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Figure 1: A live demonstration at the Osaka Expo highlighting real-time human–robot interaction, as visitors observe and
participate in hands-on control of a humanoid robot

Abstract
As the population continues to age, a shortage of caregivers is
expected in the future. Dressing assistance is particularly important
for enabling social participation. However, assisting with close-
fitting garments such as socks remains challenging due to the need
for fine force control to handle friction and snagging against the
skin while accounting for the shape and position of the garment.
This paper proposes a multimodal dressing assistance method that
combines vision, proprioception, and tactile sensing with semantic
and depth information to achieve adaptive force control and robust
generalization to unseen feet and environments, outperforming
baseline models. Training was conducted on a mannequin for safety,
followed by preliminary validation with human participants. The
results indicate that the proposed method can adapt to unseen feet
and support stable sock-dressing motions.

CCS Concepts
• Computing methodologies→ Cognitive robotics; Learning
from demonstrations; Vision for robotics.
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1 Introduction
In clinical and assistive settings, robots are increasingly envisioned
as long-term partners that share intimate spaces and physically in-
teract with people in daily life. These roles raise challenges beyond
technical performance, including safety, dignity, personalization,
and trust. Dressing assistance highlights these issues: it is a funda-
mental activity of daily living tied to autonomy and self-respect,
yet it involves close contact, deformable garments, and significant
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individual variation. As a result, robotic failures in dressing can
directly affect both physical safety and user experience.

Priorwork in robot-assisted dressing hasmade significant progress
through multimodal sensing and learning-based control[10, 11, 15,
19]. However, much of this research has focused on loose-fitting
garments, where tolerance for misalignment is relatively high. In
contrast, close-fitting garments such as socks impose stricter re-
quirements on force modulation, geometric adaptation, and contin-
uous perception of garment–body interaction. These constraints
highlight a broader concern in assistive robotics: systems designed
around fixed task execution often struggle to accommodate bodily
diversity and the dynamic, situated nature of care.

We study robotic sock-dressing assistance as a case of adaptive,
close-fitting dressing support. Rather than modeling dressing as
a fixed action sequence, we frame it as an ongoing interaction
requiring adaptation to individual body geometry, garment defor-
mation, and contact dynamics. We propose a multimodal imitation
learning approach that integrates semantic perception, depth, and
somatosensory cues to enable generalization across unseen users
and environments. Training is conducted on a mannequin for safety,
with evaluation on human participants to examine how semantic
representations and multimodal learning support robust robotic
dressing assistance.

2 Related Work
2.1 Dressing assistance manipulation
Numerous studies have explored robot-assisted dressing methods.
Some studies address adaptation to user motion under garment-
induced occlusions, often incorporating personalization based on
individual differences[3, 6, 8, 20]. Other studies focus on garment
manipulation prior to dressing, such as grasping and unfolding gar-
ments to prepare suitable configurations [23–25]. During dressing,
haptic perception has also been used to infer interactions between
garments and the human body [9].

Another line of research focuses on garment manipulation dur-
ing dressing by developing control strategies that guide garments
into desired configurations around the human body. These ap-
proaches commonly rely on point cloud observations and include
demonstration-based learning for arm and body dressing [7], as
well as model predictive control with graph convolutional networks
or diffusion policies for garment opening insertion [10, 11]. and
policies that integrate visual perception with force dynamics for
safe dressing assistance [15]. Policy distillation has also been used
to generalize dressing policies across different human poses from
partial point cloud observations [19]. These studies primarily ad-
dress loose-fitting garments such as shirts and trousers.

2.2 Imitation learning for deformable object
Imitation learning has recently been applied to deformable object
manipulation, including garment folding, unfolding, and smooth-
ing, by leveraging multimodal representations [14, 22, 26]. Vision-
language models have further extended these approaches to a wider
range of manipulation tasks [2, 4]. While imitation learning has
shown the ability to maintain appropriate contact forces in ma-
nipulation tasks [1, 13], applying these approaches to close-fitting

garment dressing remains challenging due to the need to balance
fabric elasticity, sock-foot friction, and directional force control.

3 Dressing with Proposed Model
An overview of the proposed model is shown in Fig. 2. The model
consists of multiple components that jointly enable semantic per-
ception, attention-based feature extraction, and temporal modeling
for dressing assistance. Multimodal features are integrated over
time using a hierarchical LSTM, allowing the model to capture tem-
poral changes in object shape and contact dynamics and to generate
appropriate dressing motions.

3.1 Semantic extraction of garment and human
foot

To estimate the states of the sock and the human foot, we combine
semantic segmentation and monocular depth estimation. We use
SAM2[12] to obtain semantic masks of the sock and foot, which
reduces sensitivity to variations in appearance, lighting, and back-
ground, and helps maintain robustness under frequent occlusions
during dressing motions. Depth information is obtained using
DAM[21] and integrated with the semantic masks to infer the rela-
tive spatial relationship between the garment and the foot.

3.2 Visual and somatosensory attention
mechanism

We incorporate somatosensory and visual attention mechanisms to
support stable force interaction and robust perception. Somatosen-
sory attention emphasizes relevant tactile cues during contact,
while visual attention focuses on the sock and foot regions to handle
background changes and occlusions. By integrating depth-aware
attention, the system extracts 3D keypoints, enabling reliable per-
ception and control in close-fitting dressing tasks.

3.3 Hierarchical LSTM
The extracted 3D keypoints, joint states, and tactile information
are integrated over time using a hierarchical LSTM network to gen-
erate dressing motions. Separate LSTMs are applied to individual
modalities, and their internal representations are fused by a higher-
level LSTM. This hierarchical structure enables effective modeling
of both modality-specific dynamics and cross-modal interactions,
which is essential for stable force-aware dressing assistance.

3.4 Training and inference phase
During training, the model learns to predict multimodal informa-
tion, including joint angles, joint torques, tactile feedback, and at-
tention points, from demonstration data. The network is trained by
minimizing the prediction error between the estimated multimodal
outputs and the corresponding target values.

During inference, the target object region is tracked based on the
initial prompt. A semantic mask is generated in real time, and depth
information is extracted from the masked region using the depth
estimation model. Given the current joint angles, joint torques,
tactile feedback, and camera images, the model predicts the next
target state.
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Figure 2: An overview of our proposed model[17]. The motion generation is based on the deep predictive learning model EIPL
with Hierarchical LSTM [16]. The features extracted from the semantic mask and depth estimation are input into an attention
mechanism called Spatial Softmax to obtain attention points on the images. The visual attention points, joint angles, torques,
and tactile information are input into a hierarchical LSTM, and the image and joint angle one step ahead are output.

4 Experiments
4.1 Environment and dataset
Training data were collected via teleoperation using a game con-
troller. For safety reasons, a mannequin seated on a chair was used,
with its foot placed on a footrest to simulate a sock-dressing sce-
nario for a person sitting at the bedside. To account for individual
differences in foot posture, the mannequin’s ankle dorsiflexion an-
gle was set to 30°, 40°, and 50°. Four demonstrations were collected
for each condition, resulting in a total of 12 training samples.

The dataset includes camera images, joint angles and torques of
both arms, and tactile feedback from the thumbs, recorded at 20 Hz.
Using a mannequin reduces physical and psychological burden on
human participants while enabling evaluation of generalization to
real humans.

4.2 Evaluation
We evaluated generalization and robustness on 10 human partici-
pants by comparing the proposed method with Action Chunking
with Transformer (ACT) [26] and Diffusion Policy (DP) [5]. Exper-
iments were conducted under two conditions, with backgrounds
either matching or differing from those used during demonstration,
with 50 trials per condition as shown in Fig. 3. Ethical approval
was obtained from the Human Subject Research Ethics Review
Committee.

5 Results and Discussion
We evaluated the performance of the proposed method on real
human subjects and compared it with Action Chunking with Trans-
former (ACT) and Diffusion Policy (DP). As shown in Table 2, the
proposed method achieved success rates of 84% in seen environ-
ments and 74% in unseen environments, outperforming ACT, which

Table 1: Success rates corresponding to foot sizes

Size of foot ACT DP Ours

23-24 cm 14/30 N/A 26/30
24-25 cm 14/30 N/A 28/30
25-26 cm 5/30 N/A 21/30
26-27 cm 0/10 N/A 4/10

failed completely in unseen backgrounds. DP was unable to com-
plete the dressing task due to unstable force control. Moreover, as
shown in Table 1, foot size caused specific failures. The participants
with larger feet experienced heel-catching failures due to premature
arm lifting. Consequently, although the system can accommodate
a certain range of foot sizes, challenges remain in achieving robust
performance across broader morphological variations. We would
expand the method by leveraging a morpho-aware method [18].

Human experiments revealed failure modes not seen in man-
nequin trials, including limited ankle flexibility and toenail snag-
ging. The model showed a gradual and consistent increase in force
across dressing phases and remained stable across different foot
sizes. Higher forces in the heel–ankle phase were attributed to
deeper arm insertion and wider hand spacing. Overall, the method
maintained appropriate force levels, enabling task progress without
excessive pressure, though further improvements are needed to
handle greater morphological variability.

6 Live Demonstration at the Osaka Expo
From August 5 to August 12, 2025, a live demonstration of sock-
donning assistance was conducted at the Osaka Expo, showcasing
a humanoid care robot designed to support daily caregiving tasks.
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Figure 3: Scenes of the test of the motion generation with the proposed model seen background(left) unseen background(right)

Figure 4: Attention points moving over the object area. Blue
points and red points indicate current and future image at-
tention key points, respectively.

Table 2: Success rates of motion generation.

Condition ACT DP Ours

Seen Background 33/50 N/A 42/50
Unseen Background 0/50 N/A 37/50

While the robot did not assist real visitors directly for safety
reasons, it demonstrated the full motion and control sequence re-
quired to put socks on a human foot. This decision highlighted the
current boundary between experimental capability and real-world
deployment.

Audience reactions during the live demonstration were telling.
Some visitors commented that the motion looked as though it
might cause muscle tension or cramps, raising concerns about
comfort and safety. These reactions revealed an important insight:
technical success alone is not enough. Speed, smoothness, perceived
comfort, and psychological reassurance are as critical as mechanical
precision.

AIREC is being developed as part of Japan’s Moonshot Research
and Development Program, which aims to realize robots capable
of coexisting with humans by 2050. Beyond socks, the robot is
designed to support walking assistance and wheelchair-related
caregiving tasks, with a target of deployment in care facilities by
2040.

This live demonstration at the Osaka Expo positioned sock-
donning assistance not as a novelty, but as a benchmark task that
exposes the true challenges of care robotics. It underscored both

how far the technology has progressed and howmuch refinement is
still required before such robots can safely and comfortably reduce
caregiver burden in real caregiving environments.

7 Conclusion and future work
This study presented a multimodal imitation learning approach for
close-fitting dressing assistance, focusing on sock-dressing as a rep-
resentative and socially significant care task. By embedding depth
information into semantic mask representations and integrating
visual, proprioceptive, and tactile cues through a hierarchical LSTM,
the proposed system was able to adapt to variations in foot shape,
size, and flexibility. Training on a mannequin enabled safe data
collection, while preliminary validation with human participants
demonstrated improved robustness compared to baseline methods.

Beyond technical performance, these results underscore the im-
portance of continuous adaptation in assistive robotics. Close phys-
ical interaction with human bodies and deformable garments ex-
poses the limitations of fixed or overly simplified taskmodels.While
the system successfully handled insertion motions and subsequent
dressing phases, limitations in the toe-insertion stage highlight how
small failures can carry disproportionate consequences in intimate
care contexts. Rather than optimizing only for task completion,
such systems must be evaluated in terms of how they manage
uncertainty, bodily diversity, and risk.

Future work will extend this approach toward dynamic, long-
term adaptation in real-world settings, where unexpected human
motion, misalignment, and unintended contact are inevitable. This
will require not only online replanning and recovery behaviors, but
also careful consideration of how assistance is negotiated between
humans and robots over time. The proposed semantic mask repre-
sentation offers a promising direction in this regard, as it captures
object- and body-level concepts that may generalize across different
garments and dressing scenarios.
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