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Abstract— Research aimed at enabling robots to acquire not
only repetitive and simple tasks but also complex and delicate
tasks is receiving significant attention to expand the use of
robots to support and replace workers. Imitation learning is
one of the promising approaches to enable robots to learn
complex human skills with minimal learning cost. However,
since the motion data generated by human-operated robots
serves as the reference motion for the robot, it is difficult for the
robot to acquire fast and smooth motions that surpass human
operation. In this paper, we propose a data augmentation
method to generate faster and smoother motion data by
adjusting the robot’s motion output from the trained model. By
utilizing model predictive control (MPC) for motion adjustment,
it becomes possible to balance trackability to the original
motion and smoothness of the motion through the design
of the evaluation functions and constraints. The robot can
perform tasks efficiently and robustly by continuously learning
augmented motion data that has been optimized using MPC.
We demonstrate through experiments on object picking and
placing task that higher-quality motion data generated in the
real-world.

I. INTRODUCTION

In the background of remarkable progress in learning-
based robot motion generation technologies, researches to
promote task support and automation with robots in the
industrial fields are accelerating. Many research teams are
working on the development of end-to-end methods that
directly output robot motion commands from sensor infor-
mation as input, enabling robots to acquire complex skills.
[1], [2]. Specifically, through researches adopting imitation
learning, robots are beginning to succeed in complex tasks
that were difficult to achieve using conventional methods [3],
[4].

The authors also propose an imitation-based robot motion
generator, called deep predictive learning (DPL) [5]. DPL
uses time-series data including the robot’s joint angles and
camera images as input data and trains a model to minimize
the prediction error between the current and next step data.
By introducing a spatial attention mechanism that automati-
cally extracts important points from input images, DPL not
only reduces the preprocessing costs that require annotation
work but also performs robustly against background changes.

Imitation learning, including DPL, can generate complex
robot motion similar to those performed by humans with
lower learning costs compared to other learning methods
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such as reinforcement learning. However, since the motion
data generated by human-operated robots become the refer-
ence motions for the robot, it is difficult for robots to acquire
skills that surpass human operation. Due to limitations in
the operability of the devices used to generate motion data,
there are also limitations in improving data quality in terms
of speed and smoothness of robot motions. As a result, there
are concerns that the robot’s task execution speed, accuracy,
and reliability may fall below the inherent capabilities of the
robot system. While leveraging the advantages of imitation
learning to acquire complex skills with low learning costs,
it is desirable to refine the acquired skills continuously.

In this paper, we propose a data augmentation strategy to
generate higher quality motion data by adjusting the robot
motions in the real-world. By utilizing model predictive con-
trol (MPC) for smoothing the speeded-up robot’s motions,
it becomes possible to balance trackability to the original
motion and smoothness of the outputted motion through
the design of the evaluation functions and constraints. This
strategy allows the robot to move faster and smoother without
decreasing the success rate of the originally acquired tasks.
We conduct experiments where the actual robot performs
the object picking and placing task at double speed, and
demonstrate that efficient motion data can be generated
by correcting the robot motions through the proposed data
augmentation.

II. RELATED WORKS
A. Learning-Based Robot Motion Generation

Recent years have seen significant progress in learning-
based methods in an end-to-end manner for robot motion
generation. In the field of reinforcement learning, many
researches are being conducted on the application of deep
reinforcement learning to robot manipulation [6]. As repre-
sentative approaches, methods for transferring skills acquired
in simulation to real-world [7] and for directly applying
asynchronous reinforcement learning in the real-world [8]
have been proposed. However, efficiently exploring and
acquiring motions for multi-degree-of-freedom manipulators
still requires high learning costs.

Imitation learning that includes image information in the
teaching data is currently a hot topic to acquire complex and
delicate human skills. Action Chunking with Transformers
(ACT) [3] and Diffusion Policy [4] are the most powerful
approaches that have been successful in acquiring various
manipulation skills using image and angle information as
inputs. There are studies that utilize additional information
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such as force information [9], tactile information [10], and
language communication [11] as input. Furthermore, in re-
cent years, large-scale motion foundation models trained on
vast amounts of motion data such as π0 [12], GR00T [13]
and Octo [14] have begun to be proposed. In this paper,
we adopted DPL as imitation learning model because it can
quickly generate robot motion and is robust to background
changes in images. These advantages are useful for generat-
ing faster motions for motion data augmentation.

B. Data Augmentation for Imitation Learning

In imitation learning, since the quantity and quality of
training data directly affect the quality and robustness of
robot motions, data augmentation is one of the important
issues [15]. Augmenting image data to improve environmen-
tal robustness is the most common approach, and methods
such as random shift and bilinear interpolation are well
known for image data augmentation [16], [17]. One of these
approaches involves utilizing generative models for data
augmentation, and Yu et al. directly generate unseen training
images from natural language [18]. Additionally, research
has advanced on approaches that augment a small amount of
demonstration data using simulation, including methods for
generating robot trajectory candidates [19] and techniques
for supplementing initiations through simulated transitions
[20]. These approaches can generate large amounts of data
with minimal effort, but ensuring data quality and adapting
to the real world remain-challenging issues.

On the other hand, research has also been conducted on
modifying motion data collected once or motions acquired
by robots through human intervention. Xu et al. proposed a
method in which a human directly intervenes to modify the
robot’s motions during operation [21]. Inami et al. proposed
motion modification method that utilizes bilateral control
to modify the force applied by a robot [22]. Additionally,
alternative augmentation approaches such as modifying the
data sampling of collected data [23] and introducing variable
speed adjustments [24] have begun to be proposed.

In this paper, by utilizing MPC for motion correction,
we generate high-speed and smooth robot motion data by
smoothing motions accelerated by a certain factor from the
original motion. We believe that the proposed method has
the following advantages.

(i) By smoothing the accelerated motions, our augmenta-
tion method can generate motion data that the robot
can follow more easily from a control perspective.

(ii) It is possible to maintain trackability to the origi-
nal motion, thereby suppressing the divergence from
learned behaviors, namely the distribution shift prob-
lem.

(iii) Since data augmentation is performed on the real-
world, the consistency between the accelerated motion
data and the vision data is maintained, making it less
likely to adversely affect the task success rate and
position generalization.

III. METHOD

A. Architecture for Fast and Smoothed Motion Data Aug-
mentation

Fig.1 shows the overview of the proposed data autmen-
tation architecture. The proposed architecture consists of
three parts: a reference trajectory generator including the
DPL as a learning model, MPC, and a position controller.
The reference trajectory generator calculates a reference
trajectory Xref by recursively using the DPL. We used
spatial attention recurrent neural network (SARNN) as DPL
network. SARNN explicitly extracts the spatial coordinates
of important points (such as target objects and a robot
arm) from the input image and learns those points and
the robot’s joint angles. This inference strategy significantly
improves the robustness of motion generation to changing
environmental conditions. For more details on this learning
model, see reference [25].

Let the state vector including the image and angle at
discretized time step t be st = [it,θt], the predicted state
ŝt+1 = [̂it+1, θ̂t+1] at the next time step t+1 by the SARNN
can be expressed as

ŝt+1 = fSARNN (ŝt) (1)

where, fSARNN is the prediction function of an inference
processing that encompasses a series of encode and decode
processes from the initial input to the final output. By
repeating this calculation, the reference trajectory is obtained
as

Xref = [x̂0, x̂1, · · · x̂Nr
] (2)

x̂t = [θ̂t,
ˆ̇
θt] (3)

Where Nr is the length of the reference trajectory, and
ˆ̇
θt is the reference velocity at time step t. Since DPL does
not predict angular velocity, a temporary constant is set
to ˆ̇

θt. The reference trajectory generator can arbitrarily set
the speed multiplier, and can change the motion speed by
adjusting the time step size ∆t to the desired value.

MPC takes the reference trajectory Xref as input and
outputs the optimal state sequence Xopt and input sequence
Uopt that minimizes evaluation functions. In this study,
the designed MPC works as a smoother for the reference
trajectory Xref and the optimal state sequence Xopt corre-
sponds to the smoothed reference trajectory. The calculated
optimal state sequence Xopt is output to position controller
to calculate the control command ucom for the robot. In
this architecture, we assume that position controller is a
simple feedback controller such as PID controller. Finally,
the joint angles of the motions reproduced by the robot and
the observed vision data are stored as time-series data to use
for continual learning.

B. Formulate Optimization Problem for MPC

We use MPC to smooth out the vibrations and excessive
acceleration/deceleration in speeded-up robot motion. Let the
robot’s state be xk = (θk, θ̇k)

T and control input be uk at
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Fig. 1: Architecture to augment the robot motion data with MPC.

Algorithm 1 Calculate Optimal State Xopt

Require: θobs, iobs
Ensure: Xopt

1: ŝ0 ⇐ iobs,θobs
2: while t = 0 to Nm do
3: ŝt+1 ⇐ fSARNN (ŝt)
4: end while
5: Xref ⇐ [x̂0, x̂1, · · · x̂Nr

]
6: if MPC is used first time then
7: x0 ⇐ θobs, θ̇obs
8: U ⇐ 0
9: else

10: x0 ⇐ x0,opt,pre

11: U ⇐ Uopt,pre

12: end if
13: Minimize cost function J by OSQP
14: Obtain optimal solution Xopt and Uopt

15: Output Xopt to the position controller

discretized time step k. We design the evaluation function J
to be minimized in MPC as

J = φ(xNm) +

Nm−1∑
k=1

(L1(xk) + L2(uk,uk−1)) (4)

φ(xNm) = (xNm − x̂Nm)TS(xNm − x̂Nm) (5)

L1(xk) = (xk − x̂k)
TQ(xk − x̂k) (6)

L2(uk,uk−1) = (uk − uk−1)
TR1(uk − uk−1) + uT

kR2uk

(7)

where, Nm is the length of the prediction horizon. φ is the
terminal cost to ensure convergence to a reference trajectory
at the final state. L1 is the stage cost to track each waypoint
in the reference trajectory. L2 is the stage cost related to the
input, the first term is an evaluation function for suppressing
excessive input, and the second term is for suppressing
excessive input changes. S, Q, R1, and R2 are the weight
coefficient matrix for each cost. By increasing the weight
coefficient R1, MPC can correct the reference trajectory to

be smoother. Note that the weight coefficients S and Q must
be sufficiently large to prevent significant deviation of the
corrected motion from the original motion. If these weight
coefficients are set too small, the motion trajectories may
be excessively corrected, which could prevent the learning
model from generating proper motions.

The reference trajectory Xref = [x̂0, x̂1, · · · x̂Nr
] and

the state sequence X = [x0,x1, · · ·xNm ] can be set to
different time steps. Here, let the time step size of the
reference trajectory be ∆t and the time step size of the
state sequence be ∆k, the relation between ∆t and ∆k
becomes as ∆k = α∆t, where α is the scaling factor. ∆t
corresponds to the sampling period of the imitation motion,
and ∆k corresponds to the sampling period of the controller,
so typically 0 < α ≦ 1.

Then, the reference trajectory Xref is rediscretized with
a time step k and rewritten as x̂k = x̂⌊αt⌋, where ⌊·⌋ is
the floor function to extract the integer value. This means
that the discretization is done to obtain a zero-order hold of
the original reference trajectory. It is also possible to derive
the reference waypoints before and after the target point by
linear interpolation.

Finally, the optimization problem to minimize these costs
is defined as follows:

min
X,U

J = φ(xNm
) +

Nm∑
k=1

{L1(xk) + L2(uk,uk−1)} (8)

s.t. x0 = xcur (9)
xk+1 = Adxk +Bduk (10)
xmin ≦ xk ≦ xmax (11)
umin ≦ uk ≦ umax (12)

where, xcur is the current joint angles and angular veloci-
ties, either the observed states xobs or the states x0,opt,pre

optimized in the previous step are used. xmin and xmax

are the minimum and maximum state, umin and umax are
the minimum and maximum control input. Ad and Bd is
the linear state equation of the robot. This optimization
problem is a quadratic programming problem and can be
solved by a quadratic programming solver. We used an
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Fig. 2: Experimental environment and robot system used in
the experiment.

operator splitting quadratic program (OSQP) which can solve
quadratic programming problems quickly [26]. In this study,
we assume that the state equation of the robot Ad, Bd is
linear to use a quadratic programming solver like OSQP. As
in reference [27], we adopted a constant acceleration model
with joint angle acceleration as the control input u.

The procedure of calculating optimal state sequence Xopt

and input sequence Uopt is summarized in Algorithm 1.
First, the observed image iobs and angles θobs are used
as the initial predicted state ŝ0, and recursive calculation
of state prediction is performed by the SARNN. Then the
optimization problem is solved by OSQP. Here, initial guess
solution of input sequence U is set to zero and observed
joint angles θobs and angular velocities θ̇obs are used for
initial state x0 in case that MPC calculation is the first
time. Otherwise, the optimal solution from the previous MPC
calculation Xopt,pre and Uopt,pre used as the initial guess.

IV. EXPERIMENT

A. Experimental Setup

We conducted experiments to confirm that the proposed
data augmentation method can generate high-speed and
smooth motion data in real-world. Fig.2 shows the exper-
imental environment and the robot hardware used in the
experiment. In this experiment, a humanoid robot equipped
with a parallel gripper at the end of an 8DoF arm was used to
perform a picking and placing task. The robot performs a task
of picking up one garment from inside the washing machine
and placing it into a basket nearby. The entire process of
picking and placing task was continuously measured by a
camera mounted on the robot’s head. This operation was
performed 20 times by manual operation and joint angles
and image time-series data were collected. The collected
motion data was downsampled to 10Hz and used as training
data. The proposed control architecture was implemented on
a mini-PC equipped with an Intel 13th Gen Intel® Core™
i7-1360P processor and 32 GB of RAM. The quadratic
programming solver OSQP is implemented using the open
source optimization library CasADi [28].

When performing data augmentation, two approaches were
taken: executing the learned original motion at the same

speed of 10Hz and at twice that speed of 20Hz. For each
motion speed, the generated motion data were compared in
two scenarios: one where the motion was smoothed using
simple linear interpolation and another where smoothing
was performed using MPC. The smoothness of the motion
data was evaluated based on motion speed, acceleration, and
jerk. The weight coefficients S,Q,R1, R2 were also tuned
in advance using a double-speed motion data. Note that, to
speed up the processing time of MPC, MPC was applied
only to the five joints starting from the robot’s arm base
(shoulder), where inertial effects are more pronounced during
motion. On the other hand, linear interpolation was applied to
the remaining three joints near the end-effector. By applying
MPC only to the joints that require high-level smoothing, it
became possible to operate MPC at a cycle close to 200Hz.

B. Experimental Results and Discussions

Fig.3 shows an example of the data augmentation when the
robot moves at double speed using MPC. The top row of the
figure shows a sequence of the robot’s motions: from 0 to 6
seconds, the robot grabs and takes out the garment; around 8
seconds, it places the garment into the basket nearby; finally,
the robot’s right arm returns to its initial posture. The bottom
row of the figure shows the inside of the washing machine,
where it can be seen that the garment was picked out by the
robot from 0 to 6 seconds.

Fig.4 shows two graphs comparing the original motion
data and the double-speed motion. Here, the joint angle
trajectories are plotted, and it can be confirmed that the
motion time for the double-speed data is approximately half
that of the original motion data. Additionally, the solid lines
in the graphs represent the measured actual trajectories, while
the dashed lines indicate the target trajectories smoothed by
MPC. It can be confirmed that even at double speed, the
actual trajectories follow the target trajectories closely.

Fig.5 illustrates the comparison of acceleration and jerk
that occurred in the generated motion data when using linear
interpolation versus MPC. Compared to smoothing with lin-
ear interpolation, the graphs show that smoothing with MPC
results in smaller magnitudes of acceleration and jerk. Table
I summarizes the average absolute velocity, acceleration, and
jerk of the generated motion data under four conditions with
varying motion speed multipliers and smoothing methods.
It can be confirmed that, for both the original speed and
double speed operations, the acceleration and jerk are smaller
when using MPC compared to linear interpolation. Regarding
the double-speed operation, it is confirmed that using MPC
reduces the magnitude of acceleration by approximately 30%
and the magnitude of jerk by approximately 48%. On the
other hand, when using MPC, the average speed is about
4% lower compared to using linear interpolation, but this
difference is considered to have a smaller impact relative to
the reductions in acceleration and jerk.

Based on the above results, we believe that utilizing MPC
enables the robot to generate motion data that allows for
more efficient task performance. Note that it is important
that the robot successfully completes the task during data
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Fig. 3: Snapshot of the picking and placing task performed by the robot.

TABLE I: Comparison of velocity, acceleration, and jerk under each condition.

Condition Average absolute velocity [rad/s] Average absolute acceleration [rad/s2] Average absolute jerk [rad/s3]

Linear interpolation (10Hz) 1.614 4.988 55.823
MPC (10Hz) 1.581 3.975 39.757
Linear interpolation (20Hz) 3.129 15.858 169.560
MPC (20Hz) 2.982 12.120 114.799

Fig. 4: An example of motion data accelerated to double
speed generated using MPC.

augmentation. Even if the robot can generate high-speed
and smooth motions, using motion data that resulted in task
failure for training can lead to a decrease in the task success
rate. This is essentially a distribution shift problem, which
makes tuning the weight coefficients of MPC more difficult.
We believe that performing data augmentation that captures
the dynamical features of robot motions, as in reference [29],
enables motion correction to prevent the learning model from
encountering unknown states.

V. CONCLUSION

We proposed a data augmentation strategy that uses MPC
to smooth double-speed motion data for continuously learn-
ing more efficient robot motions. In the proposed architec-
ture, the DPL generates a reference trajectory to achieve
the specified speed multiplier, while MPC corrects the tar-
get trajectory to minimize the generated acceleration and
jerk, maintaining trackability of the reference trajectory. By
executing the task while reproducing the corrected target
trajectory, motion data is augmented in the real-world while
maintaining consistency between vision data and motion
data. We validated the effectiveness of our method on a task
where the robot picks up a garment in the washing machine,
and quantitatively confirmed that utilizing MPC enables the
generation of motion data with smaller acceleration and jerk.

We believe that the proposed data augmentation strat-
egy contributes to the robot acquiring more efficient skills
through imitation learning. It is expected that enabling the
robot to move faster and more smoothly enables it to com-
plete tasks in a shorter time without decreasing the success
rate. In future work, we verify that the robot can perform
tasks more efficiently through continual learning using the
augmented motion data.
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