


Fig. 6: Cloth unfolding coverage v.s. steps.

Rectangle CLOTH3D | Large Rect X-Large Rect Shirt Dress
Large Xtarge |  Shirt Dress Pick&Place | 36.2/13.1  38.0/133 402/147 41.4/12.3
Pick&Place 459/144 36.9/11.1 35.7/115 325/9.1 FlingBot 61.4/34.8 56.1/29.7 65.1/36.6 60.9/28.7
FlingBot 926/61.1 588/32959.6/354 49.1/25.6

DextAlRity | 95.2 /623 90.2 / 60.3 86.6 / 54.7 89.6 / 56.8

FlingBot+ 100.0 / 68.6 58.6/32.7| 65.4/41.2 51.2/27.7
DextAlRity-xed | 86.1/54.6 79.9/54.0 67.8/435 659/424 TABLE II: Real-world unfolding results ( nal / delta coverage).
DextAlRity 96.6/65.1 97.1/713 | 746/50.3 724/ 48.9

TABLE I: Simulation unfolding results ( nal / delta coverage). be prohibitively high to fully unfold a cloth much larger than

robot arm's reach range. However, such high velocity is often

Note that the cloth items used in this experiment are all Iarg&éngerous and may not be feasible for many robots (e.g., the
than those in FlingBot1(], where the largest rectangle ClOthURS has a maximum speed of 1m/s). In contrast, air OV'V ;:'an

is 0:7m 0:4m and t-shirt is 53m 0:64m. . : S
easily gain a high initial speed and apply forces to surfaces

Ablations: We compared with the following systems: that are far away, resulting in an ef cient system that is still
Pick&Place [1€]: predicts a single-arm grasping positiorsafe to operate around humans.
and movement direction for quasi-static pick-and-place. Overall, we nd that quasi-static pick-and-place actions are
FlingBot [10]: predicts a dual-arm grasping action for aggenerally inef cient for cloth unfolding and, while dynamic
dynamic inging primitive. actions such as inging can drastically improve ef ciency, how-
FlingBot+: improved FlingBot uses our grasping policyever, existing approaches still poses signi cant limitations when
to generate edge-coincident grasps. handling large or heavy cloth. Our experimental evaluation
DextAlRity-fixed: uses a xed open-loop blowing actionsuggests that DextAlRity is a promising approach for quickly
directed at the center of the workspace). and ef ciently unfolding for large cloth items without the need
DextAlRity: the system uses a learned blowing policy tof high-speed movements and large robots.
produce closed-loop blowing actions from visual feedback. Effectiveness of learned blowing policy. Compared with
This is the full non-ablated method we propose. [DextAlRity- xed], [DextAlRity] achieved higher nal cover-

Comparison with contact-based manipulation. Here, we age(Tab. I). Qualitative results in Fig. 7 indicate that the blowing
compare [DextAlRity] with state-of-the-art manipulation methpolicy learns to detect and blow towards unfolded regions of
ods using quasi-static [Pick&Place] and dynamic [FlingBothe cloth, increasing effectiveness. As a result, coverage of
actions. In [Large Rect], cloth size is within or slightly largeX-Large Rect increases +23.0%, +13.3%, +1.6%, and +0.3%
than the robot arm's reach range. [DextAlRity] and [FlingBott each blow step compared to the xed-policy ablation. In
achieve similar performance (over 90% coverage after 3 steggpctice, while four blowing actions are executed after each
while [Pick&Place] achieves is only 45.9%. grasping step, two were often suf cient.

We also investigate these approaches' performance on clottiBenefit of edge-coincident grasp. Compared with [Fling-
that is signi cantly larger than the robot's reach range. IBot], [FlingBot+] achieves slightly better unfolding ef ciency
Tab. I, nal coverage of [FlingBot] drops signi cantly when with the same ing primitive (Fig. 6a). Although the edge-
dealing with X-Large Rect (58.8 %), while [DextAlRity] cancoincident grasping policy provides a marginal improvement to
still achieve a very large coverage (97.1%). The failure ofial performance, it improves training ef ciency signi cantly
[FlingBot] is due to its limited move speed, which needs tbecause the system no longer needs to learn the grasp width






