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Abstract— In human-robot collaborative tasks, learning-

based models that can deal with behavior beyond the scope

of human description are progressing rapidly. Deep learning is

e↵ective in capturing complex nonlinear relationships, making

it valuable in scenarios with intricate interactions between

the environment and tasks, such as collaborative tasks. Deep

learning improves the performance by incorporating multiple

information sources. Human knowledge, which is regarded

as supplemental information obtained from the environment,

has been shown to enhance the generalization ability of task

execution when it is appropriately incorporated into the learn-

ing process for robot motion generation. Among the various

models, those that utilize action labels subjectively defined

by humans for robot behavior enable the robot to compre-

hend its own actions better, leading to higher generalization.

This approach also suggests that estimating human actions

contributes to predicting robot movements in human-robot

collaboration (HRC). However, the performance of learning-

based methods is significantly influenced by the quality of

the training data. Therefore, capturing appropriate human

information and integrating this information into the learning

process are critical for improving the ability of the robot to learn

collaborative tasks. In this study, we propose a learning model

that not only provides a robot with action labels for its own

behavior but also includes human action labels, encouraging

the robot to respond to human actions. The optimal amount

of human information to be used in learning is evaluated by

adjusting the methods for defining human action labels and the

quantity of human data utilized. Experiments were conducted

with a task in which the robot handled the manipulation of jigs

in an assembly operation involving both humans and robots.

The results of the learning process suggest that estimating

human behavior can assist in generating collaborative robot

actions.

I. INTRODUCTION
Robots have been increasingly adopted as a solution to

worker shortages. With the increasing use of collaborative
robots in industrial settings and daily environments, there
is a growing need for seamless human-robot interaction.
The required robotic environments have shifted from those
in which robots operate independently to those in which
humans and robots work collaboratively, making research in
this area increasingly important [1]�

Collaboration between robots and humans realizes the
combination of the precision, speed, and repeatability of
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robots with the flexibility and cognitive skills of humans.
This collaboration allows for the maintenance of system
e�ciency regardless of human skill or condition [1], [2].
That is, HRC complements the abilities of both humans
and robots by combining their strengths to enable more
e�cient operations. In HRC, various control methods have
been investigated to ensure that robots can collaborate with
humans safely and e�ciently. In model-based approaches,
the actions of robots are modeled and their movements
are planned and controlled based on physical laws and
control theory. For example, model-based approaches such
as impedance control and optimal control [3] allow robots
to respond flexibly to the forces exerted by humans or the
environment. This ensures human safety while improving
the precision and e�ciency of collaborative tasks. However,
model-based methods face challenges in adapting to complex
and dynamic environments.

Programming-free multimodal communication and control
methods have been actively researched [4]. As one of the
collaborative methods, robots adapt to changes in human
actions and the environment by dynamically modifying pre-
planned movements. Human and environmental recognition
plays a crucial role in adapting to external changes [5].
Pre-programmed robots also have limitations in terms of
their adaptability to such external changes. Because hu-
mans can exhibit behaviors beyond predefined descriptions,
learning-based approaches are considered highly e↵ective,
particularly those that employ deep learning models that are
capable of advanced recognition and decision-making [6]–
[8]. Learning-based methods, including deep learning, are
influenced by the quality of the training data, which must be
processed into a suitable form for learning. The identification
and integration of useful information are necessary.

Deep learning, which can model complex dynamics, has
emerged as an approach for robotic manipulation tasks.
Levine et al. demonstrated that the end-to-end learning of the
images and motions of the robot enabled robots to perform
manipulation tasks directly based on perceptual data [9].
Mukherjee et al. showed that deep learning methods are
e↵ective for robotic manipulation in HRC tasks [10].

Multitask learning with appropriate auxiliary information
can improve the learning performance [11]. Human knowl-
edge is an auxiliary modality that supports learning [12],
[13]. In the generation of robotic movements, auxiliary in-
formation based on human knowledge improves the learning
accuracy. For example, learning models that incorporate
auxiliary information based on the subjective categorization
of robot actions by humans have exhibited greater generaliz-
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Fig. 1: Overview of our proposed model. Two label-LSTMs
classify the action labels of the human and robot and a
motion-LSTM predicts the future visuomotor information.

ability because their models enable robots to recognize and
classify their own actions [14].

Providing auxiliary information regarding human actions
allows robots to obtain information relating to all con-
tributors to state changes, which is expected to improve
the generalizability of the task execution. Furthermore, by
recognizing and classifying auxiliary information related to
human and robot actions, it is possible to explain the basis on
which robot movements are generated. This clarifies whether
the actions of the robot are spontaneous or a result of
considering human conditions.

In this study, we aim to apply a motion generation model
that provides robots with label information regarding human
conditions, in addition to robot action labels, to HRC tasks.
This approach promotes the ability of the robot to recognize
and predict human actions. As shown in Fig. 1, the learning
model consists of three long short-term memory (LSTM)
modules: two label-LSTMs and one motion-LSTM, which
estimate the actions of both humans and robots.

The two label-LSTM modules are trained to classify aux-
iliary information regarding both humans and robots based
on current visuomotor and biometric data. By classifying the
auxiliary information, the system can simultaneously account
for the states of both humans and robots. The predicted
action label information is then used to enhance the learning
capability of the motion-LSTM.The label information clas-
sified by the label-LSTMs may vary in reliability. This is
addressed using a gated mechanism that is trained to predict
the confidence level of the label information. The motion-
LSTM learns to predict the visuomotor and human data
of the next time step from the current data and classified
label information. The predicted visuomotor and human
data are used to generate robot movements. Therefore, our
model considers both the human and robot states in parallel,
enabling the learning of collaborative tasks.

In the experiment, we used a 6-DoF robot (UR5e), along
with workspace image and human data, to perform a collabo-

rative task. The experimental task involved the collaboration
of humans and a robot to assemble an airplane toy. In this
study, we focused on the robot’s manipulation of parts during
the assembly process and collected data accordingly. The
results suggested that, by labeling human actions, the robot
could grasp both human and robot behaviors, enabling partial
task completion in untrained positions.

II. RelatedWork

HRC combines the precision, speed, and repeatability of
robots with the flexibility and cognitive skills of humans,
enabling more e�cient and adaptable operations. To achieve
this, methods incorporating deep learning, which provides
advanced recognition and decision-making capabilities, have
increasingly been developed.

Hongyi et al. researched deep learning-based robot inter-
faces for HRC and integrated three methods, namely speech
recognition, hand movement recognition, and body posture
recognition, into a multimodal interface [6]. Mascaro et
al. equipped assistive robots with the ability to recognize
human-object interactions. This enabled the robots to pre-
dict the behaviors and needs of nearby humans accurately,
thereby facilitating more e�cient and intuitive collaboration
between humans and robots [15]. Consequently, robots have
been shown to generate motions that consider human condi-
tions by estimating human actions. In this study, the proposed
model generates robot actions based on the recognition and
prediction of human behavior. The model used in this study
demonstrates that action recognition and motion generation
influence one another during learning. In terms of robot mo-
tion generation, this model allows the sequential correction
of actions based on behavior recognition. Thus, by applying
this model to HRC tasks, robots are expected to be able to
adjust their movements continuously in response to human
actions.

Deep learning has also been applied to tasks involving
standalone robots. Through multitask learning with auxiliary
information, the robot has access to abundant environmental
data, allowing it to capture the features necessary for task
execution and leading to higher precision in motion genera-
tion [16]. The modalities used for learning include visual,
language, and motor information [9], [17], [18]. Human
knowledge, such as feedback and human preferences, is a
modality that can support the learning process [12], [13].
Stepputtis et al. conducted training by adding linguistic
explanations that included the intent of the operator during
demonstrations, maintaining correlations among language,
perception, and motor functions. The robot considers the
intent of the operator, which improves the control accu-
racy [19]. Tanwani et al. achieved the self-segmentation
of corresponding movements by employing metric learning
with video data classified by humans based on positive and
negative examples [20].

Auxiliary information, which humans subjectively define
to describe robot behavior, is another form of human knowl-
edge. Kase et al. explicitly used the auxiliary information
on actions derived from human knowledge to improve the

1042



precision of robot motion generation [14]. In this model, the
use of auxiliary information on actions promotes the self-
recognition of the movements of the robot, thereby allowing
robots to handle objects with complex and variable shapes.
In this study, by applying auxiliary information to human
actions, we aim to facilitate the recognition of both human
and robot actions by the robot. Specifically, we propose
a learning model that incorporates a training mechanism
for human-related auxiliary information into a pre-existing
model. By independently learning the auxiliary information
for human and robot actions, the robot can distinguish
between the two and recognize each. In addition, because the
model can predict human behavior, the origin of the motion
generation of the robot is clarified. In the experiment, we
used tasks involving human intervention to train the model
and explored its applicability to HRC tasks.

III. Method

This section describes a method for generating collabo-
rative task behaviors using predictive learning, utilizing the
classification of human-robot action labels.

A. Motion Generation Model Using Action Labels
The method proposed by Kase et al. [14] exhibits higher

generalization in motion generation compared to conven-
tional approaches by leveraging action labels annotated by
humans for the robot motion generation. In this context,
separate action label information for humans is created in
addition to the action labels of the robot to facilitate the
robot’s understanding of human behavior.

In this study, we employ a predictive learning model that
extends the GAMPL proposed by Kase et al. [14]. The
learning model is illustrated in Fig. 1. GAMPL is trained
to predict the motion sequence at the next time step t + 1
from the current time step t. For application to collaborative
tasks, this study introduces an additional label-LSTM to
predict human action labels. Following the classification
of the robot and human action labels from the current
visuomotor information using two label-LSTMs, the motion-
LSTM predicts the future visuomotor information.

Both the human and robot action labels aaa(h)
t �aaa(r)

t are
classified based on the image feature vectors zzzt, positions
of the robot joints qqqt, and human skeletal position data ssst.
The output is normalized to a probability distribution using a
softmax function. The gating mechanism is designed to pre-
dict the reliability of the labels and adjust the informational
weight of the labels used for motion prediction, thereby
enabling the e↵ective utilization of action labels in predicting
movements. The two label-LSTMs are expected to memorize
the probabilities of all labels and their transitions. The gating
mechanism outputs confidence scores g(r) and g(h) between 0
and 1. The levels of action label information are adjusted to
g · aaa by multiplication with the gating scores. Action labels
classified from the visuomotor and human skeletal position
data are fed into the motion-LSTM after passing through
the gating mechanism, which are then used to predict the
future visuomotor information. This process is repeated until

the task is completed, allowing the model to classify action
labels online without requiring label annotation during the
inference time.

In HRC tasks, human actions tend to be more diverse than
robot actions, and ambiguity are considered to develop in the
data. The structure of the proposed model, which mitigates
the negative impact of low-confidence label predictions on
learning, is expected to be applicable to HRC tasks.

As shown in Fig. 1, the input information consists of
the visuomotor state yyyt, which is a concatenation of the
dimensionally reduced image feature vector zzzt, joint angles
of the robot arm qqqt, and skeletal position data of the human
ssst at the t-th timestep. The label-LSTM classifies the action
label aaat. The loss function of the label-LSTM uses the top-
one label (TOL) loss proposed by Kase et al. [14].

The TOL loss is similar to the binary cross-entropy loss,
but only considers the loss of the highest probability (top
one) to interpret action ambiguity. The TOL loss LTOL is
expressed as follows:

LTOL =
1
N

1
T

NX

n=0

T�1X

t=0

✓
�l̂nî,t log lnî,t � (1� l̂nî,t) log(1� lnî,t)

◆
(1)

î = argmax
i

li, (2)

where l denotes the predicted logit outputs and l̂ denotes
the ground-truth label. i and î denote the label classes and
label class with the largest logit, respectively.

The visuomotor information predicted by the motion-
LSTM is optimized by minimizing the mean squared error
(MSE) loss between the predicted ŷyyn

t+1 = {ẑzzn
t+1, q̂qq

n
t+1, ŝss

n
t+1} and

true environmental state yyyn
t . The MSE loss LMS E is expressed

as follows:

LMSE =
1
N

1
T

NX

n=0

T�1X

t=0
kŷyyn

t+1� yyyn
t+1k2, (3)

where T denotes the total time step of the sequence, N is the
index of the time-series data, t is the index set of the time
steps, and n is the index set of the sequential data.

The sum of LTOL and LMSE,

L = LTOL+LMSE, (4)

is used as the training loss, and the learnable parameters are
updated using the gradient descent method.

This study incorporates 2D human skeletal position data
into the learning process to generate robot motions according
to human movements. Human skeletal positions are also
included in the label-LSTM of the robot to classify the robot
actions based on human movements. The e↵ects of human-
related information for the task are evaluated by varying the
amount of skeletal position data used in training.

B. Human Action Labels
Kase et al. [14] improved the generalization of robot

motion generation by labeling the robot’s actions as aux-
iliary information. Humans and robots play distinct roles
in collaborative tasks owing to their di↵erent capabilities.
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Human actions can be categorized into work processes and
positions. In this study, the human action labels are obtained
by combining two categories at di↵erent levels of abstraction.
The first category is the work process, which is classified
into two broad categories: “collaboration,” when humans are
working on a common task with the robot, and “solo,” when
humans are working alone. The second category involves the
work positions in which the human interacts with the robot
in collaborative tasks.

IV. Experiment
We designed a task in which a human and a robot collab-

orated to assemble an airplane toy to evaluate the proposed
framework. To investigate the influence of the recognition
of human behavior on the motion generation of the robot, a
learning task was established in which the robot manipulated
a jig for a part according to the human behavior. The goal
of the task was for the robot to present parts in the correct
orientation and position, as requested by the human. We
employed a 6-DoF UR5e robot arm [21] equipped with a
Robotiq 2F-85 gripper [22]. The task was performed using
the MoveIt! motion planning framework [23]. The robot
motion data generated through the motion planning were
used as the training data.

As shown in Fig. 2(A), the human operator was positioned
facing the robot and attached parts to the aircraft body held
by the robot. The robot assisted the operator by adjusting the
aircraft orientation. The specific procedure for this task was
as follows:

1) The operator presented the wing part and the robot
adjusted the aircraft body to align with the presented
part. The operator then attached the part to the aircraft
body.

2) The operator independently assembled the front wheel
component.

3) The operator installed both the front and rear wheel
components on the aircraft body held by the robot.

For the training data, we collected 100 samples for each
of the three collaborative work positions, with the positions
shifted by 80 mm, as shown in Fig. 2(B). For the evaluation,
we collected 10 samples from each of the two intermediate
positions between the training positions.

The joint angles of the robot, state of the gripper, RGB
images, and 2D positional ions of the human skeleton were
fed into the learning model. The RGB images were captured
using a camera fixed above the workspace, covering the
entire task area, and were resized to 96 ⇥ 72 for training
purposes. In this task, because the operator was seated,
significant movement occurred only in the upper body.
The skeletal data were captured using a camera placed in
front of the operator. The positions were estimated using
OpenPose [24]. As shown in Fig. 2(C), the skeletal positions
of the wrists, elbows, shoulders, and eyes were extracted.
Three learning conditions were applied for di↵erent types
of skeletal positions input to the learning model: (a) no
skeletal information, (b) wrist data only, and (c) wrist, elbow,
shoulder, and eye data.

Fig. 2: Experimental settings. (A) Collaborative task. The
operator switched the collaborative and independent works.
(B) Acquisition position of the training data. (C) Location
of human skeletal positioning information.

Fig. 3: Example of human and robot action label setting�
(A) Human action labels were divided into independent and
collaborative tasks based on the type of action. (B) Robot
action labels depended on the robot motions.

Fig. 3 shows an example of the action label settings. Hu-
man actions were classified into “Solo” (independent work)
and “Collaboration” (collaborative work) based on the type
of task, and “Collaboration” was subdivided according to the
task position. The subtasks, which were divided into solo and
collaborative tasks, were repeated sequentially in the overall
task. In this experiment, task steps (1) and (3) corresponded
to collaborative work, while step (2) corresponded to solo
work, resulting in a label transition of “Collaboration” ⇡
“Solo” ⇡ “Collaboration.” As the “Collaboration” task was
subdivided by position, the label transitions for a single
dataset would be “Right” or “Center” or “Left” ⇡ “Solo”
⇡ “Right” or “Center” or “Left.”

During training, the image data were compressed into 10
dimensions using a convolutional autoencoder. The visuo-
motor information yyy for learning consisted of concatenated
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Fig. 4: Classification results for human action labels at an
untrained position between the Left and Center labels.

10-dimensional image features zzz, 7-dimensional robot joint
angles and gripper states qqq, and 0-, 4-, or 16-dimensional
human skeletal position information sss, resulting in a total
of 17 to 23 dimensions. The action labels aaa(h) and aaa(r) were
generated by the respective label-LSTMs. The dimensions of
the action labels were determined based on the number of
label classifications; in this experiment, the human label was
4-dimensional and the robot label was 3-dimensional.

The proposed method was evaluated based on the clas-
sification of human labels at untrained positions, accuracy
of the motion predictions, and trajectories of the predicted
motions. In addition, we examined the influence of human
skeletal position information on learning.

V. Results and Discussions
A. Classification Results for Human Action Labels

Fig. 4 shows the results of the classified human action
labels at an untrained position between the “Center” and
“Left” labels. The vertical axis represents the action labels
and the horizontal axis represents the time steps. The first
row of the graph shows the predicted probabilities and the
second row displays the label with the highest prediction
probability. The dotted lines indicate the time steps for task
steps (1), (2), and (3) described in Fig. 2(A). The left dotted
line indicates the transition from “Solo,” based on task type,
to “Left,” “Center,” or “Right,” based on task location. The
right dotted line represents the reverse transition back to
“Solo.” In the first row of Fig. 4, “Center” and “Left” are high
for task steps (1) and (3). The second row of the graph in
Fig. 4 also fluctuates between these two labels. This suggests
that, although the labels for untrained positions were not
provided during training, the model could infer labels at
untrained positions.

B. Prediction Results for Robot Motion
The results of predicting the robot motion at the untrained

positions are shown in Fig. 5. This graph plots the horizontal
hand position of the robot from the perspective of the
operator. The vertical axis represents the position and the hor-
izontal axis represents the time steps. The red lines indicate
data for the trained positions (“Left” and “Center”), while
the blue line indicates the predicted data for the untrained

Fig. 5: Predicted tool center position of the robot at the
untrained work position CL. The red lines indicate the center
and left work positions. The green and blue lines indicate
the expected and predicted trajectories at the CL position,
respectively.

position between “Center” and “Left” (CL). The green line
denotes the midpoint of the hand position in the training data.
The hand position of the robot around the 90th time step,
when the robot finished presenting the part, corresponded
to the midpoint between the trained “Center” and “Left”
positions. This result shows that the proposed model can
present parts in the required position even if the position
is unlearned. However, the predicted position tended to shift
towards the trained positions over time while the human was
working. The absolute error between the midpoint of the
hand position in the training data and predicted result was
calculated. During the 30th to 90th steps, when the robot
was presenting parts, the mean error was 17.1 ± 5.47 mm.
After the presentation from the operator ended and the robot
was stationary from the 90th step onwards, the mean error
was 48.1 ± 2.07 mm. These results indicate that challenges
remain in maintaining a stable position after the presentation
from the operator.

C. Skeletal Position Information
We compared the learning accuracy by adjusting the

amount of skeletal information used for training under the
three conditions. The accuracy of the human action label
classification and motion prediction based on the amount
of skeletal position information are presented in Table I.
The accuracy was evaluated against the untrained work
positions, between “Center” and “Left” (CL) and between
“Center” and “Right” (CR). The accuracy of the human
action labels was evaluated based on the rates of correct
labels for the classification. The CL and CR labels were not
prepared during training; thus, the action labels regarding
the work positions considered the two closest positions as
the correct labels. The prediction accuracy of the visuomotor
information was evaluated using the MSE. We trained three
di↵erent learning models for each human skeletal condition
and evaluated their accuracy. Table I shows that the wrist
skeletal position information could e↵ectively contribute to
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TABLE I: Skeletal information quantity and prediction ac-
curacy

Human label [%] Joint
Mean Variance Mean Variance

No skeleton 82.1 1.95⇥10�1 18.3 22.8
Wrist only 92.6 6.11⇥10�3 23.1 27.5

All skeletons 82.4 1.65⇥10�1 29.9 62.5

the classification of human labels. However, the skeletal
information did not appear to contribute to the prediction of
the visuomotor information. In this experiment, both the hu-
man and robot label-LSTMs were provided with visuomotor
information and skeletal position data to classify the actions
while considering the human behavior. However, skeletal
location information was not found to be of significant value
in predicting robot movements. This result indicates that the
selection of the input information for each labelled LSTM
model is necessary.

VI. Conclusions and FutureWork
This study investigated the applicability of a motion gen-

eration model that utilizes human-related information in col-
laborative tasks. The proposed model comprises two LSTMs
that classify the actions of humans and robots based on
human knowledge. By providing the action labels of humans
based on independent and collaborative tasks, the proposed
model can classify the work position and predict collabo-
rative motions in assembly tasks. In collaborative tasks, the
generation of adaptive motions by robots is essential. In this
experiment, the label transitions were fixed for simplification.
However, these processes often involve multiple potential
pathways. Murata et al. demonstrated the adaptability to
situational changes in human-machine collaborative tasks
by dynamically adjusting the task goal states based on the
principle of minimizing prediction errors [25]. Our proposed
model may be adaptable to situational changes by incorpo-
rating dynamic adjustments to the goal states. Future work
will focus on developing a more intuitive method for creating
datasets using a remote control to build a learning method
that integrates the experience of adaptive tasks.
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