−1,m,h′
t). (5)

Each predicted modal information at the next time t + 1 is
then predicted using the hidden state ht,i and the FCNN for
each modal.

Since each SRNN has an inner loop for each modal,
the time-varying characteristics of each can be considered.
Furthermore, because integrated multimodal information is
obtained from the URNN, it is possible to predict each
modal with other modal information. This is akin to the
primary somatosensory cortex, which processes each sense
and is in contact with the parietal association cortex and the
motor cortex [17]. It is also consistent with the fact that
the motor cortex, which integrates sensations and outputs
motor commands, sends movement-related information to the
primary somatosensory cortex [26].

Note that this is different from the model shown in Fig.
2(b)(ii), where RNNs are prepared for each modal and
integrated in a feedforward manner. The proposed model in
Fig. 2(b)(iii) has feedback from the URNN to the SRNN,
while Fig. 2(b)(ii) does not. Figure 2(b)(ii) splits the
RNN, but in the end, the RNN in the latter stage outputs
the prediction for each modal, making it difficult to take

advantage of the individual inner loops or to take the time
characteristics into account. Therefore, slow time-varying
modals will presumably be affected by fast time-varying
modals, thus resulting in noisy predictions.

C. Loss function

The loss function in our method is defined as follows:

g =
∑

t∈T−1

(gt,v + gt,c + gt,m + gt,f ), (6)

gv =
1

H ×W × C
∥v̂t+1 − vt+1∥22, (7)

gc =
1

M
∥ĉt+1 − ct+1∥22, (8)

gm =
1

D
∥m̂t+1 −mt+1∥22, (9)

gf =
1

K
∥f̂p

t+1 − f̂ c
t+1∥22, (10)

where the sequence length of the training data is T , the time
is t, the image is v ∈ RH×W×C , the joint angle c ∈ RM and
the coordinates of the attention points f̂ ∈ RK . gv, gc, gm
are prediction errors of the image, the command, and the
other modality using the mean square error, respectively. The
gf is an auxiliary loss function, which is added so that the
attention points output by the recurrent part are obtained on
the basis of the prediction of attention points. Note that since
the training is end-to-end, it is not necessary to teach the
attention points, and gf is calculated between the outputs of
the neural network.

IV. EXPERIMENTS

A. Experimental setup

We used NVIDIA’s Isaac Sim [27], which was chosen
because of its photorealistic nature; if it was not photoreal-
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Fig. 3. Experimental setup. (a) Picking. (b) Drawer opening. (c) Door
opening. (d) Object position for teaching and verification.

TABLE I
NETWORK PARAMETERS.

Layer type Parameter Output shape

Encoder

CNN 1 1 k=3, s=1, c=16 62×62×16
CNN 1 2 k=3, s=1, c=32 60×60×16
CNN 1 3 k=3, s=1, c=K 58×58×K

Soft argmax - K×2
CNN 2 1 k=3, s=1, c=16 62×62×16
CNN 2 2 k=3, s=1, c=32 60×60×16
CNN 2 3 k=3, s=1, c=K 58×58×K

Recurrent
SRNN n=50 50

FCNN* n=2×K, 8, 8, 8 K, 8, 8, 8
URNN n=20 20

Decoder

Inv soft argmax - 58×58×K
Transposed CNN 1 k=3, s=1, c=32 60×60×32
Transposed CNN 2 k=3, s=1, c=16 62×62×16
Transposed CNN 3 k=3, s=1, c=3 64×64×3

c, k, s, and n denote number of channels, kernel, strides and output
dimensions (nodes), respectively
* There are four FCNNs (one for each modality).

istic, the images would be too easy to predict and the trends
would not match those of the real environment. The robot
was Panda by Franka Emika. The camera was placed in a
position where it could see the workspace. We used RGB
color images with a resolution of 64× 64, so H = 64,W =
64, C = 3 in Eq. (7). Four modalities were measured and
input to the model: camera image, measured joint angle,
commanded joint angle, and joint torque. The robot arm has
seven axes and the end-effector is a two-fingered gripper,
so M = 8 in Eq. (8). The number of attention points varied
depending on the task. Figure 3 shows the experimental setup
of the simulator. Three tasks that involve contact with the
object were selected: (a) Picking, (b) Drawer opening, and (c)
Door opening. We compared the three models ( i ), (ii), (iii)
and tested each task and model 36 times at random object
locations in the workspace (shown in (d)). L = 8, 8, 5 [cm]
in (a), (b), and (c), respectively.

The training data consisted of 24 demonstration data: four
for each of the points for teaching and one for each of the
points for validation. The training data were acquired by a
human operating the robot using a HTC VIVE VR controller.
No pre-training was performed for any of the models, and

TABLE II
TASK SUCCESS RATE FOR EACH TASK AND MODEL IN EXPERIMENT 1.

Model
Task Picking Drawer opening Door opening

( i ) 83.3% 13.8% 86.7%
(ii) 55.5% 61.1% 86.1%
(iii): Ours 88.8% 83.3% 100.0%

TABLE III
AVERAGE SUM OF SQUARES OF JERK FOR EACH TASK AND MODEL IN

EXPERIMENT 1. UNIT IS [m/s3].

Model
Task Picking Drawer opening Door opening

( i ) 70.3±6.4 242.0±23.2 79.7±2.1
(ii) 66.9±5.3 194.3±4.3 78.9±3.2
(iii): Ours 65.1±5.3 161.9±4.8 71.7±3.2

all of them were trained in an end-to-end fashion. Table I
shows the network parameters of our model (iii), where K
is the number of attention points and depends on the tasks.
The network parameters of model ( i ) (ii) were alomost the
same as Table I. The number of nodes in the RNN of ( i )
was set to 120 so that the number of weights in the recurrent
part was the same. We set K = 4, 8, 4 for picking, drawer
opening, and door opening, respectively.

B. Results

Table II lists the success rate for each task and model. For
all tasks, our model (iii) had the highest success rate. In the
conventional model ( i ) and in model (ii), there were several
cases of failure because of the hand tip slipping against the
object or unstable movement as a result of unstable attention.

Table III shows the average sum of squares of the jerk for
each task and model [28], as an index of the smoothness
of the motion. Note that the computation period of the
neural network was 10 Hz and the commands were sent
at this period, but the calculation of the jerk refers to
the data obtained at the measurement period of 50 Hz.
The jerk of our model was significantly lower in the two
tasks, indicating that it generated motion more smoothly
than the other models. Since the demonstration data are
manipulated by human, the jerk is considered to be low. This
finding suggests that our model is able to generate motions
more in line with the demonstration data by appropriately
processing each modality. On the other hand, the jerk could
be explicitly included in the loss function. However, there are
two problems: the time resolution is coarse because the jerk
cannot be computed with a sampling period shorter than the
sampling period of the training data, and the balance with
other loss functions must be adjusted. It is important to note
that our model can generate smooth motion with smaller
jerks as a result of predictive learning that does not include
jerks in the loss function.

As for the variability of attention, Table IV shows the rate
of time-varying attention points for each task model. The
time-varying rate of the attention points with our model was
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TABLE IV
TIME-VARYING RATE OF ATTENTION POINTS FOR EACH TASK AND

MODEL IN EXPERIMENT 1. UNIT IS [−/s].

Model
Task Picking Drawer opening Door opening

( i ) 0.60±0.01 1.79±0.13 0.95±0.05
(ii) 0.60±0.01 1.15±0.81 0.80±0.05
(iii): Ours 0.40±0.05 0.71±0.05 0.80±0.05
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Fig. 4. PCA results for hidden states of RNN at the drawer opening task.
(a) About ht of model ( i ). (b) About ht,v of our model (iii). (c) About
ht,c of our model (iii). (d) About h′

t of our model (iii).

significantly lower in the two tasks, indicating stable atten-
tion. Although all models had the same visual processing
system, the proposed model yielded more stable attention
points. This suggests that our model configuration contributes
to the appropriate modal processing.

To examine whether the time characteristics of each modal
can be considered, we confirmed the hidden state of the
recurrent part. Figure 4 shows the results of principal com-
ponent analysis (PCA) for the hidden state of the inner
loop of the RNN at the drawer opening task. (a) is the
PCA result about ht of model ( i ). A qualitatively non-
smooth representation is obtained, which is expected to be
affected by fast time-varying modals. Quantitatively, the sum
of jerk was 60.03 [−/s3]. (b)(c)(d) are the PCA result about
ht,v,ht,c and h′

t. The sum of jerk of (b)(c)(d) are 24.91,
4.11, and 17.25[−/s3], each with different time characteris-
tics. In particular, even if the joint motions are continuous,
the change of attention in vision may become discontinuous
when the position to which attention should be directed
changes because of switching of motions. Therefore, it is
considered that the change in the hidden state of (b) regarding

(A): Initial (B) (C) (D)

(E) (F): Finish(E’) (E’’)

Fig. 5. Flow of chair assembly. The initial state is where part A is placed,
and parts B, C, D, and E are then attached in order.

the attention points is not relatively smooth because the time
characteristics of the joint angle and the attention point are
different. In this way, the time characteristics are different
for each modal, but each SRNN can take into consideration
the appropriate characteristics. In addition, URNN in (d) has
fast-time characteristics, and it is thought that the informa-
tion is transmitted to the SRNN to the extent that it does
not impair fast-time characteristics of vision and does not
interfere with other modal predictions.

V. DEMONSTRATION

A. Setup

As shown in Fig.1, the setup consisted of two KUKA
LBR iiwa 14 R820 robot arms. An Robotiq 2F-85 Adaptive
Gripper was attached to each arm. RGB camera Buffalo’s
BSW500M Series and realsense L515 were placed on the
gripper, respectively. The chair was a children’s chair man-
ufactured by IKONIH and consisted of five wooden parts.
Although a jig was created to stand the parts and place them
in a position where they could be grasped by the arm, these
part-specific jigs are not used to strictly fix the position with
generality in mind. Figure 5 shows the assembly flow. The
initial state is where part A is placed, and then parts B, C,
and D are attached in order. Part E is then inserted into D.
After this, B and C are not inserted into E, but since D
is inserted, we found that it can be inserted by applying
a slight perturbation. Therefore, we created a motion to
apply perturbation by grabbing roughly in advance, and then
executed it for the insertion. Finally, by pushing E from the
top, all wooden dowels are completed inserted all the way to
the back. The overall task design policy is to combine fixed
motions (mainly point-to-point) with autonomous motions
generated by our model.

We chose this task because inserting the wooden dowels
is difficult and requires the use of learning behaviors. It
is difficult because postural deviations in addition to the
position have an impact on the success or failure of the
task, because the position is not strictly fixed by the jig
and there is a deviation during grasping, and because part
A moves during insertion, causing the position deviation to
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Fig. 6. Snapshots of the chair assembly task.
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Fig. 7. Snapshots of part B in the insertion task. (a) Input image and
attention points. (b) Predicted image. (c) Birds-eye view (not for control).

expand as the task progresses. This insertion task requires
proper processing of multiple modalities and is well suited to
demonstrate the effectiveness of the proposed model. Com-
pared to the usual peg-in-hole task, where the holes and pegs
have a one-to-one correspondence, this task is more difficult
due to severe postural constraints and the requirements for
processing kinesthesia. In addition, there are occlusions of
the wooden dowels and holes during the task, and shadows
are generated depending on the position of the parts, so
the vision changes dynamically, requiring the appropriate
processing of vision. Furthermore, there is contact between
the wooden dowel and the hole, so appropriate processing
of force is also necessary.

The four insertion tasks (B), (C), (D), and (E) are learned
indivisually. Thirty-six items of data were collected for each
part and used as training data. The data to be measured and
input to the model consisted of four types: camera images,
measured joint angles, commanded joint angles, and 6-axis

forces received by the end-effector. The model parameters
were the same as in the previous experiment.

B. Results

Figure 6 shows the snapshots of the task. The pictures
indicated by the blue frame are due to the learning operation.
Since the individual parts are not fixed, they may shift during
operation, but this is compensated by the learning operation,
and a series of operations could be achieved.

The success rate of the insertion task for part B was high,
91.7% (110/120 times). The evaluation of the other parts is
omitted here because they are similar tasks. Figure 7 shows
(a) the input images and the attention points, (b) the predicted
images, and (c) the bird’s eye view during the task. This is
the case where part B is on the camera side rather than the
hole, and occlusion occurs. The attention points are on the
hole and the part, which are important for the task. During
the task, the hole occludes, and a shadow is generated by
the approach of the part, but the operation does not become
unstable, and the task is successful.

VI. CONCLUSION

Inspired by the sensory processing of the human brain,
we developed a DPL model that refers to the distributed
and integrated processing of multiple modalities. Simulation
results demonstrated the effectiveness of the model in terms
of success rate and smoothness of motion in multiple tasks.
We also demonstrated a successful chair assembly task,
which included occlusion and shadow generation, with two
real robots.
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