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Model Predictive Control with Graph Dynamics for Garment Opening
Insertion during Robot-Assisted Dressing

Stelios Kotsovolis and Yiannis Demiris

Abstract—Robots have a great potential to help people
with movement limitations in activities of daily living, such as
dressing. A common problem in almost all dressing tasks is the
insertion of a garment’s opening around a part of the human
body. The rich contact environment and the deformations of
the garment make the task a challenging problem for robots.
In this paper, we propose a bi-manual control method for
garment opening insertion during robot-assisted dressing.
Specifically, we propose a model predictive controller that uses
an Attention-based Relational Graph Convolutional Network
(ARGCN) for modeling the dynamics of the opening in the
presence of the body. We train the model entirely in simulation
and validate our method in four real-world dressing scenarios
of a medical training manikin. We show that our method
generalizes well in the real-world opening insertion tasks
achieving an overall success rate of 97.5%, even though the
dynamics and the shapes vastly differ from the simulation setup.

I. INTRODUCTION

Assistive technologies are becoming increasingly impor-
tant as the population ages and the number of people with
disabilities increases. Specifically, dressing is reported as one
of the most onerous activities for healthcare workers [1].
Assistive robots could provide assistance with dressing, as
well as provide privacy and agency to the users. However,
dressing remains a very challenging task for robots, as a
plethora of different problems needs to be solved, from fine
manipulation of garments to tracking of human motions.

Recent studies have made great progress in the field to-
wards tackling these challenges [2-10]. Most of the dressing-
related approaches mainly focus on either the manipulation
after the insertion of the opening or on the preparation
for it, while the insertion stage has received less attention.
Regarding the latter, although studied in some specific tasks
[11-13], strong assumptions were made about the shape
of the body or the dynamics of the garment, making the
generalization to different garments or body parts hard.

The insertion of a garment’s opening is a problem present
across almost all dressing scenarios. Motivated by that fact,
in this paper we study the insertion stage of dressing, to build
towards generalization for different dressing scenarios. This
stage of dressing is particularly complex because the garment
is not yet constrained on the body. For this reason, we
use a bi-manual manipulation method to have more control
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Fig. 1: The proposed method enables the Baxter robot to success-
fully insert the openings of garments in four dressing scenarios

over the garment, similar to how humans usually perform
this stage. A fundamental challenge in this scenario is the
rich contact environment which results in garment-body
collisions. During the insertion stage of dressing, contacts
between the garment and the human body parts are especially
important, as they can cause failure if the garment gets
caught, or they can be beneficial and used to create hooks
that can help complete the task.

To enhance robots with such abilities, we propose a model
predictive controller that uses a learned graph dynamics
model of the opening of a garment in the presence of the
body. In particular, we use an Attention-based Relational
Graph Convolutional Network (ARGCN) [14, 15] to model
the dynamics. To generalize for the shape of body parts,
we use the point clouds of the body as input, while we
use the point cloud of the opening as the garment’s repre-
sentation. Our model is trained entirely in simulation. More
specifically, we use a ring-shaped piece of cloth to simulate
the opening and learn its dynamics when in contact with
general shapes (cylinders, spheres, and boxes). We show in
our experiments that our method can effectively succeed in
real-world dressing scenarios, despite the different shapes
and dynamics, proving its generalization properties. In this
paper, we focus on the insertion stage, up to the point where
the opening is securely positioned around the targeted body
part for dressing. However, our method can potentially be
complemented by another dressing method to complete the



task [6, 16, 17]. Overall, the contributions of this paper can
be summarized as follows:

o A model predictive controller for insertion of garment
openings during robot-assisted dressing that can generalize
across different garment dynamics and body part shapes.
A dynamics model to predict future states of the opening
of a garment under external contacts.

An experimental evaluation against state-of-the-art base-
lines of the dynamics model in simulation as well as the
overall system in four real-world dressing tasks, depicted
in Fig. 1: Putting a hospital gown’s neck opening around
the head, a scarf around the head, a hospital gown’s sleeve
opening around the hand and a sleeveless jacket’s opening
around the hand.

II. RELATED WORK
A. Robot-assisted Dressing

Robot-assisted dressing studies can be classified as studies
about perception and state representation, studies about user
behaviour modelling and personalization, and studies about
manipulation of the garments themselves. Regarding the first
category, some prior works focus on perceiving important
parts of the garments, mainly the openings, and building
representation models [2, 3, 18-20]. Other studies focus
on finding grasping points and/or unfolding the garment
in preparation for a dressing task [7, 8, 21, 22]. Several
papers study the case of a collaborative user and propose
approaches to track the human’s pose under occlusions [23-
25], using personalization techniques according to the user’s
preferences or movement limitations [16, 26-32].

On the other hand, many prior studies assume, as we also
do, users without the ability to move. The objective of these
studies is to achieve a desired state of the garment around
the body. Some works study the problem of dressing a sleeve
of a garment on an arm [4, 5, 17]. Recently, a study on
that problem [6] used directly the point cloud to generalize
for different poses. These methods focus more on the ma-
nipulation process after the insertion stage specifically for
arm dressing and use single-arm manipulators. A few prior
studies involved the insertion of the opening, for instance,
when putting a T-shirt’s neck around the head [11, 12] or
during upper body dressing, with a T-shirt or a sleeveless
jacket [13, 33]. However, they assume a specific body shape
and use approximate representations, such as the centroid
points. Instead, we propose a method for the initial insertion
of garments by using the point clouds of the opening and the
body, to generalize for different body parts and openings.

B. External Contacts in Deformable Objects Manipulation

Deformable object manipulation remains a challenging
task for robots, mainly because of the high space state
and the difficulty in dynamics modeling, especially when
external contacts are present. Some approaches handle the
contacts without directly modeling the dynamics [34, 35].
Others, propose primitive contact types [36], adaptation of
the dynamics [37], or task-specific dynamics [38]. Following
the promising results of Graph Neural Networks in modeling
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the dynamics of deformable objects [39-42], the authors of
[43] proposed a Graph Convolutional Network for linear
deformable object modeling with external contacts, with dif-
ferent kinds of graph edges for different types of interactions.
In our work, we borrow the idea of the relational structure of
the network. However, our approach differs in the dynamic
model’s architecture, as well as the complexity of the task.
The problem of insertion of deformable objects has re-
ceived less attention. A FEM-based optimization method was
presented in [44] for placing a ring-shaped object around a
pillar, but the method was validated only in simulation. In
[45] a heuristic planner was presented for the same problem,
while an approach for driving units assembly was proposed
in [46]. In [47], in which reinforcement learning was applied
in different simulation environments, the authors reported
unsatisfying results in a task where a rubber band had to
be placed around pillars. These studies focus specifically on
insertions around circular objects, while for the ones vali-
dating the method in real-world experiments, key points are
used to represent the deformable object. To our knowledge,
there is currently no method for the insertion of deformable
objects that has demonstrated generalization for the shape
of the target object. Our method can generalize for different
body parts, as it successfully completed garment insertions
around a hand and a head, even though the dynamics are
learnt from interactions with general geometric shapes.

III. PROBLEM FORMULATION AND ASSUMPTIONS

In our formulation of the problem of opening insertion
during robot-assisted dressing, we make the following as-
sumptions. In each time step ¢ of the dressing task, we
assume a point cloud of the garment’s opening P! and a
point cloud of the targeted body part for dressing Pf. We
leave the case of partial observations for future work. Here,
we study a static user’s case and we assume that P} remains
the same during the process. Hence, in the rest of this paper,
we refer to it simply as P,. We also assume that the robot
has grasped the opening in two diametrically opposed points
with two generic grippers. Lastly, we use low velocities and
accelerations to meet the quasi-static condition.

The general goal of our method is to select actions a® of
the robot end-effectors, to place P, around P,. As presented
in Fig. 2, we define the action of the robot and the state of
the opening and the body part as a graph G*. An Attention-
based Graph Convolutional Network (ARGCN) is used to
process the graph and make predictions about the next state
of the garment’s opening P!*!. The prediction model is
then utilized in a model predictive controller to take actions
that minimize a cost function C'(P/+1, P,). In the following
sections, we describe our method in detail.

IV. DYNAMICS MODEL

A. Graph Construction

Using different types of edges to represent the relations
between the deformable objects and the contacts has been
shown beneficial for dynamics modeling in the presence of
external contacts in previous research [43]. We borrow this



Model Predictive Controller

I

Candidate Actions

PUTERE
ARGCN B}

Dynamics Model

Graph
Construction

Point cloud
extraction

Cost Function
+  Coverage
*  Depth Distance

Graph Construction

! Relation 1 (Garment)

Relation 2 (Contacts)

Point 3D
Coordinates

EE
Positions

EE Post-action
Positions

Fig. 2: Model predictive controller (MPC) architectural diagram. (Left): In each time step, the point clouds of the body and the opening
of the garment (state) are converted into a graph. Candidate actions are sampled and a graph is generated for each state-action pair. For
each candidate action a prediction of the next step’s point cloud of the opening is made by the ARGCN model and the optimal action is
selected according to a cost function. (Right): The point clouds are converted into a relational graph, by constructing bidirectional edges
between the nodes of the opening (deformation dynamics) and directional edges from the body’s nodes to the opening’s nodes (contact
dynamics). The actions are encoded in the graph by concatenation in the feature space.

idea and adjust it for our garment opening insertion task.
Specifically, we structure our graph as G* = (V, E"), where
V' are the nodes of the graph representing the 3D positions
of the two point clouds’ points and E” are the edges of the
graph under the relation r. In our work, we use 2 types of
edges: bi-directional edges between the nodes of the opening
of the garment P! and directional edges from the body part’s
nodes P, towards the nodes of the opening of the garment
P!. The first relation aims to model the dynamics of the
garment’s opening itself, while the second aims to model
the contact dynamics with the body. The edges, represented
by the adjacency matrices £, are constructed based on a
connectivity radius. We encode the action by concatenating
the end-effectors’ positions P! as well as the post-action
end-effectors’ positions of the next state P;“, in the feature
space of the nodes of the graph, similar to [42, 48].

B. Network Architecture

The goal of our dynamics model is to provide an estimate
of the opening’s point cloud in the next time step P!t
given the current state and an action, encoded by the graph
G*®. We propose using an Attention-based Relational Graph
Convolutional Network (ARGCN) [14, 15], which extends
Relational Graph Convolutional Networks (RGCNs) [49], by
using attention mechanisms, instead of fixed normalization
constants. Relational GCNs are well-suited for processing
relational graphs by using separate aggregation functions for
each relation, different types of dynamics in our case. More-
over, the attention mechanism can be beneficial by focusing
on the interactions, that are important for making predictions.
We describe in this section our specific architecture.

We use a typical encoder-decoder architecture with linear
weights as our encoder and decoder, and an ARGCN network
as the core processor. Our formulation of the ARGCN
follows the general formulation for each layer:

h, = U(Z Z Tijr + Wohi)

reERJENT

)

where h; and h; are the input and output representations of
the node i in the layer, N is the set of neighbors of the node
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¢ under the relation r, R is the set of relations (2 in our case),
Wy is a trainable weight, ¢ is the activation function and
245, describes the aggregation between neighbors of each
relation. We use different weights for each layer.

We further use a multi-head attention mechanism [50] as:

[l @)

where K is the number of attention heads. The outputs of
the attention heads are concatenated (denoted here by the
symbol ||) and passed through a trainable weight W, , while
for each attention head k, an attention mechanism is used:

af; ,WFh; (3)

where Wk is a trainable weight, different for every attention
head k& and relation r and

o (o, [Wrhil[WEh])
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where ay, .- is a trainable weight. In our implementation, we
use different weights per relation and attention head. We use
as a dimension of each attention head as dy = d; /K, where
d; is the dimension of the input’s representation, as in [50],
to keep the dimension fixed between the layers.

After L layers of the described message propagation
function, the final layer’s representation is decoded to acquire
an estimate of the opening’s point cloud in the next time step
130““1. We use L = 8 layers, K = 4 attention heads, a ReLU
activation function and a latent space size of 64.

V. SIMULATION AND TRAINING

To collect data for our model, we built a simulation
environment in PyBullet, [51], a FEM-based simulator, as
depicted in Figure 3. A ring-shaped cloth object of 1m radius
with a small thickness was used to simulate a garment’s
opening. Three general geometric objects (a cylinder, a
sphere, and a rectangular box) were used to get data from
interactions of the opening with other objects. Their dimen-
sions and orientation were randomized during the rollouts
and the center of their position was used to center the scene
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Fig. 3: We use a simulation setup in PyBullet with a cloth
ring-shaped object to record interactions with objects of general
geometric shapes. Two spheres (red), attached to the cloth, perform
random actions, while force injection spheres (black) are used to
simulate forces applied by the rest of the garment.
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in the real-world dressing application. Similarly, the initial
position and orientation of the opening were randomized,
while the size of the opening remained fixed and used as a
scaling factor for the real-world dressing application.

We recognize that in real-world dressing tasks, the rest
of the garment influences the opening as it applies forces
on it, because of its weight and friction with other parts
of the body. Still, the opening remains the most important
part of the garment for the insertion stage, while the rest
of it affects the opening by applying forces on it. For this
reason, instead of using the whole garment in simulation, for
which complicated interactions with the body are difficult to
simulate, we directly apply small random forces in random
vertices of the opening’s mesh. Under the assumption that
forces remain roughly the same between small time steps,
we maintain the forces fixed during rollouts. This method
sometimes referred to as force injection in sim-to-real studies
[52], randomizes the dynamics and is suitable in our case
because the randomization is uneven across the opening.

The 2 end-effectors of the robot were simulated by 2
spheres anchored on random, but diametrically opposed
vertices of the opening’s mesh. We performed small random
displacements of the end-effectors of a small fixed size
0 = 0.3m. We gathered 33,400 data tuples (state, action,
and next state) for training. In simulation, we capture the
point cloud directly from equally distributed vertices of the
meshes and since we know the correspondence in time, we
trained our model with a Mean Squared Error (MSE) loss.

VI. MODEL PREDICTIVE CONTROLLER

To generate actions, we propose a model predictive con-
troller that uses the learned ARGCN model and a cost
function that encourages the insertion of the opening of the
garment around the body. In each time step, the controller
generates random candidate actions of fixed step 4. From
these actions, we discard the ones that result in the end-
effector coming closer to the body than a set threshold. Con-
sequently, the candidate actions, along with the state of the
environment represented by the two point clouds, are utilized
to construct a graph for each action, as described in section
IV-A. These graphs are then processed by our dynamics
model to generate a prediction I:’(f“ of the opening’s point
cloud for each candidate action. The controller then selects

the action that minimizes the following cost function:
C(PIY, Py) = Cprog(PETY) + w  Cogy (P, Py)

(&)
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Fig. 4: Snapshots during four real-world dressing scenarios. Our
controller successfully inserts the openings by taking advantage of
the contacts between the garment and the body.

The cost function is constructed by two terms and a tunable
weight w. The first term encourages the progression of the
task by bringing the opening deeper around the body’s axis
z, using the average distance from the desired depth:

- D imlN, |]5ti+1_pd,
CPrOg(P§+1) = =l ONO = - (6)
o
where Pﬁ;l is the predicted garment’s opening, projected

on a plane perpendicular to the axis of the body, NN, is the
number of points in the opening’s point cloud and pg . is the
desired depth. With the second term, we aim to maximize
the coverage area of the opening around the body part:

Coeon(PY, Py = (1 — Ny, /Ny) (7

where N, is the number of points of the body’s point
cloud (with a uniform density) when projected on a plane
perpendicular to the axis of the body part, and N, is the
number of those points that are inside of the area shaped by
]5(‘;*1, projected on the same plane. Finally, in each time step
the controller selects the action a', that minimizes the cost:

a' = argmin C(Pj“, Py) (8)

as

We use one prediction step, as preliminary experiments
did not show any significant improvement in the performance
when a bigger horizon was used. On the contrary, it heavily
increased the processing time between actions. As we show
in our results, the proposed controller achieved high success
rates, even with one prediction step.

VII. EVALUATION

We conduct experiments to investigate the performance of
our dynamics model and the overall system’s performance.

A. Dynamics Model Evaluation

To evaluate the dynamics model we conduct experiments
in simulation and compare our model against 3 baselines.
We collect 8000 new data tuples for the three objects used
during training and another 8000 data tuples with 2 objects
unseen during training: an object constructed by 2 boxes
connected diagonally and a T-like object, as shown in Fig.
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point clouds of the opening, using the proposed method and
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3. We compare our proposed Attention-based Relational
Graph Convolutional Network (ARGCN) against the follow-
ing baselines:

o« ARGCN-3REL: We use our dynamics model, but instead
of a feature space action encoding, we encode the actions
geometrically by using a third relation in the graph, similar
to the action encoding method from [43].

o« LG-DEC: We compare against the network architecture
from [43], which was proposed for 2D deformable object
dynamics modeling in the presence of external contacts.

« PointNet: Since we use the point clouds as inputs and
outputs, we compare against a segmentation-type PointNet
[53]. For a more fair comparison, we use two separate
branches for processing the point clouds of the opening
and the body, which are concatenated along with the action
in the global feature, after the PointNet’s pooling layer.

From Fig. 5 we can draw the following conclusions.
Firstly, in our case, the feature action encoding resulted in
slightly better performance, than when encoded as a third
relationship. We believe this happens because, in the case of
a geometrical action encoding, the information of the end-
effectors’ positions before the action is not preserved in the
graph, if nodes of the opening not attached to the end-effector
enter the connectivity radius of the corresponding relation.
In our task, this seems to be often the case, probably because
of the circular shape of the opening, leading to inferior
performance of the geometric action encoding. From the
comparison with the two last baselines, we prove the superior
performance of our proposed dynamics model against the
two state-of-the-art networks. Moreover, our network is more
robust, since the variance of the errors is smaller.

B. Model Predictive Control Evaluation

To evaluate the overall control process for the opening
insertion during robot-assisted dressing, we conduct real-
world experiments with a Baxter humanoid robot equipped
with two 2-finger Robotiq grippers. For safety reasons, we
use a medical training manikin with an open-palm hand
configuration. The manikin’s head is designed with human-
like hair, significantly increasing friction. We evaluate our
method against 2 baselines in 4 different dressing scenarios
that include 2 different body shapes and 4 garments of
different sizes and deformation properties:

o Scenario 1: The robot has to insert the neck’s opening of
a hospital gown around the head of the manikin. The rest
of the gown is placed around the body of the manikin.

o Scenario 2: The robot has to insert a circular scarf around
the manikin’s head.

o Scenario 3: The robot has to insert a short sleeve of a
hospital gown around the manikin’s hand.

o Scenario 4: The robot has to insert the arm’s opening of
a sleeveless jacket around the manikin’s hand.

The manikin is fixated on a chair, while the hand is fixated
horizontally for the hand dressing scenarios, although slight
deviations are allowed. We compare the baselines on the
same settings to secure a fair comparison. We place an L515
LiDAR on top of the head or front of the hand, depending on
the task. We capture the point clouds of the body parts using
depth segmentation before the beginning of the tasks and
extend their contours in the z direction of the camera as an
estimation of their full shape. For the opening’s point cloud,
we used depth and color segmentation and the inner contour
of the mask to extract the opening, which is then used along
with the depth image, to acquire the point cloud. The point
clouds are then downsampled and passed through a Moving
Least Squares (MLS) filter to be smoothed. We initialize
the task by the two grippers holding the opening, above the
head or in front of the hand, in various positions, same for all
baselines. We consider the tasks completed when the opening
is placed around the body and in some depth, where the
insertion task can be assumed to be safely completed. For
the head, we set the depth on the ears’ height and for the
hand on the wrist’s height. We compare our method against
the following two baselines:

o« MPC-Centroid Cost: To investigate the effectiveness of the
cost function of the MPC, we substitute the coverage term
with a distance between the centroids of the opening and
the body, which is a common concept in robot dressing.

« Visual Feedback Controller: To demonstrate the necessity
of our controller, we compare it against a visual feedback
controller, similar to the logic in [12]. Firstly, the controller
aligns the opening with the targeted body part, by using as
feedback the mean of the points of the body’s point cloud
that are out of the area of the opening’s point cloud when
projected on a plane, perpendicular to the body’s axis.
When a coverage threshold is reached, the robot follows
a linear trajectory towards the goal’s depth.

For each scenario and baseline, we perform 10 trials and
measure the success rate (120 trials in total). The outcome
of the trials is shown in Table I, while snapshots of our
method for all scenarios are depicted in Fig. 4. Moreover,
to qualitatively demonstrate the efficiency of our method we
show in Fig. 6 snapshots during a sample trajectory of the
opening for each of the baselines during the most competitive
task according to the results: the scarf dressing scenario.

As shown in Table I, our method significantly outper-
formed the two baselines. Specifically, the visual feedback
controller achieved a high performance only in the sleeveless
jacket’s scenario, in which the opening is wide and stiff. For
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Fig. 6: Trajectories of the point cloud of the opening of the scarf (red) and end-effectors (yellow) around the head (blue) during the
real-world scarf dressing task for our method (top) and the two baselines (middle and bottom). The two baselines fail to insert the scarf,
which ends up getting caught on the head, because of the smaller size of the scarf compared to the head and the large deformations. On
the contrary, our method successfully inserts the scarf around the head by making use of the contacts.

[ Scenario 1| Scenario 2 [ Scenario 3 | Scenario 4

MPC (Proposed) 10/10 9/10 10/10 10/10
MPC (Centroid Cost) 5/10 2/10 3/10 9/10
V.E. Controller 4/10 0/10 3/10 9/10

TABLE 1. Success rate of our method and the baselines, during
the 4 opening insertion dressing scenarios.

the other cases, this controller resulted in the opening getting
caught on the body in most of the trials. In fact, for this
baseline, we had to tune the coverage threshold specifically
for each task. If the threshold was set too low, the controller
would have worse performance in tasks with wide openings,
like the jacket, while when it was set too high, it would
often get stuck in trying to fully fit the opening and never
initiate the linear trajectory, in tasks with narrow openings.
Overall, we observed that this controller highly depended on
the initial state and the deformation of the opening, while
it succeeded consistently only when the opening was stiff
and initially wide open. A slightly better performance was
achieved by the MPC baseline with a centroid distance cost
function. With this baseline, the robot arms could move
independently, allowing better control of the garment and the
controller did not seem to depend a lot on the initial state.
Although the dynamics model provided accurate predictions,
the controller led the opening towards the center due to
the centroid term of the cost function, which was often
caught around the edges of the head, or in the fingers of
the hand, mainly the thumb and the pinky finger. To sum up,
the two baselines failed in scenarios with garments of high
deformations and/or narrow openings.

On the contrary, we observed that our full MPC system
encouraged the use of contacts and often created hooks,
managing to insert openings even with high deformations and
small openings, such as the scarf and the sleeve. Such a case
is depicted in Fig. 6 (top) for the scarf dressing scenario. We
give the following explanation for this behavior through that
example. The robot first tries to achieve a high coverage area
and lead the opening towards the center of the head, while
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also lowering it to achieve lower progression cost. After some
point, no more area can be covered and the coverage cost has
similar costs for all candidate action. The progression cost,
which has now a more important role, leads the opening
lower and towards some edge to place a part of the opening
lower down the edge, creating a hook. Then, the dynamics
model starts predicting states with very high coverage when
the actions lead towards the opposite edges, since now the
coverage area can grow, as the opening is hooked and not in
the air. Finally, after maximizing the area towards the other
side, the progression function has again more impact, leading
the opening towards the desired depth and completing the
task. Similar behavior was observed in the hand scenarios
too, which allowed the robot to avoid the opening getting
caught in the fingers. The only failure, noticed in the scarf
dressing scenario, happened because when placing part of
the opening around one side of the head, the scarf slid
down creating a very deep hook. Then, when the controller
attempted to place the other side of the scarf around the
head, the length and elasticity of the scarf were not enough
to achieve it. Methods to recover from such cases might be
a line of future work.

VIII. CONCLUSIONS AND FUTURE WORK

In this paper, we presented a method for placing an open-
ing of a garment around a targeted body part for dressing.
We proposed a model predictive controller with a graph
dynamics model for the garment’s opening, which achieved
higher performance against state-of-the-art methods. Our
approach achieved high success rates in four real-world
dressing scenarios, showing that our model can be transferred
in a zero-shot manner to the real world and generalize for
different garments and body parts. In future work, we aim to
tackle the problem of partial observations, which is the main
assumption made in this study. This will allow the insertion
of garments in cases where part of the opening is occluded
either from self-occlusion or the body, such as when dressing
garments with long sleeves, gloves, or socks.
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