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Abstract

Fabric flattening is a critical pre-processing step for automated garment manufacturing.
Most existing approaches employ single-arm robotic systems that act at a single contact
point. Due to the nonlinear and deformable dynamics of fabric, such systems often require
multiple actions to achieve a fully flattened state. This study introduces a dual-arm fabric-
flattening method based on a cascaded Proposal-Action network with a hybrid training
framework. The PA network is first trained through imitation learning from human
demonstrations and is subsequently refined through reinforcement learning with real-world
flattening feedback. Experimental results demonstrate that the hybrid training framework
substantially improves the overall flattening success rate compared with a policy trained
only on human demonstrations. The success rate for a single flattening operation increases
from 74% to 94%, while the overall success rate improves from 82% to 100% after two
rounds of training. Furthermore, the learned policy, trained exclusively on baseline fabric,
generalizes effectively to fabrics with varying thicknesses and stiffnesses. The approach
reduces the number of required flattening actions while maintaining a high success rate,
thereby enhancing both efficiency and practicality in automated garment manufacturing.

Keywords: fabric flattening; imitation learning; reinforcement learning; dual-arm manipulator;
robotic system

1. Introduction

In garment manufacturing processes such as sewing, folding, and ironing, it is critical
to ensure that the fabrics are sufficiently flattened before each operation [1,2]. A properly
flattened surface improves process accuracy, consistency, and efficiency. Despite the im-
portance of this step, fabric flattening is still predominantly performed manually. This is
due to the inherent challenges of automating the task using robotic systems, including the
fabric’s high degrees of freedom, nonlinear and deformable dynamics, and the absence of
consistent geometric features [3].

Previous research has mainly focused on single-arm robotic systems for fabric manip-
ulation and flattening. These systems typically rely on learning-based or vision-guided
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strategies and have demonstrated success in simplified or controlled scenarios [4,5]. How-
ever, single-arm setups are inherently limited, as they can only manipulate one point at a
time, reducing control flexibility and often leading to inefficient operation. Existing studies
report that such systems generally require four to nine actions to fully flatten a piece of
fabric [6,7]. More recent work has investigated dual-arm systems that can manipulate fabric
from both sides simultaneously. While these approaches provide better control of surface
tension, they still predominantly rely on wrinkle-based actions; thus, multiple iterations
are often needed to achieve complete flattening [8,9].

To address these challenges, we propose a dual-arm fabric flattening method based on
a cascaded neural network and a hybrid training framework. The proposed network con-
sists of two modules: a Proposal Network that identifies promising manipulation regions,
and an Action Network that predicts optimal operation points. The hybrid training frame-
work first applies imitation learning to build an initial policy from human demonstrations
for the Proposal Network. Then it refines this policy through joint reinforcement learning
based on real-world robotic feedback. This integration enables the system to adaptively
optimize its actions with the explicit goal of reducing the number of required operations
while maintaining robust performance across diverse fabric conditions.

Our approach provides two main advantages. First, by combining region-level propos-
als with point-level decision-making, it improves the quality of initial manipulation choices.
Second, by incorporating real-world feedback into the learning loop, the policy is directly
optimized to reduce the number of required flattening actions. As a result, the robot can
perform more effective operations with fewer steps, which is essential for enhancing the
efficiency and practicality of fabric flattening.

2. Related Work

In recent years, learning-based methods have become the mainstream approach in
deformable object manipulation due to their adaptability and improved performance. Many
studies use convolutional neural networks for tasks such as wrinkle detection [10-13] and
corner detection [14,15] to identify manipulation points.

Among learning-based techniques, imitation learning (IL) has been widely applied
to fabric flattening. These methods train models to imitate expert behavior by predicting
grasp points or manipulation strategies from labeled demonstrations [16,17]. IL has been
successfully used in various tasks involving cloth flattening [18], folding [19], and bed-
making [20]. However, the effectiveness of IL is constrained by the quality and quantity of
human demonstrations, which may not reflect optimal strategies. In addition, IL models
often lack adaptability to variations in fabric properties, physical dynamics, or sensor noise.

On the other hand, reinforcement learning (RL) provides a data-driven alternative,
allowing robots to learn policies through interaction with the environment [21-29]. Recent
efforts have shown its potential for cloth flattening [30], cloth unfolding [31,32], and
assistive dressing [33]. Nonetheless, RL often suffers from high sample complexity, making
it costly to obtain sufficient interaction data in real-world settings.

To mitigate the limitations of both IL and RL, hybrid approaches have been proposed
to combine the strengths of the two. For instance, Vecerik et al. introduced Deep Deter-
ministic Policy Gradient from Demonstration [34], which initializes the replay buffer with
expert demonstrations to guide exploration in sparse-reward environments. Generative
adversarial imitation learning [35] aligns the learned policy with expert behavior using a
discriminator. This framework was further extended by Tsurumine and Matsubara [36]
through a goal-conditioned variant specifically designed for cloth manipulation.

Additional efforts have focused on improving stability and data efficiency. For ex-
ample, batch-constrained Q-learning [37] constrains policy updates to remain close to
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the distribution of expert data, while deformable manipulation from demonstrations [38]
incorporates advantage-weighted exploration to enhance expert trajectories. Although
these methods benefit from improved learning efficiency and reduced dependence on large
datasets, they typically treat expert demonstrations as static supervision signals that remain
fixed throughout training.

In contrast to previous studies that consider human-labeled data as immutable guid-
ance, our method treats human-provided manipulation points as initial priors rather
than fixed targets. This allows the policy to be initialized from expert behavior while
remaining flexible to improve upon it through feedback from real-world execution. By
continuously refining these priors during training, the proposed framework bridges the gap
between human intuition and physical performance, enabling more effective and efficient
fabric flattening.

3. Materials and Methods
3.1. Robot System Setup

We first present the fabric flattening system, as shown in Figure 1. The details of the
robot system are as follows.

ﬁ'/ == 4
&

T,

/ Robot2

Fabric

Figure 1. The experimental flattening system consists of a dual-arm manipulator system, force/torque
sensors attached to each arm, two end-effectors attached to each manipulator, a camera, and a
flat table.

3.1.1. Manipulator

Two 6-DoF robotic manipulators (VS-087, Denso Corporation, Kariya, Aichi, Japan)
are suspended from the robot frame. Each manipulator is equipped with a wrist-mounted
force/torque (F/T) sensor and an end-effector. The manipulators are controlled by a PC via
EtherCAT communication.

3.1.2. F/T Sensor

A 6-axis F/T sensor (Axia80-M8, ATI Industrial Automation, Apex, NC, USA) is
mounted on each manipulator to measure both the contact force applied to the end-effector
and the tension of the fabric. The F/T sensors are daisy-chained into the EtherCAT network
through the controller.
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3.1.3. End-Effector

The end-effector for the flattening operation is 3D-printed using PC-ABS (Stratasys,
Eden Prairie, MN, USA) as the main body, as shown in Figure 2. Elastic 50A Resin V1
(Formlabs, Somerville, MA, USA) is used as a soft contact pad to secure the surface-to-
surface contact between the pad and the table.

Figure 2. Three-dimensional-CAD model of the end-effector for fabric flattening operation, which is
attached to the manipulator.

3.1.4. Vision System

A Basler camera (Basler AG, Ahrensburg, Germany) is mounted above the workspace
to capture images of the fabric.

Figure 3a,b show the coordinate systems used for control of the system. £j; and X,
are defined as the base coordinate frames Oy1 — Xp1yp12p1 and Opy — Xy Yoz, respectively,
which are attached to the base link of each manipulator named Robot 1 and Robot 2. We
define X, as a world coordinate frame O, — x,Y,2,, which is fixed to the environment at
the midpoint between £j; and X;,. We define . as a camera coordinate frame O, — x.y.z,
which is attached to the camera. The homogeneous transformation matrices of X1, Xy,
and X, with respect to £, are calculated from camera—robot calibrations for Robot 1 and
Robot 2.

z, z
s g
y70 o I_ y 0b2
b2

Camera O

X C Z c
0,
y Robot 2

Robot 1

Force sensor 1 —__| z | —— Force sensor 2,
int
End-effector I— | Xint > in | End-effector 2
y_ Oint
int Fabric
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(a) Coordinate systems of the dual-arm manipulator and the camera

Figure 3. Cont.
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(b) Coordinate systems related to end effectors

Figure 3. Coordinate systems for fabric flattening experiments.

Y1 and X, are defined as end-effector coordinate frames O, — X,1Y,12,1 and
O — Xe2Ye2zen, which are attached to the tip of each end-effectors of Robot 1 and Robot 2.
For each manipulator of the dual-arm robotic system, the position and orientation of its
manipulation point for flattening the fabric is defined as the end-effector coordinate system
with respect to the world coordinate system. ;; is defined as the internal force coordinate
frame Ojyt — XintYintZint, which is attached to the midpoint between X1 and X».

3.2. Imitation Learning Based on Human Demonstration

The whole proposed method for selecting the manipulation points for the fabric
flattening is shown in Figure 4.

Capture Image Cascaded Network Dual-arm manipulator .
) - . Fabric
image processing Proposal + Action Network system

Proposal:Network

fiv

Encoder . Decoder

Binarizatlm n : Ngtr\ln?cfrk

Tmask

Manipulation points
candidate generation

Action

'

'

@ =[x1,y1,%2,32] ) |
»——= Environment |

Reward |

Action
Network
(Actor)

Lecandidates l;

ras .
2{ Concatenation

Joint reinforcement learning
Figure 4. Pipeline for fabric flattening. Imitation learning from human demonstrations is illustrated
in the orange dotted box, while joint reinforcement learning with real-world feedback is shown in
the blue dotted box. The cascaded network is first trained with human demonstrations and then
fine-tuned through joint reinforcement learning to optimize the policy for fabric flattening.

The imitation network is composed of two modules: a Proposal Network (PN) that
identifies promising manipulation regions and an Action Network (AN) that predicts the
optimal operation points. We adopt a cascaded design rather than a single large model,
since a single model struggles to map complex fabric appearances to human-demonstrated
points and tends to make reinforcement learning less stable and efficient. The PN reduces
the search space by proposing feasible manipulation regions from the input image and
candidate map, while the AN selects the final two operation-point coordinates based on
these structured cues.

3.2.1. Human Demonstration

We collected a dataset for imitation learning of fabric flattening from human demon-
strations. These demonstrations provide the model with ground-truth references to learn
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the correspondence between fabric states and operation points. In each demonstration, the
human demonstrator selects two manipulation points from the provided options based on
their experience with fabric flattening and then flattens the fabric by moving the points in
opposite directions along the line connecting them. The candidates for the manipulation
points are generated by uniformly discretizing the segmented fabric image.

The collected dataset is shown in Figure 5, where (a) illustrates the segmented fabric
area (Iseg) with background information removed, and (b) presents the manipulation point
candidates (I andidates), Which are generated by uniformly discretizing the segmented fabric
image Iseg and eliminating points along a vertical line passing through the centroid of the
segmented fabric pixels (see candidate generation in Figure 4). Figure 5¢c shows Igrasp, which
contains two manipulation points for fabric flattening selected by a human demonstrator
from the manipulation point candidates I . ndidates-

(@) (b) (0)
Figure 5. Dataset sample for training the PN. (a) segmented fabric image Iseg; (b) candidates of

manipulation points I angidates; (€) human-selected manipulation points Igrasp-

For each fabric flattening trial, a 350 mm X 350 mm square white fabric piece is
randomly placed on the experimental platform in a deformed state. Fabric images with a
resolution of 256 x 256 pixels, captured by the camera, are used for training the imitation
network. In total, 2431 training samples (Iseg, lcandidatess Igrasp) were collected and used to
train the PN. The image coordinates of the selected manipulation points, ((x1, y1), (X2, ¥2)),
were directly obtained from Igrasp and used to train the AN.

3.2.2. PN Architecture and Training

The PN is based on a dual-branch encoder—decoder architecture, adapted from the
standard U-Net [39], which effectively integrates global structural information with local-
ized uniform priors. The network takes two input modalities: the segmented fabric image
Iseg and the manipulation point candidates I.andidates- The schematic diagram of PN is
shown in Figure 6.

/ /

seg candidates grasp

I
L

Bl =y
|
3
|
_ ﬁ oI % - B;.chkk
o %l S

Figure 6. The structure of PN. Iseg and I.andidates Participate in the network training through different

input methods.

The backbone processes the segmented fabric image Iseg through a conventional
encoder—decoder structure with four hierarchical encoding blocks. Each block contains two
3 x 3 convolutional layers with batch normalization and ReLU activation, followed by a
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max pooling layer to downsample the spatial resolution and enhance feature abstraction.
The decoder mirrors this design, employing transposed convolutions and skip connections
to progressively reconstruct fine-grained spatial details from the abstracted features.

Note that the manipulation point candidates I.,ngidates are not processed through
convolutional layers within the network. Instead, they are successively downsampled
using max pooling to match the spatial resolutions of each decoder stage. At every decoder
stage, the downsampled candidate features are concatenated with the corresponding
decoder features. This fusion explicitly incorporates localized candidate priors, guiding the
network’s predictions toward regions emphasized by the downsampled candidate features.

To address the significant class imbalance between foreground pixels (manipulation
points, pixel value 1) and background pixels (pixel value 0), we adopt a composite loss
function that combines Binary Cross-Entropy (BCE) [40] and Dice loss [41]. The BCE term
captures pixel-wise differences, while the Dice loss is particularly effective in mitigating the
imbalance caused by sparse foreground regions and dense background areas. The overall
loss is defined as follows:

Ligss = & - Dice Loss + - BCE Loss (1)

where « and p are weighting factors that balance the two components.

3.2.3. AN Architecture and Training

The AN is introduced to select the manipulation points and output the image coor-
dinates of the two manipulation points. The network takes three inputs: the segmented
fabric image Iseg and the probability map I;.,, generated by the PN and I,k obtained by
binarizing Iseg.

Lseg and I5y,q, are concatenated along the channel dimension and passed through
four convolutional layers, followed by max pooling as the main encoding branch. As the
downsampling using convolutional layers can blur fabric boundaries, I ¢k is processed
through four levels of Haar wavelet downsampling (HWD) [42] to capture multi-scale
structural cues, as shown in Figure 7. At each encoding stage, features from the HWD are
integrated into the main branch via cross-attention blocks [43].

Output: array
[0.12,0.24,
Concatenate
/seg 0.55,0.87]
(Coordinates of
manipulation
points)

Cross-Attention I Convolution layer

i

*
grasp

I Batch Normalization + ReLU

I Max pooling

Binarization

’529 Imask

I Haar wavelet downsampling

I Fully Connected Layers

Figure 7. The structure of AN. AN takes two sets of inputs: the output I35, from the PN, and the
same original inputs that are also fed to the PN.

During demonstrations, the human demonstration tends to select manipulation points
near the fabric boundary, as these locations are more effective for flattening the fabric.
However, a standard mean squared error (MSE) loss considers only the Euclidean distance
between predicted and ground truth points, without enforcing spatial consistency with
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the valid fabric region. As a result, predictions may occasionally fall outside the valid
fabric region.

To address this issue, we propose a Projection Loss Lprj, which encourages the
predicted points to remain within the fabric region. Specifically, we constrain the predicted
manipulation points to lie on the line segment between the two manipulation points of
the ground truth. Let g, g, € R? denote the ground truth coordinates of the left and right
manipulation points, respectively. We first define the segment direction v from g; to g, as

gr — 8

V=2
lgr — &l

)

Let p;, pr € R? denote the manipulation coordinates of the left and right manipula-
tion points. The distances (t;, ;) from g; to the projected points of p; and p, on the line
connecting g; and g, can be computed by:

t=(p—g) v, t=(pr—g)vV 3)

If 0 < t; <1, then p; is projected onto a point inside the line segment g;g,. Conversely,
ift; < 0ort; > 1, p; is projected outside of the segment. Similarly, if 0 < t, < 1, then p,
is projected onto a point inside the line segment g;g,. Conversely, if t, < Oort, > 1, p, is
projected outside of the segment.

The projection loss function Ly.j can be represented as follows:

£pr0j = 'Cprojforder + £proj7dist/ (4)

where the projection order loss function Ly order is introduced to penalize any swapping
of left and right predictions, and is defined as follows:

Eproj_order - )\order(ltl - Ol + ‘ti‘ - 1|) (5)

Note that Ay qer is @ hyperparameter that controls how strongly we penalize any swapping
of left and right predictions.
The projection loss distance Lprq;_dist is defined as follows:

1
Lproj_dist = E (gpd,l + gpd,r) (6)

where (4, and {4, penalize p; and p, located outside of the line segment g, g;:

)\inside|tl - 0|/ 0<f <1,

EPCU = Aoutside(_tl)r < 0, (7)
Aoutside(tl - 1)/ t>1,

Ainsideltr =1, 0 <t <1,

gpd," = /\outside ( —ty ) ’ t, <0, (8)

Aoutside(tr - 1)/ tr >1,

Here, Ajnsie is a relatively small weight that encourages ¢; (or ¢,) to stay close to 0 when
p: (or p;) is within the segment, and Ayysige is a larger weight that strongly discourages ¢,
(or t,) from moving outside the interval [0, 1].
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3.3. Joint Reinforcement Learning
3.3.1. Dataset for Offline Reinforcement Learning

The dataset for joint reinforcement learning contains state S, action 4, and reward

R. We define the state S € RF*"W>3 consisting of Leg, Lrasp

denote the image height and width, respectively. The fabric flattening policy is a four-

and Ij,6¢, Where H and W

dimensional vector a = [x1, Y1, X2, 2] € R?, representing the predicted pixel coordinates of
the manipulation points in the image plane. (x1,y1) corresponds to the left manipulation
point and (x2,y,) corresponds to the right manipulation point. Given a state S, the AN
outputs a = AN(S) as policy.

The output policy a = [x1,y1,x2, Y], defined in the image coordinate system, is
transformed into the 3D space expressed in the world coordinate system X, through camera-
robot calibration, assuming that the coordinates ((x1,y1), (x2,2)) are on the working table.
Based on the transformation, the end-effectors, defined by the coordinate systems X,q
and X, attached to Robot 1 and Robot 2, respectively, are commanded to move to their
corresponding manipulation points.

Then, the manipulation points are moved in opposite directions using impedance
control along the line connecting the manipulation points. This motion is executed using
dual-arm impedance control defined in the internal force coordinate frame X;,;;. The
operation is continued until the internal force reaches a desired target value, determined
experimentally to ensure effective fabric flattening while avoiding excessive deformation
of the fabric. In our flattening experiments, the internal force threshold was set to 2.5 N,
which was determined based on empirical measurements during real-world operations.
After a single flattening operation, a fabric image is captured by the camera and used to
compute the reward based on the changes in the fabric. A representative cycle is illustrated

¥ e[

(a) Initial pose b) Press at points (c) Stretch to force target (d) Return to initial pose

in Figure 8.

Figure 8. A simplified dual-arm flattening cycle.

The reward used for policy update is defined by the increase in fabric area before
and after the flattening operation. The fabric area was consistently computed from binary
masks obtained through a standardized segmentation pipeline, where images with a pure
black background were thresholded and refined with basic morphological operations. The
area of the largest connected component was then measured and used as the coverage
metric. The reward R is defined as:

R — Aafter — Abefore, ©9)
Af'ully — Abefore

where Apefore denotes the area of the fabric before the flattening operation, A,ger rep-
resents the fabric area after the flattening operation, and Ag,y is the area of the fully
flattened fabric.

During data collection, we construct two types of datasets: an exploitation dataset
containing 4300 (S, 4, R) tuples, obtained by executing the current Action Network (AN)
policy, and an exploration dataset containing 3000 (S, 4, R) tuples, obtained by adding
Gaussian noise to the AN outputs. Specifically, Gaussian noise sampled from N (0, 6)
was added to the (x,y) coordinates of the predicted operation points to generate the
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noisy actions 4.These noisy actions are then used to enhance the robustness of the Critic
pre-training stage.

3.3.2. Learning Strategies

After imitation learning, the AN and the decoder of the PN are fine-tuned using fabric
flattening results obtained from real-world experiments. We employ reinforcement learning
with an Actor—Critic architecture [44], as illustrated in the blue box in Figure 4. The AN acts
as the policy network and is paired with a Critic Network to evaluate the actions generated
by the AN. During this process, the decoder of the PN is also fine-tuned to further improve
the fabric flattening performance.

In order to evaluate the effectiveness of each action, we introduce a Critic Network
to estimate the expected reward by the policy from AN, which is formalised as the Q-
value, Q(S,a). The Critic Network uses a similar network architecture to the AN. The
input to the Critic Network consists of the current state S = [Iseg, Lrasps Lnask) and the
policy a. These two inputs are processed in parallel: the state S passes through a series of
convolutional and attention layers, while the policy a is embedded through fully connected
layers. The resulting features are then merged and further processed through additional
fully connected layers to produce a scalar output Q(S, a), which represents the estimated
performance of the policy a for state S.

To improve the Critic Network’s generalization and ensure stability during reinforce-
ment learning, we first conduct a pre-training phase. While freezing the PN and AN, we
pre-train the Critic Network on these noisy samples. After pre-training the Critic Network,
the system proceeds to joint reinforcement learning. In this phase, the parameters of the AN
and decoder part of PN are unfrozen to allow for fine-tuning. The AN is trained to output
the policy for maximizing the Q-values based on the Q-values predicted by the Critic.

4. Results
4.1. Proposal Network

A total of 2431 training samples were collected and used to train the proposal network.
The « and § parameters of the loss function shown in Equation (1) are empirically set
to 0.3 and 0.7, respectively. The PN is trained using the Adam optimizer with an initial
learning rate of 5 x 10~# for 200 epochs. Figure 9 showcases the results produced by the
trained network.

(a) (b) (c) (d)
(e) ® (&) (h)

Figure 9. The PN output examples (a—h) show eight representative outputs. In some cases, such as

(c,f), the network predicts only one operation point per side. In other cases, multiple candidate points
are generated on at least one side.
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4.2. Pre-Training for Action Network

The dataset used for pre-training the AN is derived from the same samples used
to train the PN, without any additional data collection. This pre-training stage aims to
initialize a policy that can directly predict the coordinates of two manipulation points based
on the PN output and related inputs. To stabilize the initial training process and ensure
reliable convergence, the model is first trained for 30 epochs using only MSE loss. This
allows the network to learn the coarse positional distribution of the points. Beginning with
the 31st epoch, the projection loss Ly (4) is introduced to constrain the predicted points
to encourage manipulation points to remain inside the fabric region. The weights of the
MSE loss and projection loss are empirically set to 0.9 and 0.1, respectively. In addition, the
projection loss incorporates a penalty coefficient (Aqsige) of 1.5 for points predicted outside
the cloth region, a reward coefficient (Aingiqe) of 1.0, and an order term weight (Agrger) of 1.0
to encourage left-right consistency. These values were determined empirically to balance
training stability and prediction reliability.

To further verify the role of projection loss, we conducted an ablation study comparing
models trained with MSE only and with MSE + L1}, as shown in Table 1. The robustness
of predicted action points was evaluated by checking whether they remained within the
valid fabric region. On a test set of 50 images, the model trained with MSE only produced
seven cases in which at least one manipulation point fell outside the fabric area, whereas
the model with L, reduced this to one case. This result indicates that £y effectively
constrains the predicted points within the fabric region during AN pre-training.

Table 1. Ablation study on the effect of projection loss during AN pre-training.

Method Valid Cases Fabric Images with Invalid Points
MSE 86% (43/50) 14% (7/50)
MSE + Lpro) 98% (49/50) 2% (1/50)

Training is performed using the Adam optimizer with an initial learning rate of
1 x 10~ for 150 epochs. The output of the trained network on the test dataset is shown in

Figure 10.

®) (8 (h)
Figure 10. Output examples of the AN, corresponding to the examples in Figure 9. The predicted

manipulation points in (a—e) successfully enable effective fabric flattening, whereas those in (f-h) are
located on wrinkle regions and thus fail to achieve effective flattening.

Figure 10a—h show the resulting images where the predicted manipulation points
are marked on Iseg according to their coordinates. To clearly distinguish between the
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outputs for the two end-effectors, the manipulation point corresponding to the left arm
(end-effector 1) is marked in green, while the manipulation point corresponding to the
right arm (end-effector 2) is marked in red.

During the evaluation of these outputs, we also observed several challenging cases
where flattening was very difficult or even unsuccessful, particularly when the predicted
manipulation points fell directly on fabric wrinkles, as shown in Figure 10f-h.

4.3. Joint Reinforcement Learning

The exploration dataset is used to pre-train the Critic Network, enabling it to learn a
generalizable reward model. The exploitation dataset is then used for joint reinforcement
learning of the AN and the decoder part of the PN, fine-tuning both modules with real-
world feedback. During this process, both the AN and the PN decoder are updated. A
flattening operation is considered successful when the relative coverage area exceeds 95%,
a threshold determined experimentally to ensure sufficient fabric flattening. Coverage
below this level typically leaves visible wrinkles. In addition, prior studies on fabric
flattening [6] have also adopted 95% as the evaluation criterion, allowing for consistency
and comparability with existing work.

To further improve the success rate, we conducted a second round of joint reinforcement
learning using an additional 1500 exploration samples to update the value estimator and
3000 exploitation samples to update the policy and PN decoder. Furthermore, we analyzed
the training curves of both rounds of joint reinforcement learning, as shown in Figure 11a,b,
which illustrate the training curves for the first and second rounds, respectively.

Training curve for the first round of joint training

= Critic Loss
— Mean Q
= Mean Reward

60 80 100
Epoch
(a)
1o Training curve for the second round of joint training
0.6}
o = Critic Loss
% = Mean Reward
= — Mean Q
0.4}
0.2 \\x
0.0 10 20 30 40 50
Epoch
(b)

Figure 11. Training curves of the joint training process: (a) first-round results; (b) second-round
results. Each curve shows the evolution of Critic Loss, Mean Q, and Mean Reward.
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During the first round, the Critic Network was first pre-trained using exploration
data. In this stage, the Critic loss decreased gradually from a relatively high value, while
the Q-values slowly increased toward the mean reward. Once pretraining ended and
joint optimization of the Critic, Actor, and PN decoder began, the curves exhibited a clear
discontinuity: the Critic loss dropped sharply and the Q-values jumped upward, reflecting
the sudden effect of coupling policy learning with value estimation. After this transition,
both metrics converged more smoothly, with the Q-values progressively approaching the
mean reward and the Critic loss stabilizing at a low level.

In the second round, the Critic was initialized directly from the first round, so no
pretraining phase was required. The Q-values start close to those achieved in the first
round and further increase until stabilizing near the new mean reward, while the Critic
loss continues to converge to a lower plateau. These results indicate that the second round
primarily refines the already learned policy and improves stability.

We compared the following three training strategies: a network trained by human
demonstrations, a network trained with one round of joint reinforcement learning, and
a network trained with two rounds of joint reinforcement learning, each evaluated over
50 trials. The results are summarized in Table 2. We also compared another dual-arm
flattening strategy [9] and two single-arm strategies [6,7]. The dual-arm strategy is based
on wrinkle detection, where the largest wrinkle is flattened at each step until the fabric is
fully flattened. We conducted 50 trials under exactly the same experimental conditions,
and the results are also reported in Table 2.

Table 2. Flattening success rate comparison.

Policy Final Success Rate One-Time Success Rate Average Operation Count
Trained by human demonstration 82% (41/50) 74% (37 /50) -

One-round joint reinforcement learning 94% (47/50) 90% (45/50) -

Two-round joint reinforcement learning 100% (50/50) 94% (47 /50) 1-3

Wrinkle detection with dual-arm [9] 84% (42/50) 30% (15/50) 3-9

Wrinkle detection with single-arm [7] - - 7-9

Deep imitation learning [6] - - 4-8

A comparison of the network output trained only by the human demonstration (left
images in each pair) and the one trained by joint reinforcement learning (right images in

each pair) is shown in Figure 12.

(b)

(d)

Figure 12. Comparison of the AN outputs shown in (a-d), where each pair presents the results

of the initial policy trained only with human-demonstrated data (left) and the policy after joint
reinforcement learning (right).
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Compared to the initial policy, the overall success rate increased from 82% to 94%.
Additionally, the probability of achieving successful flattening in a single operation also
improved from 74% to 90%. After the second round of joint reinforcement learning,
performance improved further, and the flattening success rate reached 100%. Since the
flattening success rate reached a high level and there was no significant improvement
compared to the first round of joint reinforcement learning, this paper adopts the flattening
policy obtained after two rounds of joint reinforcement learning as the flattening policy.

Figure 13 shows the flattening performance after the second round of joint reinforce-
ment learning. For each image pair, the left image shows the initial state of the fabric with
the selected manipulation points overlaid. The bottom-left corner displays the percentage
of fabric coverage compared to the fully flattened fabric coverage. The right image shows
the fabric’s state after a single operation, with the updated coverage percentage displayed

in the same location.

Figure 13. Examples of the flattening results. (a—d) illustrate the outcomes under different initial
fabric configurations using the network trained after two rounds of joint reinforcement learning. For
each pair, the left image shows the fabric state before the flattening operation, and the right image
shows the fabric state after flattening. The relative fabric area is indicated in the lower-left corner of
each image.

4.4. Flattening Evaluation on Different Types of Fabric

After achieving successful flattening on a specific type of fabric, we evaluated the
generalization ability of the flattening policy by applying it to different types of fabrics.
Without collecting new data or retraining the model, we applied the final policy directly to
flatten the different fabric types. Using the original fabric as the baseline, we introduced
three additional fabric types and evaluated performance across different material properties
through flattening.

The fabrics are categorized into four types based on their stiffness and thickness.
The fabric used for training is defined as Type I and is characterized by its thickness and
stiffness. To evaluate generalization, three additional fabric types are introduced for testing
without retraining: Type II (thick and soft), Type III (thin and stiff), and Type IV (thin and
soft). The specimen and parameters of the four fabric types are shown in Table 3. Twenty
tests are conducted on each type of fabric until successful flattening is achieved. Figure 14
presents the average flattening performance for each fabric type. The results indicate that
different fabrics can be flattened without re-training the network.
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Table 3. Physical properties of four fabric types.

Properties Typel Type Il Type I11 Type IV
Specimen

Material Cotton Cotton Cotton Linen
p (kg/m?) 0.26 0.24 0.08 0.13

T (mm) 0.28 0.27 0.14 0.18

G (N/mm) 0.39 0.64 0.47 0.68

E (MPa) 17.31 6.60 22.80 14.96

p: area density; T: thickness; G: shearing rigidity; E: Young’s modulus.

For Type II fabric (thick and soft), 18 out of 20 test cases achieved over 95% area
coverage after a single flattening operation. Despite being softer than the baseline fabric,
Type 1II still demonstrates high flattening efficiency under the final policy. In contrast,
Type III (thin and stiff) and Type IV (thin and soft) achieved one-shot success rates of 75%
(15/20) and 70% (14/20), respectively, and typically required more operations to reach a
fully flattened state. On average, Type Ill required approximately three operations and Type
IV required four operations, although both types were eventually flattened successfully
after repeated actions.

While the proposed method shows strong performance in fabric flattening across dif-
ferent conditions, it also has certain limitations. The current policy is trained on a specific
fabric type and assumes a bilateral structure when selecting manipulation points, which
may restrict generalization to more complex or asymmetric cases. In addition, reinforce-
ment learning requires a moderate number of real-world trials, which poses a challenge to
scalability. Future work will explore domain-adaptive strategies and lightweight policy
architectures to improve generalization and deployment efficiency. In addition, incorpo-
rating physical fabric models or real-time online learning may further enhance robustness
and facilitate the extension of fabric manipulation to a wider variety of fabric shapes, and
enable downstream tasks such as sewing and folding that require a properly flattened
fabric surface.

100 100 1

80 80 1

Coverage (%)
Coverage (%)

60 60 1

Coverage Distribution Range Coverage Distribution Range
—e— Average Coverage —e— Average Coverage

40 40 1

---- Coverage Considered as Success (95%) —---- Coverage Considered as Success (95%)
0 i 2 3 4 5 0 i 2 3 4 5
Operation Count Operation Count
() (b)

Figure 14. Cont.
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Figure 14. Flattening performance for each different fabric type. (a) Type I (baseline, avg of 50 trials);
(b) Type II (avg of 20 trials); (c) Type III (avg of 20 trials); (d) Type IV (avg of 20 trials).

5. Conclusions

This paper presented a hybrid training framework for fabric flattening with a dual-
arm manipulator, where human demonstrations serve as an adaptive prior. A cascaded
Proposal Network and Action Network are first trained on demonstrations and then
refined through joint reinforcement learning with real-world feedback. Experiments show
that our method improves the overall flattening success rate from 82% to 100% after two
training rounds, with single-operation success rising from 74% to 94%. The final policy,
trained only on baseline fabric, generalizes effectively to fabrics of varying thickness and
stiffness, surpassing single-arm methods in both efficiency and success. Future work will
investigate domain-adaptive strategies, lightweight policies, and online learning to enhance
generalization, robustness, and applicability to downstream tasks such as sewing and
folding. Additionally, we plan to relax the bilateral symmetry assumptions by selecting two
manipulation points from the global fabric region instead of explicitly dividing the fabric
into left and right halves. This will allow us to explore more flexible flattening strategies.
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HWD Haar wavelet down-sampling
MSE Mean squared error
SD standard deviation
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