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Enhancing Reusability of Learned Skills for Robot Manipulation

via Gaze Information and Motion Bottlenecks
Ryo Takizawa1, Izumi Karino1, Koki Nakagawa1, Yoshiyuki Ohmura1, and Yasuo Kuniyoshi1

Abstract—Autonomous agents capable of diverse object ma-
nipulations should be able to acquire a wide range of ma-
nipulation skills with high reusability. Although advances in
deep learning have made it increasingly feasible to replicate
the dexterity of human teleoperation in robots, generalizing
these acquired skills to previously unseen scenarios remains a
significant challenge. In this study, we propose a novel algorithm,
Gaze-based Bottleneck-aware Robot Manipulation (GazeBot),
which enables high reusability of learned motions without sac-
rificing dexterity or reactivity. By leveraging gaze information
and motion bottlenecks—both crucial features for object ma-
nipulation—GazeBot achieves high success rates compared with
state-of-the-art imitation learning methods, particularly when the
object positions and end-effector poses differ from those in the
provided demonstrations. Furthermore, the training process of
GazeBot is entirely data-driven once a demonstration dataset
with gaze data is provided.

Index Terms—Imitation Learning, Perception for Grasping
and Manipulation, Dual Arm Manipulation.

I. INTRODUCTION

RECENT advancements utilizing powerful neural net-
works such as Transformers have made deep imitation

learning increasingly capable of reproducing dexterity to a
certain extent [1]. However, significant issues persist regarding
their generalization capabilities. Although generalization in
object manipulation occurs at multiple levels, even the most
fundamental aspects, such as changes in object position and
the end-effector pose, are known to cause drastic reductions
in success rates with variations of just a few centimeters [2].

The purpose of this study is to achieve imitation that
can accurately perform demonstrated object manipulations
under various object positions and initial end-effector poses.
Owing to the limited generalization capability of conventional
imitation learning, exhaustive demonstration collection is cur-
rently required to ensure that the robot behaves correctly
under various object positions and end-effector poses [3], [4].
To address this issue, we propose Gaze-based Bottleneck-
aware Robot Manipulation (GazeBot), an object manipulation
imitation method that enables the reuse of acquired skills even
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Fig. 1. GazeBot achieves high reusability of learned skills for unseen object
positions and end-effector poses. Demonstrations collected within restricted
ranges of object positions and end-effector poses, and then the success rate
is evaluated for in-distribution (ID) cases within these ranges and out-of-
distribution (OOD) cases outside them.

with object positions and end-effector poses not included in
the provided demonstrations. As illustrated in Figure 1, the
object positions and initial end-effector poses used in the
demonstrations are restricted to a designated region to evaluate
the reusability of the learned skills. In this setting, GazeBot
can accurately perform the task not only under in-distribution
(ID) conditions (i.e., within the designated region) but also
under out-of-distribution (OOD) conditions (i.e., outside the
designated region).

To reuse skills learned within the ID domain in OOD situ-
ations, it is necessary to (1) establish an object representation
that is robust to changes in object position and (2) develop
an action policy architecture capable of accurate control under
previously unseen end-effector poses. To achieve this, we draw
inspiration from human object manipulation, where gaze on
the target object not only provides a visual representation
independent of the object’s absolute position but also exhibits
strong gaze–hand coordination during end-effector movements
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such as reaching [5], [6]. Concretely, we first represent the
entire field of view using a 3D point cloud and then crop a
cubic region around the gaze position—referred to as gaze-
centered point cloud—from the entire point cloud. By using
this gaze-centered point cloud as input to the action prediction,
we realize an object representation that is robust to variations
in object position. Next, based on the action predictivity in
the gaze-centered point cloud, we perform a data-driven action
segmentation of the overall manipulation into (1) a reaching
motion to the vicinity of the gaze position and (2) a gaze-
centered action. We define the temporal boundary between
these motions as a bottleneck, and predict the bottleneck
pose, the end-effector pose at this bottleneck, from the 3D
gaze position and gaze-centered point cloud. This approach
allows accurate prediction of the bottleneck pose even for
unseen object positions, and this prediction is independent
of the current end-effector pose. Consequently, GazeBot can
handle various object positions and end-effector poses by first
executing a rough reaching motion to the bottleneck pose,
then performing a gaze-centered action using only the gaze-
centered point cloud. This approach enables the reuse of
the learned motion in unseen conditions. Here, reaching the
bottleneck is achieved by generating an end-effector trajectory
that smoothly connects the current end-effector pose and
the bottleneck pose using a first-order Bézier curve, which
provides sufficient expressive power for the reaching motion
while avoiding unnecessary complexity that could compromise
the model’s generalization. Furthermore, GazeBot updates all
actions at every step, and a fully parametric method based
on a Transformer is used to directly output subsequent end-
effector poses for the gaze-centered actions. This approach
ensures that dexterity and reactivity are not sacrificed in the
pursuit of reusability.

II. RELATED WORK

Gaze-based Object Manipulation. Some works have pre-
viously proposed imitation learning methods using gaze data
collected from a remote human operator during teleoperated
demonstrations for action prediction [7], [8]. These gaze-
based methods have exhibited advantages such as enhanced
robustness by disregarding task-irrelevant objects [7] and
improved dexterity by focusing on task-relevant regions of
visual inputs [8]. However, because these methods rely on
image cropping for gaze-centered images, they are susceptible
to visual variations caused by changes in object position. In
this study, we employ a gaze-centered point cloud, which
provides robustness to positional changes while retaining the
conventional benefits of gaze.

Data-driven Action Segmentation. Segmenting actions
into reaching phase and interaction phase has been proposed to
improve dexterity [9], increase success rates for long-horizon
tasks [10], [11], and enable high generalization capabilities
[12]. Several data-driven segmentation methods have been
proposed based on end-effector velocity [8] or the visibility of
the end-effector within a gaze-centered image [9]. However,
these approaches often fail in tasks where high dexterity is
not required or when the end-effector is not visible during

the interaction phase, such as manipulating with a long stick.
In contrast, our approach segments motions at bottlenecks,
which are determined based on action predictivity in the gaze-
centered point cloud. This action predictivity-based approach
offers a more general data-driven segmentation scheme com-
pared with these previous methods.

Skill Reusability. The reusability of learned skills is re-
quired across diverse levels and factors, including adaptation
to a variety of object poses and unseen objects in the same
category [13], [14], to changes in the environment such as
varying backgrounds, camera positions, or distractor objects
[15], [16], and to entirely novel objects and tasks [17]. How-
ever, to the best of our knowledge, no studies have investigated
improved reusability for unseen object positions and end-
effector poses without relying on object- or task-specific as-
sumptions that compromise generality, and without sacrificing
dexterity or reactivity. Our proposed GazeBot is the first
deep imitation learning method to demonstrate such reusability
under these challenging conditions. Although several methods
exhibit similarities with GazeBot, they have not successfully
demonstrated such high reusability, primarily owing to issues
in the design of the action policy. Hydra [10] and SPHINX
[11], for instance, segment actions into a reaching motion and
a dense action, using sparse action representations similar to a
bottleneck pose for the reaching motion. However, in contrast
to GazeBot, these sparse representations are directly estimated
by a neural network from entire images and the end-effector
poses, and the dense action prediction also relies on absolute
information such as the end-effector poses or entire images.
As we will see in Section IV, these design changes hinder
the accurate extrapolation of the reaching motions and reduce
the reusability of the learned dense actions when faced with
unseen object positions or end-effector poses.

III. GAZE-BASED BOTTLENECK-AWARE ROBOT
MANIPULATION

A. Gaze and Bottleneck

1) Gaze-based Visual Representation: Unlike a standard
camera, human vision does not uniformly perceive the en-
tire visual field, but instead distinguishes between a high-
resolution foveal (central) region and a lower-resolution pe-
ripheral region [18]. This foveal region can be seen as a 3D
attention mechanism that selects a specific portion of space
for detailed processing. Kim et al. previously proposed an
imitation learning method that implements a foveal vision
system for robot manipulation [7]. In that approach, gaze data
of a remote human operator are measured during teleoperated
demonstrations, and a portion of the image input is cropped
around the operator’s gaze position to simulate human-like
gaze-based vision. During the inference phase, a gaze predic-
tion model trained on the measured gaze data provides the
online gaze control.

However, the conventional image-cropping approach lacks
3D-awareness, causing substantial changes in visual represen-
tation when the object position is varied (Figure 2). To address
this, we extract a region of the point cloud around the 3D
gaze coordinates rather than cropping a 2D image. Here, we
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Fig. 2. Although both the left and right scenes represent a similar state, their
positions on the table differ. In conventional gaze-centered image (a), which
lacks 3D-awareness, the scenes appear substantially different, whereas in our
proposed gaze-centered point cloud (b), their underlying three-dimensional
structure is captured as similar.

use stereo vision to estimate depth and then convert the pixel
coordinates of the gaze to 3D coordinates. As shown in Figure
2b, this gaze-centered point cloud reduces the sensitivity to
changes in object positions and end-effector poses compared
with conventional 2D cropping methods (Figure 2a), thereby
enabling neural networks to make predictions independent of
object position and end-effector pose.

2) Bottleneck-aware Action Segmentation: In human object
manipulation, gaze position and hand movement are strongly
coupled both temporally and spatially [5], [18]. As illustrated
in Figure 3, a gaze-centered point cloud makes it possible
to segment the movement into two distinct phases: (1) a
reaching motion toward the vicinity of the gaze, and (2) a gaze-
centered action. This segmentation is possible because gaze-
centered vision captures only the object during the reaching
phase, whereas it captures both the object and end-effector (or
grasped object) during the gaze-centered action phase. Here,
we define the temporal boundary between these two actions
as a bottleneck.

While fully parametric methods, in which neural networks
directly predict action trajectories, can achieve high dexterity
and reactivity, it has been challenging to extrapolate learned
behaviors to unseen object positions and end-effector poses.
To address this, we restrict the use of fully parametric
action prediction to the gaze-centered actions derived from
the aforementioned bottleneck-aware action segmentation. In
this context, the robot first reaches the bottleneck pose in
a goal-fixed manner using Bézier curve approximation, and
then switches to the fully parametric approach for the gaze-
centered action. Here, if (A) the bottleneck estimation is
independent of both object position and end-effector pose, and
(B) the fully parametric gaze-centered action prediction relies
solely on the relative spatial relationships between the object
and end-effector (or grasped object), it becomes possible to

Fig. 3. By observing object manipulation in gaze-centered point cloud, an
action can be segmented into two phases at the bottleneck: (1) the reaching
motion and (2) the gaze-centered action. The motion after the bottleneck is
reusable irrespective of the absolute object position and the initial end-effector
pose.

accurately perform the learned motions even under previously
unseen object positions and initial end-effector poses without
sacrificing dexterity or reactivity.

As the bottleneck pose is defined in a gaze-centered manner,
it can be described as an offset from the 3D gaze position:

pb = pgaze + prelative
b , (1)

= pgaze + f(g), (2)

where pb, pgaze, and prelative
b denote the bottleneck pose, the

3D gaze position in the end-effector coordinate frame, and
the offset of the bottleneck pose from the gaze position,
respectively, and f(·) represents a neural network that takes
the gaze-centered point cloud g as input. Here, the bottleneck
pose is estimated as an offset from the gaze position rather
than being directly predicted based on the gaze-centered point
cloud (Eq. 2). Notably, this offset is independent of the object
position. As a result, the bottleneck pose can be accurately
estimated even when the object position is unseen. Moreover,
as Eq. 1 does not involve the current end-effector pose, the
accuracy of bottleneck estimation is not affected even with
unseen end-effector poses.

B. Data-driven Demonstration Segmentation

Before training an action policy, we first temporally segment
the provided demonstrations in a data-driven manner based
on gaze and bottlenecks. Specifically, we decompose the
demonstrations into multiple sub-tasks and then further seg-
ment each sub-task into reaching motions and gaze-centered
actions according to bottlenecks. The proposed method for
demonstration segmentation is summarized in Algorithm 1.

1) Gaze-Based Sub-task Segmentation: A typical object
manipulation task comprises multiple bottlenecks. For exam-
ple, in a standard pick-and-place task, there is usually one
bottleneck for the “pick” phase and another for the “place”
phase. In such cases, before segmenting the motions using
bottlenecks, it is necessary to decompose a sequence of object

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



4 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED AUGUST, 2025

Algorithm 1 Data-driven Demonstration Segmentation

Given: Demonstrations

D = {(o(i)t , p
(i)
t , g

(i)
t )}Ni=1, t ∈ [0, T (i)],

where ot, pt, gt denote observation (point cloud), end-
effector pose, and gaze position.
Notation: For the k-th sub-task of the i-th demonstration:

s
(i)
k (start), e

(i)
k (end), b

(i)
k (bottleneck)

1: (1) Gaze-based Action Segmentation:
2: for each demonstration i do
3: Partition [0, T (i)] into [s

(i)
0 , e

(i)
0 ], . . . , [s

(i)
K , e

(i)
K ]

4: end for
5: (2) Train Action Prediction Model hθ:

θ∗ = argmin
θ

∑
(ot,at,gt)∼D

∥at − hθ(crop(ot, gt))∥2

6: (3) Compute Action Predictivity:
7: for each demonstration i and sub-task k do
8: scoresk = {∥at − hθ∗(crop(ot, gt))∥2}

e
(i)
k

t=s
(i)
k

9: end for
10: (4) Detect Bottleneck:
11: for each sub-task [s

(i)
k , e

(i)
k ] do

12: Partition [s
(i)
k , e

(i)
k ] into [s

(i)
k , b

(i)
k − 1] and [b

(i)
k , e

(i)
k ]

13: end for
Return: D and {s(i)k , e

(i)
k , b

(i)
k }i,k

manipulation behaviors into multiple smaller sub-tasks (e.g.,
pick/place in this example) so that each sub-task includes
exactly one bottleneck.

As a robust and simple way to achieve such segmentation
in a data-driven manner, previous work proposed a gaze-
based task decomposition method for object manipulation
[19]. This approach exploits the pattern of gaze during object
manipulation, where the human teleoperator fixates on specific
task-relevant gaze landmarks. By simply detecting transitions
in this gaze behavior, the task can be segmented so that each
fixation period corresponds to a distinct sub-task. In this work,
we first apply this method to decompose expert demonstrations
into multiple sub-tasks.

2) Bottleneck Determination: Once the demonstrations are
segmented into sub-tasks, we need to determine the time step
at which each sub-task reaches its bottleneck pose. To do
so, we propose a bottleneck determination approach based on
action predictivity from a gaze-centered point cloud. In each
sub-task, predicting actions solely from a gaze-centered point
cloud exhibits low accuracy when the end-effector or grasped
object is not visible within the gaze-centered point cloud.
Therefore, the transition from this low-predictivity phase to
a high-predictivity phase can serve as the segmentation point,
which we define as the bottleneck.

In this approach, we use a policy model at = h(gt) that
predicts the action solely from the gaze-centered point cloud
gt. This policy model is trained via behavior cloning [20], that

is, by minimizing ∥h(gt)− a∗t ∥ to replicate the actions in the
demonstration, where a∗t denotes the expert action recorded
in the demonstration. Once this policy h has been trained, we
compute the action-prediction loss ∥h(gt)−a∗t ∥ at every time
step of each demonstration. Finally, we split each sub-task
based on the median of this action prediction loss, enabling
entirely data-driven segmentation for every sub-task.

C. Policy Design

At every time step, GazeBot first predicts the gaze position
from the entire image using the gaze prediction model. It
then uses the gaze-centered point cloud at the predicted gaze
position, along with the current end-effector pose, as inputs
to the action policy model, which reactively predicts the
subsequent end-effector poses.

1) Gaze Prediction Model: For the gaze prediction model, a
human teleoperator’s gaze is measured simultaneously during
demonstration collection, and this gaze data is then used as
supervision [7]. The gaze positions estimated by the model
are used during both training and inference. As shown in the
left side of Figure 4, the image embeddings are extracted
via DINOv2 [21], and each 768-dimensional embedding is
mapped to a single probability value with a four-layer multi-
layer perceptron (MLP).

To intentionally transition the gaze to the next gaze land-
mark upon completing each sub-task, we prepare one such
MLP for each sub-task and switch these MLPs based on the
sub-task index iseg. At inference time, the sub-task index
iseg is initialized to zero at the beginning and incremented
based on the progress ct output by the action policy model,
indicating the completion of each sub-task. By managing gaze
transitions using ct estimated from the gaze-centered point
cloud, which solely captures the relative spatial relationships
between the object and end-effector (or grasped object), the
robot can perform gaze transitions at the correct timing even
under unseen conditions.

2) Action Policy Model (i): The pixel-space gaze position
predicted by the gaze prediction model is transformed into
3D coordinates using stereo-based depth estimation. From
the stereo-derived point cloud, we then crop a cubic region
(20 cm on each side in this study) centered on the 3D
gaze coordinates, which is referred to as the gaze-centered
point cloud. This gaze-centered point cloud is embedded as
a sequence of tokens using a PointTransformer [22] and
then passed to a Transformer encoder (Figure 4 right). The
Transformer encoder includes a CLS token (classification
token, similar to ViT [23]) that aggregates information from
all point-cloud tokens into a feature vector fpcd ∈ R512.
All output tokens, including the CLS token, are then fed
into a Transformer decoder, which generates both the action
sequence at:t+H ∈ RH×14 for the left and right end-effector
over H future time steps and the progress ct ∈ RNseg for
controlling gaze transitions in each sub-task. Here, each end-
effector has 7 degrees of freedom including gripper angle,
and Nseg denotes the number of sub-tasks. As the input
vision is gaze-centered, the output actions are represented as
relative end-effector poses, with the current end-effector pose
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Fig. 4. GazeBot architecture. (left) The gaze prediction model is trained to estimate the gaze position across the entire image as a classification problem.
(right) The action policy model achieves robust reaching motion by estimating the bottleneck pose and the shape of the trajectory up to the bottleneck, and
uses a Transformer to predict the gaze-centered action in a full-parametric manner. Both actions and gaze transitions are predicted by the gaze-centered point
cloud to improve the reusability.

serving as the origin of the coordinate frame. By computing
these actions in relative coordinates, the learned gaze-centered
actions remain reusable even when the absolute position of the
object changes.

3) Action Policy Model (ii): The feature vector fpcd is
used to predict the bottleneck poses for each end-effector. As
described in Section III-A2, the bottleneck pose is estimated
by first predicting its offset relative to the 3D gaze position,
then adding this offset to the 3D coordinates of the gaze. The
module depicted in the top-right of Figure 4 implements this
procedure and enables significantly more accurate extrapola-
tion of the bottleneck pose under unseen object positions.

After predicting the bottleneck pose, the corresponding
reaching trajectory is generated. Because this trajectory is non-
contact and relatively coarse, we model it with a first-order
Bézier curve, capturing its overall shape without introducing
unnecessary complexity that could hinder generalization. As
illustrated in the lower-right portion of Figure 4, the model
predicts a 7-dimensional bezier vector that determines the
shape of the first-order Bézier curve for each end-effector. A
first-order Bézier curve is defined by its two endpoints and a
single control point. Rather than predicting the control point
directly, we first estimate the displacement—bezier vector—
from the mean pose of the start (current end-effector pose) and
end (bottleneck pose) poses, and then add this bezier vector
to the mean pose to obtain the control point (Figure 4 bottom-
right). For the training, we approximate each reaching motion
in the demonstrations by fitting them with first-order Bézier
curves, and then use the resulting bezier vectors from these
curves for supervision.

IV. EXPERIMENTS

A. Robot System

We used a dual-arm robot system designed for imitation
learning via human teleoperation. In this system, a human
operator remotely controls the robot while observing its
surrounding environment through a head-mounted display

(HMD). During this operation, the operator’s gaze data were
recorded in sync with the video feed displayed on the HMD.
The system is compatible with both a physical dual-arm robot,
consisting of two UR5 (Universal Robots Inc.) arms, and its
simulated counterpart, allowing the collection of teleoperated
demonstration data in both real and virtual environments.
The recorded gaze data were output as pixel coordinates
corresponding to the images displayed on the HMD. The same
single stereo camera (ZED Mini, Stereolabs Inc.) was used for
both the teleoperation and inference phases, and we directly
utilized the depth images generated by the deep learning–based
depth estimation algorithm provided by ZED SDK (Stereolabs
Inc.). The time-series demonstration data used for training
were recorded at 10 Hz.

B. Task Setup

We conducted imitation learning experiments on five tasks
(four real and one simulated) to evaluate the skill reusability
and applicability of GazeBot.

For the first three tasks, to quantitatively assess the reusabil-
ity, we collected demonstrations under controlled conditions
by restricting the object positions and initial end-effector poses
within predefined regions, thus clearly defining ID and OOD
situations:

• PenInCup (real, 109 demos): On a bare tabletop, the
robot picks up a blue marker pen with its left arm and
places it into a red cup. Gaze-based action segmentation
splits this into two sub-tasks. The pen is placed with
its uncapped end within a 15 cm square on the table’s
left, and the cup base overlaps a 5 cm area on the right.
The robot starts with end-effectors above the table edges,
oriented inward. Object and robot poses are manually
randomized within defined regions; other factors (e.g., ta-
ble location, background) are kept consistent. Placement
boundaries are subtly marked to avoid visual bias.

• OpenCap (real, 110 demos): On a bare tablecloth, the
robot holds an upright plastic bottle with its right arm
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Fig. 5. Examples of ID and OOD trials in the PenInCup, OpenCap, and PileBox, where object positions and the initial end-effector poses are controlled.
The images show the initial states of each trial. The checkboxes correspond to the method order in Table I and indicate whether each method succeeded in
the task from that initial state.

and unscrews the cap with its left. The task is divided
into two sub-tasks. The bottle is always on the right side
of the table. Other settings match PenInCup.

• PileBox (sim, 100 demos): On a bare tabletop, the robot
stacks a red box (picked up with its left arm) onto a
green box. The task is divided into two sub-tasks. The
red box is placed within a 10×20 cm area on the left,
and the green box within a 10 cm square on the right.
Other settings match PenInCup.

For the remaining two tasks, we chose more complex, long-
horizon tasks involving deformable objects to evaluate the
model’s applicability (task configurations were approximately
randomized):

• WipeTray (real, 100 demos): On a green tablecloth, the
robot folds a towel, regrasp it, and wipes a tray with
it, then places the towel back on the table. The task is
divided into five sub-tasks.

• BaggingGoods (real, 91 demos): On a green tablecloth,
the robot grasps the handle of a bag with its left arm and
opens the bag. It then uses its right arm to place two of
the three objects on the table into the bag in a specified
order. The task is divided into five sub-tasks.

C. Evaluation of Reusability and Ablation Studies

We first trained GazeBot and its ablation models, including
conventional models (ACT [1], DAA [4]), using the demon-
strations collected as previously described. ACT is known for
its strong performance and can be considered equivalent to
GazeBot with all proposed modules removed. DAA extends
ACT by incorporating gaze-based image cropping and action
segmentation into global and local actions. DAA w/o local
actions can be interpreted as applying only gaze-based vision
to ACT. We then measured their success rates for scenarios
within the training distribution (ID) and those outside it
(OOD), as shown in Figure 5. In the experiment, we stan-
dardized the initial conditions across all trials to ensure that

all models performed the task under as similar conditions as
possible. In the OOD trials, we first evaluated the cases where
each object was individually placed in unseen positions, and
then examined the cases where all objects were simultaneously
placed in unseen positions (Figure 5). Finally, we conducted
trials involving unseen initial end-effector poses.

The overall success rates in ID and OOD trials for the
four tasks are presented in Table I. Here, the reusability of
acquired skills is evaluated by how well the model achieves a
success rate as high as possible on OOD while maintaining a
high success rate on ID. GazeBot incorporates several design
choices and components, whose contributions can be assessed
by comparing its performance with that of the ablation models.

1) 3D Awareness of Gaze-based Vision (Ablation1): One
core feature of GazeBot is the ability to produce visual
representations robust to changes in object location, achieved
by the gaze-centered point cloud. In Ablation1, we replaced
the gaze-centered point cloud with the conventional image-
cropping approach. The cropped left and right images were
tokenized via ResNet18 [24], following ACT, and then fed
into the Transformer encoder. Although Ablation1 maintained
a relatively high success rate for ID trials, as presented in
Table I, it suffered from lower accuracy in OOD owing to the
absence of 3D awareness, which led to degraded performance
when the objects appeared differently under unseen object
positions.

2) Inputs to the Policy (Ablation2, Ablation3): In GazeBot,
the action policy model is designed so that the current end-
effector pose is used as input only during the estimation of
the bezier vector. In other words, bottleneck estimation relies
solely on the 3D gaze position and the gaze-centered point
cloud, and the prediction of the gaze-centered actions after the
bottlenecks also relies only on the gaze-centered point cloud.

In Ablation3, we added tokens representing the current left
and right end-effector poses and the 3D gaze position (3 ×
512-dimensions) to the sequence of 3D point cloud tokens
fed to the Transformer encoder. This addition prevented the
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TABLE I
COMPARISON OF SUCCESS RATES FOR ID AND OOD TRIALS IN PENINCUP, OPENCAP AND PILEBOX.

PenInCup (real) OpenCap (real) PileBox (sim)

ID OOD ID OOD ID OOD

Method Pick Put Pick Put Hold Open Hold Open Lifted Pile Lifted Pile

GazeBot (Ours) 11/12 9/12 10/12 10/12 12/12 10/12 12/12 9/12 20/20 20/20 16/20 15/20
- w/o point cloud (Ablation1) 9/12 9/12 5/12 5/12 12/12 8/12 7/12 5/12 19/20 13/20 14/20 8/20
- w/ state input partially (Ablation2) 6/12 4/12 3/12 1/12 12/12 6/12 7/12 5/12 20/20 18/20 17/20 10/20
- w/ state input (Ablation3) 9/12 8/12 2/12 0/12 12/12 6/12 6/12 4/12 20/20 16/20 13/20 2/20
- w/o relative bottleneck (Ablation4) 7/12 6/12 5/12 2/12 12/12 8/12 8/12 5/12 20/20 19/20 13/20 7/20
DAA 8/12 6/12 2/12 0/12 9/12 8/12 1/12 1/12 20/20 12/20 3/20 0/20
- w/o local action 8/12 6/12 2/12 0/12 8/12 6/12 1/12 1/12 20/20 8/20 4/20 0/20
ACT 9/12 8/12 1/12 0/12 12/12 9/12 3/12 3/12 20/20 16/20 8/20 3/20

model from accurately estimating the bottleneck in unseen
initial poses. Even when the robot successfully reached the
correct bottleneck for unseen object positions, the subsequent
gaze-centered actions degraded because the bottleneck pose
itself is an untrained input for the policy network (Table I).

In Ablation2, we similarly added tokens but then applied an
attention mask so that the CLS token fpcd in the Transformer
encoder did not attend to these additional tokens. As a result,
fpcd aggregated only information from the 3D point cloud,
enabling accurate bottleneck reaching for unseen end-effector
poses. Nonetheless, as mentioned in Ablation3, the accuracy
of the gaze-centered actions still decreased even after the
bottleneck was reached correctly (Table I), often causing the
end-effector to be “pulled” back toward the ID region.

3) Bottleneck Estimation Method (Ablation4): GazeBot
estimates the bottleneck pose by first predicting an offset
from the 3D gaze position based on the gaze-centered point
cloud and then adding that offset to the 3D gaze position.
Another implementation could be considered, where these
inputs are fed into a neural network that directly outputs
the bottleneck pose. However, under unseen object positions,
Ablation4 struggled to extrapolate the bottleneck and even
failed to reach the object correctly. By contrast, our method
successfully extrapolated the bottleneck pose in almost all
OOD cases (Table I).

4) Design of the Bottleneck Reaching Module (DAA): In
GazeBot, we achieve bottleneck reaching by first predicting a
bottleneck pose and then generating a first-order Bézier curve
as a trajectory leading to the bottleneck. One could adopt
a fully parametric approach that directly outputs an action
sequence leading to the bottleneck pose, as in DAA. In our
tasks, however, DAA exhibited a significant drop in success
rates from ID to OOD (Table I). In most OOD trials, the model
even failed to perform the reaching motion itself, reflecting the
issues seen in Ablation4.

5) Gaze-Based Vision (ACT, DAA w/o local action): As
can be observed from Table I, both ACT and DAA exhibited
a sharp decline in success rates when moving from ID to
OOD. In OOD trials, whether local action was present or
not had little impact on the success rate of DAA because it
already failed during the global (reaching) phase. Moreover,
ACT slightly outperformed DAA overall. In DAA, because

TABLE II
COMPARISON OF SUCCESS RATES IN WIPETRAY AND BAGGINGGOODS.

WipeTray (real) BaggingGoods (real)

Method Folded Wipe Open Insert1 Insert2

GazeBot (Ours) 17/20 16/20 17/20 12/20 11/20
ACT 18/20 18/20 15/20 7/20 7/20

only a small, gaze-centered region is input to the model and 3D
awareness is nearly absent, the input varies significantly with
the object position, undermining data efficiency. Consequently,
with approximately 100 demonstrations, as in this experiment,
it was not possible to achieve the improvements in dexterity
previously reported [8]. Meanwhile, GazeBot, which also
adopted gaze-based vision, outperformed ACT (Table I). This
demonstrates that our approach additionally contributed to the
improved data efficiency of gaze-based models.

V. EVALUATION OF APPLICABILITY

We evaluated skill reusability using simple rigid-body tasks
to establish a clear ID/OOD split. However, the aim of our
study is to enhance reusability without limiting the task
scope to basic pick-and-place operations involving only rigid
objects. Therefore, in this section, we demonstrate that Gaze-
Bot can also successfully learn more complex and realistic
tasks, WipeTray and BaggingGoods, both of which involve
long-horizon and deformable-object manipulation. Tests were
conducted under demonstration-like configurations without
defining ID/OOD. As a baseline, we used ACT, one of the
most capable model-free approaches. In each trial, we ensured
that all models operated under the same configuration as much
as possible.

The results are summarized in Table II. GazeBot success-
fully learned all tasks, similar to ACT. Moreover, it clearly
outperformed ACT in BaggingGoods, likely because this task
involves many objects and large variations in their configu-
rations. In such cases, GazeBot’s gaze- and bottleneck-based
canonicalization helps improve learning accuracy. In contrast,
ACT performed better in WipeTray, where the object is large
and its position varies little. In these scenarios, ACT can
more easily reproduce the demonstrated behavior by directly
incorporating proprioception into the action policy.
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VI. LIMITATIONS AND FUTURE DIRECTIONS

In this study, we proposed GazeBot, an imitation learning
method that significantly improves skill reusability without
sacrificing dexterity or reactivity, particularly for unseen object
positions and end-effector poses. However, several challenges
remain.

Precise and Flexible Gaze Control. While GazeBot
demonstrated the importance of three-dimensional gaze con-
trol in object manipulation, robotic gaze prediction is still in its
infancy. Robots not only require task-specific gaze data from
human teleoperators for supervision but also lack the flexibility
to adjust their gaze positions when objects are partially or fully
obscured. Moreover, they struggle to align their gaze exactly
on tiny targets, such as a needle in midair.

More Flexible and Adaptive Segmentations. Although we
achieved highly reusable imitation by employing gaze and
bottlenecks to spatially and temporally segment vision and
action, our current approach uses rigid segmentation along
explicit boundaries. One limitation concerns the gaze-centered
point cloud. In our method, gaze-based vision only captures
information corresponding to foveal vision, whereas human
vision simultaneously benefits from peripheral vision, which
can roughly capture a wider range of information. Another
limitation involves bottleneck determination. The proposed ap-
proach assumes that each sub-task has a single bottleneck, yet
some tasks involve sub-tasks with multiple bottlenecks. Future
work could explore more flexible segmentation methods to
enable more adaptive learning.

Integrating Advanced Trajectory Planning. For simplic-
ity, the reaching trajectories in this work are generated by
connecting the current end-effector pose and the bottleneck
pose with a first-order Bézier curve. To further enhance
applicability, we could replace these simple connections with
trajectories provided by advanced planning methods that sup-
port collision avoidance and bimanual coordination. Such
improvements would enable more robust reusability of learned
motions.
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