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Abstract— Imitation learning has gained significant attention
as a promising approach to enable flexible and generalizable
robot motion generation across diverse tasks. However, existing
models often suffer from long inference times, limiting their
applicability to high-speed and fine-grained tasks. Moreover,
while faster computation enables shorter inference cycles, it
introduces new challenges such as overcontrol and motion
instability when the inference frequency exceeds the sensor
sampling rate. To address these issues, we propose QDM-RNN,
a lightweight motion generation model that learns from slow but
high-quality demonstrations and remains robust under high-
frequency inference. Our method utilizes Softmax Transfor-
mation, which discretizes the robot end-effector pose into a
high-resolution probability distribution, enabling accurate and
smooth trajectory prediction. Furthermore, by incorporating
multi-timestep prediction, which simultaneously predicts sev-
eral future steps, our model mitigates instability arising from
the mismatch between sensor and inference rates, ensuring
consistent long-horizon motion generation. We validated the
effectiveness of our approach through real-world robotic ex-
periments on a Sport Stacking task, which requires both high
speed and precision. QDM-RNN maintained high success rates
and motion stability at speeds up to seven times faster than
demonstrations, and showed robustness to external disturbances
including background changes, lighting variations, dynamic
object perturbations, and obstacles.

I. INTRODUCTION

Achieving fast and stable execution of diverse motions is
one of the critical challenges in deploying robots in real-
world environments. Traditionally, high-speed visual recog-
nition in industrial tasks such as assembly and transportation
has relied on expensive high-speed cameras and dedicated
computing units based on FPGAs (Field Programmable Gate
Arrays) [1]. These systems enabled robots to follow pre-
defined, rule-based trajectories, facilitating automated op-
erations in structured environments. However, the set of
recognizable objects and environmental conditions was lim-
ited, and robots were restricted to fixed trajectories, making
them suitable only for fixed factory environments. For tasks
requiring real-time perception and motion planning, exten-
sive hand-coded programs were necessary, posing significant
development costs for achieving motion diversity.

To overcome these limitations, imitation learning has
emerged as a promising approach for robot motion gener-
ation [2]. In imitation learning, demonstrations―often pro-
vided via teleoperation―are used to collect sensor data that
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the model learns from, enabling the robot to flexibly respond
to environmental changes without explicit programming of
each trajectory. For instance, RT-1 [3] successfully executed
over 700 language-conditioned tasks by training on more
than 130,000 episodes of demonstration data. However, its
inference operates at only 3 Hz, making it unsuitable for
dexterous and precise actions. Similarly, Diffusion Policy
[4], a motion generation method based on diffusion models,
learns action distributions from tens to hundreds of demon-
strations and generates behavior through a reverse diffusion
process, allowing multi-modal behavior. Nonetheless, the
reverse process typically requires 20–100 inference steps;
increasing step count improves accuracy but incurs signif-
icant inference delays. While Denoising Diffusion Implicit
Models (DDIM) [5] reduce inference time by an order of
magnitude, they suffer from decreased prediction accuracy.
These results suggest that while imitation learning expands
the range of achievable motions, realizing high-speed motion
remains a major challenge.

With the advancement of computational resources, infer-
ence cycles can now be significantly shortened. However, this
introduces new problems. From a model design perspective,
when inference frequency is higher than the sensor sampling
rate (e.g., 30 Hz), the same sensor data will be input
for multiple sequential predictions. This leads to redundant
outputs and increases the risk of overcontrol, where minor
sensor noise results in unstable behavior such as unin-
tended oscillations, jerky end-effector motions, or excessive
corrective movements due to the system’s hypersensitivity
[6]. Additionally, in models involving sequential denoising
processes, such as diffusion models, excessively short control
cycles may result in too little environmental change per step,
potentially degrading prediction accuracy [7].

From a data quality perspective, imitation learning is
highly dependent on the quality of demonstration data pro-
vided by human operators. Teaching robots to perform fast
and precise motions is particularly difficult for humans, and
even slight deviations or delays during demonstrations can
degrade the trained model’s final motion quality and stability
[8]. Thus, in practice, it is more feasible for human operators
to provide slow but stable demonstrations, even when the
target execution is intended to be fast.

Given this context, we propose a motion generation model
that learns from slow and high-quality demonstration data,
yet achieves fast and stable motion prediction at inference
time. Specifically, we introduce a Softmax Transformation
[9], which enables fine-grained, smooth, and continuous
trajectory prediction by discretizing the robot’s motion into
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Fig. 1. Overview of the proposed Quantized Distributional Multi-timestep Recurrent Neural Network (QDM-RNN). (A) shows the overall process of the
model. The input is the sensor data at timestep t, and the model outputs the attention point at t+T and the hand poses for timesteps t+1 through t+T .
(B) shows the ground truth data, that are processed and used for computing loss for training the model in an end-to-end manner. Note that the hand pose
ât+1:t+T is only used for executing robot motions and not for training the model.

high-resolution probability distributions. In addition, we im-
plement multi-timestep prediction, allowing consistent and
robust motion generation regardless of the control cycle
length.

In real-robot experiments, the proposed method success-
fully performed at seven times the demonstration speed.
Moreover, it maintained appropriate motion generation even
under environmental disturbances, such as changes in back-
ground, variations in lighting, dynamic perturbations to ob-
ject positions, and the presence of obstacles.

II. RELATED WORK

Imitation learning (IL) for robotic manipulation must
address the mismatch that emerges when demonstrations,
typically collected at slow and safe velocities, are executed
at higher speeds during deployment. Increasing the execution
speed significantly alters the physical interactions in the
environment, resulting in dynamics that differ from those
observed during training. This discrepancy pushes the robot
into state regions outside the demonstration distribution,
exacerbating prediction errors during execution. Several prior
studies have explored different strategies to address this
challenge.

The first approach relies on using inherently time-
scalable motion representations. Dynamic Movement Primi-
tives (DMPs) encode trajectories in phase space, allowing
execution time to be smoothly stretched or compressed
by adjusting a single gain parameter while preserving sta-
bility [10]. Although elegant, each task typically requires
manual tuning of parameters, which quickly becomes fragile
and impractical for complex, contact-rich manipulation tasks
with many degrees of freedom.

A second approach addresses the issue through data
augmentation. Yamamoto et al. artificially accelerated tele-
operated grasp trajectories using time warping, enabling their
policy to intercept objects moving approximately twice as
fast as those seen in the original demonstrations, without
requiring additional robot trials [11]. However, purely data-
driven augmentation uniformly speeds up all phenomena

within the dataset―including physical processes (e.g., free-
fall) that should remain consistent―resulting in observations
with unrealistic physical interactions. To capture physically
accurate high-speed responses, Masuya et al. collected new
robot trajectories at varying speeds, by replaying an ac-
celerated version of a slowly taught motion data with the
robot, and using them for motion training. This real-world
augmentation led to a 55% improvement in wiping and pick-
and-place task performance [12]. Despite the performance
gains, this approach incurs significant trial costs, as each new
velocity setting requires careful supervision and substantial
data-collection time. When real-world experimentation is
impractical, Continual Domain Randomization (CDR) pro-
gressively broadens the range of inertia and friction parame-
ters in simulation, enabling policies to adapt to increasingly
faster dynamics [13]. Yet, sim-to-real gaps inevitably widen
precisely in nonlinear regimes encountered at high speeds. As
a computational alternative, the Proleptic Temporal Ensemble
enables robots to execute actions based on ensembles of
predictions made at multiple future timesteps. Specifically,
by combining predictions computed over several future steps,
robots effectively ”skip” inference delays and significantly
speed up task execution [14]. However, the computational
overhead grows linearly with the look-ahead depth, causing
memory and computational bottlenecks on embedded hard-
ware.

A third strategy leverages online expert feedback during
model training to mitigate distribution shifts. Dataset Ag-
gregation (DAgger) queries an expert about the learner’s
own roll-outs, theoretically eliminating compounding er-
rors [15]. SafeDAgger reduces the expert’s workload by
limiting queries to uncertain states [16], and Deeply Ag-
greVaTeD employs the expert’s cost-to-go as supervision,
enabling efficient policy-gradient updates even in continuous
action spaces [17]. Nevertheless, these methods rely on rapid,
millisecond-level expert interventions, which are typically
unrealistic in very fast and complex manipulation scenarios.

Despite steady progress, existing methods consistently
face trade-offs between human tuning effort, expensive data
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collection, run-time computational resources, or expert super-
vision. Thus, a method that enhances temporal adaptability
and enables the model to correctly perceive each unique
situation and dynamically adjust its actions on-the-fly re-
mains elusive. The following section introduces our proposed
model, which overcomes the aforementioned limitations by
leveraging the deep predictive learning framework, along
with novel structures that enhance adaptability against tem-
poral variations.

III. PROPOSED METHOD

A. Design Concept

The proposed model builds upon the deep predictive
learning framework [18], enhanced with additional modules
to improve temporal adaptability. Deep predictive learning
refers to a framework inspired by the predictive coding
theory of human cognition, where the system continuously
learns to minimize prediction error for its observed sensori-
motor experiences. Deep predictive learning models possess
the characteristic ability to achieve high generalization per-
formance from limited data, owing to the attractor dynamics
inherent in Recurrent Neural Networks (RNNs) [18].

The model receives sensory inputs consisting of the cur-
rent visual image it and motion information at, which
includes the 3D pose of the robot arm’s end-effector and
the gripper state (open/close). It predicts the same modalities
as the input but over T future time steps. The training data
comprises human teleoperation demonstrations, allowing the
model to learn the sensorimotor dynamics associated with
the demonstrated actions.

Fig. 1 illustrates the overall architecture of the proposed
model, Quantized Distributional Multi-timestep Recurrent
Neural Network (QDM-RNN). QDM-RNN consists of three
main modules: an Encoder Module, a Recurrent Neural Net-
work (RNN) Module, and a Decoder Module. These modules
together project sensory inputs into a latent feature space
and enable temporal prediction of future sensory states. The
entire model is trained end-to-end (E2E), with all modules
jointly optimized to capture consistent dynamics from the
demonstration data.

The Encoder Module selectively extracts task-relevant
information from multiple visual streams. Based on SA-RNN
[19], it applies spatial softmax to CNN-generated feature
maps to convert salient image regions―where CNN neu-
rons activate strongly―into 2D coordinates called attention
points kt. This assumes that task-relevant visual regions
induce strong neuron activations. By explicitly extracting
task-relevant object positions through Spatial Softmax, the
proposed model can efficiently capture the information nec-
essary for task execution, even from a limited amount of
data.

The RNN Module performs multi-modal temporal predic-
tion using a hierarchical architecture with multiple Long
Short-Term Memory (LSTM) units [20]. It consists of
separate LSTM streams for visual and motion modali-
ties (LSTMpt, LSTMpose), along with a unified LSTM
(LSTMunion) that integrates their hidden states. Each

modality-specific LSTM predicts its respective future state,
and the unified LSTM facilitates information exchange
across modalities. This hierarchical setup enables the system
to learn fine-grained fast-changing features via modality-
specific LSTMs and abstract, slower dynamics through the
unified LSTM . Compared to standard LSTMs that directly
update internal states at every step, this structure improves
robustness to sensor noise and maintains balance between
vision and motion learning.

The Decoder Module transforms future predictions from
the RNN Module back into modality-specific outputs,
namely future attention points and future robot hand poses.
These pose predictions are used as control commands for
robot actuation. A key novelty lies in this module’s new
structure, designed to improve temporal adaptability. This
is because, simple MLP-based decoders cannot accommo-
date changes in time scale. In high-frequency inference,
where inference exceeds the sensor update rate, inconsis-
tencies arise between predicted actions and sensor readings.
Specifically, identical sensory inputs are processed repeatedly
despite previous predictions, leading to stagnant or erroneous
predictions. To mitigate this, we introduce two mechanisms:
Softmax Transformation and Multi-timestep Prediction, de-
tailed in the following subsections.

B. Softmax Transformation

Softmax Transformation converts each continuous-valued
component of a vector into a discrete probability distribution
over N quantized bins [9]. In our case, the robot state
(i.e. 3D pose of robot end-effector and binary state of
gripper) is transformed into probability distributions with N
discrete values per dimension, as illustrated in Fig. 1(B).
Ground truth values of robot pose data are preprocessed
into such distribution format. The outputs of LSTMpose are
converted into corresponding format with MLPs, along with
a softmax function that normalizes to form valid probability
distributions.

Conventional models directly regress robot pose using a
single neuron per dimension, which lacks representational
power and often leads to abrupt, unstable motion. In con-
trast, we express joint angles as distributions over multiple
neurons, resulting in smoother trajectories. Furthermore, the
RNN-based LSTMpose retains temporal consistency, en-
abling smooth and continuous motion prediction over time.

C. Multi-timestep Prediction

The multi-timestep prediction module predicts sensory
states not only for the next time step but for up to T future
steps. Specifically, LSTMpose generates T -step predictions,
and prediction errors are computed using corresponding
teacher data across all steps. In contrast to conventional Deep
Predictive Learning models [18]–[20], the proposed method
explicitly learns and predicts motion while accounting for
multi-step temporal dependencies. This approach not only
improves training efficiency through batch prediction of
multiple steps, but also mitigates the instability arising from
mismatches between inference and sensor sampling rates.
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Fig. 2. Experiment setup, where the robot stacks three cups into a pyramid
shape. (A) Task environment. (B) The stacking process of the cups. (C) Five
different initial positions of the cups, where the data at A, C, E are only
given in training data.

Concretely, even when provided with several consecutive
identical inputs, the model can infer that they correspond to
a previously learned segment of motion rather than an un-
known stationary or divergent state, thereby enabling stable
prediction.

D. Loss Computation

Loss functions for visual and motion predictions are
defined as follows:


Loss = αpt · Losspt + αpose · Losspose

Losspt = MSE(kdect+T , k
enc
t+T )

Losspose = CrossEntropyLoss(p̂t+1:t+T , pt+1:t+T )
(1)

Here, MSE denotes mean squared error, and αpt, αpose

are weighting coefficients for each modality. The attention
point loss Losspt compares attention predictions from the
Decoder and Encoder at matched future time steps. Since
ground-truth attention data do not exist, we apply bidi-
rectional consistency loss between Decoder and Encoder
outputs, as in [20]. For motion predictions, which are repre-
sented as distributions, we use cross-entropy loss to measure
divergence from ground-truth distributions. The model is
optimized using the Adam optimizer.

IV. EXPERIMENTS

A. Environmental Setup

Fig. 2(A) illustrates the experimental environment. We
employed a humanoid robot equipped with a 7-DoF arm,
a 4-finger robotic hand, and a head-mounted camera. The
camera is an RGB camera that captures images at 35 frames
per second. As task objects, we used plastic cups. For
demonstration collection, a game controller was utilized,
where the joystick controlled the end-effector position and
buttons controlled the hand’s open/close state.

B. Task Settings

To evaluate the stability and precision of the proposed
model during high-speed execution, we selected the 3-stack
task from Sport Stacking, a competitive speed-based activity.
This task requires both rapid and accurate motion generation.
Fig. 2(B) provides an overview of the task. The robot
sequentially picks up three stacked cups from a tabletop,
places two cups side by side, and then stacks the third cup
on top to form a pyramid shape.

Demonstration data were collected using stacked cups at
three different initial positions, arranged linearly with 10
cm spacing. Intermediate positions between these were left
out as test cases, to evaluate generalization performance.
Task success was defined as forming the correct pyramid
structure (two cups side-by-side with one on top) without
knocking over any cups. Given the sensitivity of this task
to cup placement, precise and stable motion is essential for
successful execution, especially at high speeds.

To validate the effectiveness of our method, we generated
motions both at slow (10Hz, the same speed as demon-
strations) and fast (70 Hz, corresponding to seven times
the speed of the demonstrations) command frequencies, and
evaluated task success rates at five different positions (A–E).
In addition, to evaluate the robustness of the proposed
method against environmental changes, we assessed the task
success rate when generating motions at 70 Hz with the
background color changed to black. Furthermore, we tested
the method at 70Hz in various unseen environments, includ-
ing variations in lighting, dynamic perturbations to object
positions, and the presence of obstacles, to comprehensively
evaluate its robustness. Here, the term “inference frequency”
represents how often the neural network outputs predictions
in a second, in contrast to “command frequency” which
represents how often the robot receives commands in a
second. For instance, if the command frequency is 70 Hz and
the multi-timestep prediction horizon is T = 3, the resulting
inference frequency is approximately 70/3 ≈ 23 Hz. The
command frequency of fast motion was set based on the
maximum motion speed supported by the robot’s hardware.

C. Training Configurations

Demonstration data consisted of a single trajectory per
position, resulting in three trajectories in total. Data were
sampled at 10 Hz, with each trajectory lasting 45 seconds
(450 time steps). Each sample included the robot’s end-
effector position (2-DoF in the YZ-plane as shown in Fig. 2),
gripper open/close state (1-DoF), and camera image (650×
400 pixels). To reduce GPU memory usage during training,
images were resized to 65× 40 pixels.

For QDM-RNN, each component of the robot state (three
in total) is quantized into N = 2000 bins with a temperature
parameter of σ = 0.25, and the model predicts T = 3
future steps, resulting in a total of 3 × 3 × 2000 = 18,000
output neurons. The values of N , σ, and T were empirically
determined through preliminary comparative experiments to
achieve a balance between prediction accuracy and compu-
tational efficiency. Consequently, during training, the input
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Fig. 3. Prediction results of Sport Stacking task at different conditions. All motions are executed at an untrained speed (seven times faster than the
demonstrations). The conditions are as follows: (A) neutral , (B) modified background, (C) modified lighting, (D) disturbance by experimenter during
motion, (E) addition of visual noises.

TABLE I
SUCCESS RATE OF THE SPORT STACKING TASK [%]

Pos.
QDM-RNN ACT ACT w/o TE Ablation Studies

Slow
(10Hz)

Fast
(70Hz)

Black
BG

Slow
(10Hz)

Fast
(70Hz)

Black
BG

Slow
(10Hz)

Fast
(70Hz)

w/o Hierarchical
RNN

w/o Softmax
Transformation

w/o multi-timestep
Prediction

A 90 90 90 60 70 0 10 0 70 100 0
B 90 100 70 100 80 0 0 0 80 70 0
C 100 90 100 80 90 0 30 10 30 10 0
D 100 90 100 50 70 0 40 10 90 100 0
E 100 100 100 60 50 0 0 20 40 90 0

Ave. 96 94 92 70 72 0 16 8 62 74 0

sequence length provided to the model was 150 steps for
both motor information and camera images (derived from
450
3 ), while all 450 steps of motor information were utilized

for loss computation. The number of attention points to be
learned was set to 5, and the dimensionalities of the hidden
states in the modality-specific and unified LSTM modules
were set to 50 and 20, respectively.

The total loss function comprised prediction errors for
both attention point positions and end-effector positions.
Modality-specific losses were weighted by αpt = 0.1 for at-
tention point prediction and αpose = 1.0 for pose prediction.
The model was trained for 10,000 epochs, and the weights
achieving the lowest prediction error on the test data were
selected for motion generation.

V. RESULTS AND DISCUSSION

A. Task Performance

We first evaluated the performance of the proposed model.
Table I presents task success rates (10 trials per condition),
and Fig. 3 shows image sequences captured from the robot’s
onboard camera during inference.

As shown in Table I, QDM-RNN achieved success rates
near or above 90% at both trained and untrained positions,
regardless of inference speed or under the condition where
the background was changed to black, indicating stable and
robust task execution. Fig. 3(A) displays the robot’s motion
and predicted attention points under high-speed inference,
showing accurate perception of the objects and the robot’s
hand, as well as correct and sequential manipulation. Fig.
3(B)–(E) illustrate inference results under various unseen
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Fig. 4. Visualization of robot-hand’s trajectory at untaught position D within Y-Z coordinate space. Each graph displays the result of different model type
(“QDM-RNN” (proposed) and “ACT”) and command frequency (10Hz and 70Hz). The illustration on the bottom right shows the expected trajectory of
the hand in the Y-Z coordinate space.

environmental conditions: (B) background change, (C) light-
ing change, (D) manual perturbation of object positions by
a human operator, and (E) visual noise. In all cases, the
attention consistently focused on the target object, and the
desired actions were successfully executed.

In contrast, the success rates for the comparison model
Action Chunking with Transformers (ACT) [2], one of the
representative imitation learning models, are shown in Table
I. For ACT, we conducted experiments under two settings:
with and without Temporal Ensembling (TE) [2]. For clarity
in notation, we refer to the model with Temporal Ensembling
as ACT, and the one without it as ACT w/o TE.

Regardless of inference speed, ACT achieved lower preci-
sion and an overall success rate around 70%. This suggests
difficulty in achieving stable performance at both demon-
strated and novel positions. Frequent failure cases included
misalignment of the stacked cup (in height or lateral posi-
tion), causing structural inconsistencies and failed stacking.
These errors likely stem from unstable predictions of the
end-effector position used to place the cups (see Fig. 4).
Moreover, ACT performed no successful motions under any
of the unseen environments, revealing ACT’s critically low
robustness.

ACT predicts multiple future steps at once through action
chunking, and computes the final prediction as a weighted
average of these predictions via TE [2]. Therefore, by
removing TE, it becomes possible to reduce the inference
frequency below the sensor frequency during fast motion
generation, similar to our proposed method. To evaluate
the performance under such a condition, we conducted
experiments using ACT w/o TE. As shown in Table I, this
model exhibited significantly lower success rates than ACT
at all experimental positions. A key characteristic of its
behavior was the discontinuity observed at the boundaries
of action chunks. Without TE, the model performs inference
for a fixed temporal window and generates actions blindly
based on that output. When executing motions faster than
during training, hardware and environmental discrepancies
can cause drift, especially toward the end of the prediction
window. Consequently, the actual state may deviate from the
predicted one, requiring the model to correct for accumulated

errors in the next inference. This correction introduces abrupt
trajectory changes at every inference, ultimately degrading
task success rates. Therefore, TE is essential for generating
smooth motions in ACT. Based on this finding, the following
discussions consider only the original ACT as the baseline.

B. Stability Comparison on Modified Temporal Dynamics

To examine robustness to changes in temporal dynam-
ics, we compared the variability in end-effector trajectories
generated under different inference rates. Fig. 4 shows the
transition of end-effector positions generated by QDM-RNN
and the baseline ACT model during slow and fast motion
generation at untaught position D. QDM-RNN consistently
produced similar motions across speeds and trials, where the
visualized hand pose trajectories had low variance from the
averaged path. This consistency was especially evident when
stacking the third cup, where precise placement is critical―
resulting in convergent and stable predictions.

Fig. 5 visualizes the internal state trajectories of the
unified LSTM across time steps using the first two principal
components. These trajectories were plotted for different
starting cup positions. During slow motion (Fig. 5(A)), all
trials begin from the same internal state and diverge into
distinct trajectories corresponding to each position (A–E),
reflecting accurate spatial encoding. Notably, the internal
state transitions mirrored the actual spatial layout, confirming
that spatial information was correctly embedded in the model
state.

Fig. 5(B) shows that during fast motion, QDM-RNN
exhibited similar internal state transitions as in the 10 Hz
case, demonstrating prediction consistency even under accel-
erated conditions. Furthermore, Fig. 5(C) displays the states
when the cup was manually moved from position C to A
during execution (as in Fig. 3(D)). The internal state initially
followed the trajectory for C but then smoothly transitioned
to the trajectory for A after the intervention, indicating that
the unified LSTM adapted seamlessly in real time―even
under high-frequency inference.

On the other hand, while ACT’s average trajectory ap-
peared similar to QDM-RNN, the variance across trials was
significantly larger. This lack of stability, even during slow
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Fig. 5. Transition of hidden states of the unified LSTM during motion generation at different conditions. The hidden states are compressed with principal
component analysis (PCA) to two dimensions. (A) Prediction results at 10Hz, (B) prediction results at 70Hz, and (C) prediction results at 70Hz but with
disturbance during motion.

TABLE II
MODEL PARAMETERS AND FLOPS

Model Parameters Resolution [pixel] FLOPs

ACT 83.9M 60 x 45 7.3G
600 x 450 39.2G

Diffusion Policy 91.2M 60 x 45 62.4G
600 x 450 102G

QDM-RNN 1.27M 60 x 45 32.4M
600 x 450 3.5G

motion, led to inconsistent motion generation. In particular,
large trial-to-trial variation occurred during the final stacking
phase, resulting in reduced task success.

C. Ablation Studies

To assess the contribution of the Hierarchical RNN, Soft-
max Transformation, and multi-timestep prediction modules
introduced in the proposed method, we conducted an ablation
study evaluating task success rates during motion generation
at 70Hz command frequency. Each ablated model was trained
using the same dataset as the full QDM-RNN. As shown
in Table I, all ablated configurations yielded lower success
rates than the full model. Below, we detail the behavioral
characteristics observed for each variant:

1) QDM-RNN without Hierarchical RNN: Although the
overall precision remained relatively high, the success rate at
each position declined compared to the full model. Qualita-
tively, the robot’s end-effector exhibited oscillatory behavior
during motion. This instability likely stems from the removal
of the hierarchical structure, which impairs the model’s
ability to capture long-term dependencies. These findings
suggest that the hierarchical structure plays a crucial role in
stabilizing motion prediction under high-frequency inference.

2) QDM-RNN without Softmax Transformation: This con-
figuration exhibited significant difference in success rates
across positions, to as low as 10% at position C. Especially,
the motion during relocation of the picked cup (i.e., the
sliding up, right, then down to the next position) became

TABLE III
TASK EXECUTION TIME IN HIGH-SPEED MODE [S]

Model A B C D E Ave.
ACT 10.0 9.8 9.4 9.1 8.8 9.4
QDM-RNN 9.1 9.0 8.6 8.0 7.8 8.5

inaccurate shortcutting with a curved trajectory, instead of
passing through checkpoints as in the demonstration data. Al-
though this smoothed and continuous trajectory occasionally
led to higher success rates at specific positions—surpassing
even our proposed method due to its stability, it frequently
caused the grasped cup to collide with neighboring cups,
ultimately resulting in task failure. These failures appear to
result from inaccurate interpolation due to the conventional
approach of predicting each pose value with a single neuron,
which is not preferred under requirement of precise motions.
In contrast, the model equipped with Softmax Transforma-
tion suppressed such undesired interpolations and helped to
faithfully reproduce learned motion patterns even under high-
speed inference.

3) QDM-RNN without multi-timestep prediction: This
model failed to complete the task at all initial positions. The
generated motions were noticeably slower, discontinuous,
and frequently resulted in early release of the cup which is
before reaching the correct stacking position. These failures
likely stem from two factors: redundant inferences due to the
inference frequency exceeding the camera frame rate, and
the inability to learn dependencies across future timesteps.
These results indicate that multi-timestep prediction not only
alleviates bottlenecks caused by limited sensor update rates
but also contributes to acquiring smooth and continuous
motion dynamics.

D. Comparison on Computational Cost

Table II summarizes the number of model parameters and
floating-point operations (FLOPs) for QDM-RNN, ACT, and
Diffusion Policy. To ensure fair comparison across models
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with different input resolutions, we report FLOPs for two
settings: 60× 45 pixels and 600× 450 pixels. QDM-RNN
has approximately 1.27 million parameters, and requires only
32.4M FLOPs at 60× 45 resolution―indicating extremely
lightweight computation. In contrast, ACT and Diffusion
Policy both exceeded 80M parameters. Notably, even at the
lower resolution, Diffusion Policy requires 62.4G FLOPs,
making it computationally expensive. At higher input res-
olution (600 × 450), ACT and Diffusion Policy reached
39.2G and 102G FLOPs, respectively. Meanwhile, QDM-
RNN’s FLOPs only slightly increased to 3.5G, demonstrating
superior scalability and efficiency. These results show that
QDM-RNN’s computational cost scales favorably with input
resolution, enabling fast inference even with high-resolution
inputs. This efficiency makes the method particularly suitable
for real-time robotic applications.

Table III reports average task execution times under high-
speed conditions. QDM-RNN completed tasks faster than
ACT. We attribute this difference to ACT’s inference fre-
quency (70 Hz) exceeding the camera frame rate (35 fps),
leading to redundant predictions based on identical visual
inputs. This mismatch likely caused execution delays. In
contrast, QDM-RNN’s architecture predicts up to 3 future
steps at once via multi-timestep prediction, enabling cross-
frame planning and decoupling inference from sensor update
rates. As a result, QDM-RNN achieves both fast and stable
motion generation. These findings suggest that appropriate
tuning of inference frequency with respect to the sensor
sampling rate is critical for achieving both rapid and robust
robot behavior.

VI. CONCLUSION

In this study, we proposed QDM-RNN, a lightweight
motion generation model that combines Softmax Trans-
formation and multi-timestep prediction to achieve stable
and accurate motion generation even with high-frequency
command prediction exceeding the sensor sampling rate.
Through real-world robotic experiments on a Sport Stacking
task, we demonstrated that the proposed method enables
precise end-effector control and achieves both high-speed
and stable execution. Notably, QDM-RNN maintained high
motion stability and task success rates even at a command
prediction of 70 Hz, which is seven times faster than the
demonstration rate.

On the other hand, the tasks addressed in this study
involved relatively simple hand motions constrained to hor-
izontal and vertical planar movement. As future work, we
aim to extend the applicability of our method to more
complex manipulation tasks involving 3D spatial motion
and to scenarios requiring whole-body coordinated control,
thereby further expanding the versatility and generalizability
of the proposed framework.
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