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Abstract

Real-time reactive manipulation of deformable linear objects is a challenging task that requires robots to quickly and adaptively
respond to changes in the object’s deformed shape that result from external forces. In this paper, a novel approach is proposed
for real-time reactive deformable linear object manipulation in the context of human-robot collaboration. The proposed approach
combines a topological latent representation and a fixed-time sliding mode controller to enable seamless interaction between humans
and robots. The introduced topological control model offers a framework for controlling the dynamic shape of deformable objects.
By leveraging the topological representation, our approach captures the connectivity and structure of the objects’ shapes within
a latent space. This enables improved generalization and performance when handling complex deformable shapes. A fixed-time
sliding mode controller ensures that the object is manipulated in real-time, while also ensuring that it remains accurate and stable
during the manipulation process. To validate our proposed framework, we first conduct motor-robot experiments to simulate fixed
human interaction processes, enabling straightforward comparisons with other approaches. We then follow up with human-robot
experiments to demonstrate the effectiveness of our approach.
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1. Introduction

Inrecent years, there has been significant progress in Human-
Robot Collaboration (HRC) [, 2| 3 4, [5]] research and devel-
opment, with the aim of achieving more efficient and effective
collaboration between humans and robots in various domains,
such as manufacturing [6], construction [7, [8]], healthcare [9],
and service industries [[10]]. One area of HRC that has received
a lot of attention is the manipulation of objects [11} 3]]. In par-
ticular, robots are increasingly being designed and developed
to manipulate objects in various environments and conditions.
However, most of the research in this area has focused on rigid
objects, whose unchangeable geometry makes them easier to
manipulate than deformable objects.

Deformable objects, on the other hand, can change their
shape/configuration under the action of external forces, e.g.,
coming from a robotic gripper. Examples of deformable ob-
jects include fabrics [12]], wires [[13]], cables [14], and soft tis-
sues [13]]. Manipulating deformable objects is more challeng-
ing than manipulating rigid objects because they have complex
and nonlinear behaviors [16} 17, 18 [19]. Despite these chal-
lenges, there are many potential applications 211 221 23] of
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deformable object manipulation for HRC in the manufacturing
industry, such as fabric handling and sewing, food processing,
assembly of flexible parts and so on. In addition to their com-
plex dynamics, the manipulation of deformable objects presents
several difficulties in the context of human-robot collaboration
due to the unpredictability in the human’s manipulation actions.

24, 25].
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Fig. 1: Conceptual representation for a reactive deformable linear object ma-
nipulation in the context of human-robot collaboration, where the robot is adap-
tively deforming the linear object into the initial shape in response to the human
partner’s action in real-time.

The manipulation of deformable objects in the context of
HRC (see Fig. [T] for a conceptual representation) has not been
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Fig. 2: (a)-(c) show at varying scaleg, 1, and 2, the Vietoris-Rips compleX (qg) of a point cloudq changes its connectivity as the distance threshakl
increased. (d) presents tHeth persistence diagra@y captures the emergence and disappearandedohensional topological features.

su ciently studied; Most of the existing HRC research has fo-e ective in conducting the manipulation task, enabling seam-
cused on rigid object manipulation. Furthermore, existing apless interaction between humans and robots in a wide range of
proaches([26, 27] for the manipulation of deformable objectgeal-world experiments. A video of the conducted experiments
typically rely on analytical or numerical models [28, 29] that can be obtained fronmttps://sites.google.com/view/

describe the object's dynamics and behavior. These models ahec-dom. This paper provides a valuable contribution to the
often computationally expensive and may not accurately capeld of human-robot collaboration, cering a new approach for
ture the complex nature of soft bodies. Additionally, these modreal-time reactive deformable linear object manipulation that is
els may not be suitable for real-time control, which is essentiaboth e ective and safe.

for human-robot collaboration [29]. Therefore, this gap is a sig- In summary, we present four key contributions in this paper:
ni cant challenge that needs to be addressed to fully realize the .
potential of Deformable object manipulation (DOM) in various
HRC applications [30].

A novel method for real-time human-robot collaboration
that allows the robot to adjust its actions in real time based
on the behavior of the deformable object.

To address these challenges, we propose a novel approach for_
real-time reactive deformable linear object manipulation in the
context of human-robot collaboration. Our approach is named
the topological latent control model, and it combines a topolog-

ical latent representation and a xed-time sliding controller to  ~ A controller that takes as input the latent topological fea-
enable seamless interaction between humans and robots. The res to support real-time human-robot collaboration dur-

topological latent representation provides a generic approach  jng deformable object manipulation tasks.

for applying persistent homology to calculate topological signa-

tures for both the original shape space and latent shape space to A detailed experimental validation of the proposed frame-
derive a topological loss term used for training an auto-encoder ~ Work in which robot and unmodelled human partners col-
network. By leveraging this topological latent representation,  laborate to manipulate a deformable linear object.

our apprgachlis able to 9apture the connectivity_ and struct_ure The rest of the paper is organized as follows: Sect. 2 pro-
of the objects .sha.pes within a latent space. This gnables 'MVides a detailed overview of related work in the eld. Sect. 3

proved generalization and performance when handling comple ives preliminaries of persistent homology used for construct-

de_:f(_)rmable shapes. Besides, the gppl!cat|on_of a xe_d-t|m ng topological autoencoder. Sect. 4 present a general sys-
sliding controller ensures that the object is manipulated in real:

i hile al ing that it ) tabl d safe duri tem description problem de nition. Sect. 5 describes the pro-
tlrl;ne' while Iatsfo ensuring 'I?hl r?mamtis aple an dsta € Iur!n osed approach in detail, including the topological latent con-

€ manipufation process. Thereiore, the proposed topologiCy, model, topological latent representation, and xed-time
latent control model provides a framework for controlling the

. ) . sliding controller. Sect. 6 presents the experimental results,
shape and motion of deformable objects based on the'rtOpOIO%'nd Sect. 7 concludes the paper and discusses future research
ical properties. This approach is highly eient and computa-

: X . . . .directions.
tionally inexpensive, as it avoids the need for complex analyti-

cal or numerical models. In general, our research takes a further
step in that direction by weaving computational topology prin-2. Related Work

ciples into the controller design for human-robot collaboration Deformable object manipulation (DOM) [16, 17, 18] is an

tasks involving the manipulation of deformable linear objects. . ) : . .
emerging research problem in robotics that involves handling
Our proposed method is highly ective, as it provides a ro- objects that can change their shape, such as cables, fabrics, and
bust and reliable control strategy that can adapt to a wide randeags. DOM poses signi cant challenges due to the complex
of deformable objects. To demonstrate theetiveness of our dynamics of the object and the real-time requirement for the
method, we test it on a variety of deformable linear objects immanipulation. Several studies [31, 31, 32] have addressed dif-
the context of HRC. Our experiments show that our approach iferent aspects of DOM, such as modeling, perception, planning,

A latent representation embedding topological structure to
ensure an ecient and e ective control for deformable lin-
ear objects.



and control. However, most of them do not consider a collab¢ise control over their manipulation. Through several collab-

orative manipulation scenario with human partners, which camrative DLO manipulation tasks, we evaluate thecacy of

enhance the performance andaency of DOM tasks. our proposed method, showcasing its superiority over current
Some previous works have explored human-robot collabmethods in terms of deformation error, task response time, and

oration for manipulating deformable objects. For examplerobustness to human interventions. To our knowledge, this is

[20] proposed a method of collaborative manipulation of athe rst work that integrates topological modeling with a latent

deformable sheet between a person and a robot, where tlgentrol model for collaborative DLO manipulation. This pio-

robot follows the human motion to handle the cloth. How- neering approach opens new possibilities for moreative and

ever, their method relies on prede ned motion primitives andadaptive human-robot collaboration in handling deformable lin-

does not account for the feedback from the object deformaear objects.

tion. Other works [19, 33, 34, 35] have focused on learning-

based approaches for DOM, such as DeformableRavens [36],

which uses reinforcement learning to train a robot to manipu-

late cables, fabrics, and bags towards desired goal con guresz. preliminaries

tions. However, these approaches do not explicitly model the

topological properties of the deformable object, such as knots

and folds, which are crucial for some DOM tasks. Our work ) )

takes a further step in that direction by introducing concepts N computational topology, the method used for analyzing

from computational topology into the controller design for de-{0Pological features of data across multiple scales is caled

formable linear object manipulation tasks. sistent hornologylo, 41]. To obtain the pe_rS|st_er_1t homology of
[20] considered collaborative manipulation of a deformable? SPace, it must rst be represented asimplicial complex

sheet between a person and a dual-armed robot. The er—h'Ch .seeks to generate a family of groups by using matrix

posed approach was capable of sensing contact force to maifgduction algorithms. These groups are called the homology

tain the tension of the sheet, and in turn comply with humarfroups denoted b, whered-dimensional topological fea-

motion, which is akin to handling a tablecloth with a part- turés comprise the-th homology grougH ¢(K) Typically, ho-

ner but with one's eyes closed. [37] presented a model-basdg°!09y groups are summarized according to their ranks to ob-
closed-loop control framework for seamless human-robot of2iN @n invariant “signature” of the data manifditl. Given an
multi-robot fabric co-manipulation. A mass-spring model is

used for simulating ply distortion and generating optimal grasp@nd @ distance metri@Q Q! R (i.e., the Euclidean distance),
ing points' spatial localization. The model is enhanced with!® k&ep track of changes in the homology groups across vari-

real-time operator handling actions, as captured from the im@US Scales of the metric, persistent homology employs the con-
plemented perception system. The proposed sensor and modé‘_[”Ct'on of a unique simplicial complex kn_own.as the Vietoris-
based controlling framework incorporate robot motion plan-RiPS complex [42]. Letv (Q) be the Vietoris-Rips com-
ners either for operator support, through non-rigid object coP!€x of Q with a scale , and it has all simplices of the point
manipulation, or synchronization of cooperative robots within€/oud Q whose elements satisfy a distance criterion, namely
fully automated tasks. [38] presented a model-based motiofliSt &: € foralli; j. As the Vietoris-Rips complex pro-
planner for deformable object co-manipulation and the develVides a nesting structurd, (Q) V (Q) when ;  j, it
oped closed-loop controlling framework interprets manipula-2€comes possible to trace alterations in the homology groups
tion inputs into appropriate handling actions by simulating fab-When increases [43] (see Fig. 2 for a detailed illustration of
ric's distortion through a mass-spring mode. [39] presented th&is process).
collaborative manipulation of rigid objects with deformable ob- Let PH (V (Q)) represent the persistent homology of the
jects by introducing a novel framework comprising an Action point cloudQ's Vietoris-Rips complex, and it results in a tuple
Prediction Network (APN) and a Con guration Prediction Net- (fG1;G;:: gf 1; 2;:::9 G and ; denote the persistence dia-
work (CPN) to model the complex pattern and stochasticity ofgrams and persistence pairings, respectivelyd-timensional
soft-rigid body systems. Finally, they demonstrated thece  persistence diagrai®y, we de ne a tuple of §;b), wherea
tiveness of moving rigid objects to a target position with ropesdenotes a scale at which ad-dimensional topological fea-
connected to robotic arms. ture emerges, anolrepresents another scafkat which it dis-

In this paper, we introduce an innovative method for reacappears. Thel-dimensional persistence consists of pairs of
tive manipulation of deformable linear objects (DLOs) within indices denoted as;()) that correspond to simplices;s; 2
the context of human-robot collaboration. This method is capaV (Q) responsible for generating and annihilating topological
ble of handling complex deformable linear objects and has théatures characterized bg;b) 2 Gy, respectively. To com-
ability to react and adapt to the actions of the human partngpare the diagrar® andG° we can use the bottleneck distance
in real time. Our approach leverages a topological latent spaage ned as: @ (G;GY := inf .gig oSUpc kX (X)k; , where
to capture the deformation state of the object and to generate: G ! G Cis de ned as a bijection between the diagréand
appropriate control actions for the robot. This method provide$®, andk k refers to the L norm. Finally, we de neG® as
a unique advantage over existing methods bgring a more the set of persistence diagrams for the point clQuevhich can
comprehensive representation of DLOs and enabling more prée obtained from the computation®BH (V (Q)).



e ector pose (3-DOF position and 3-DOF orientation)xa®

RS, respectively. According to the classical kinematic equation
of the manipulator, the dierential relationship betweespand

X is given as follows:

@
@

where the matrix%(q) 2 R® 6 represents the analytical kine-
matic equation of the robot. In this paper, the robot is assumed
to be controlled with a kinematic interface, i.e., the robot can
accurately operate the given velocity commands (e.g., the ve-

. , , , , locities of joint or end-eector).
Fig. 3: The illustration of human-robot collaboration for deformable linear ob-

ject manipulation. Remark 1. In this work, we present a controller that we have
designed with the capacity to adapt to speed control across any
given dimensionality. While it is typical for the dimensional-
ity of the end-eector to be less than 6, our controller is not

In this article, we propose a novel human-robot collaboracon ned to this limitation.
tive system consisting of a robot manipulator, a human hand, For the purpose of our experiments, and to provide a clear
and a deformable linear object, as depicted in Fig. 3. We asdemonstration of performance, we have streamlined our focus
sume that the deformable linear object is rmly held by bothto the utilization of 3D translation. This decision allows us to
the robot arm and the human hand and there is no displacemefuinctionally validate our proposed framework for reactive de-
between the manipulated object and the robotic erettor or  formable object manipulation in an &ient yet eective man-
the object and the human hand, respectively. The human hamr. It is important to note that our controller has been engi-
applies force on one side of the deformable linear object andeered with versatility in mind. Therefore, it can comfortably
leads to shape deformations (measured by a top-down dep@gcommodate any rotational requirements that may arise, ren-
camera), while the control system attempts to generate contrdlering it capable of operating under more complex conditions
commands for the robot arm to reactively recover its originalif necessary.
shape. During the entire process, the human partner is lea

ing the deformable object manipulation task by simply movinge ector is designed, and by usifig) the angular joint velocity

?ne 5|d"e of the deformable linear object, so we (.je ne It as 4,mmand of the manipulator can be calculated, accordingly.
!eader role. Qn the other “?”d' the r_obot mgmpulator CaNote that in real physical experiments, this joint velocity com-
ries t.he other side o_f the mampulated linear object to aCh.'ev?nand typically suers a saturation eect.
intelligent and reactive behavior to follow the leader's motion
in real-time, which we refer to as “follower” (see Fig. 3 for Inthis paper, a depth camera within an eye-to-hand con gu-
details). ration to observe the shape of the elastic cable. For simplicity,
As shown in Fig. 3, a classic deformable object shape semwe use the commonly used center keypoints based splines to
voing task is reconsidered in the context of human-robot colfepresent the object's shape, with the following de nitions:
laboration. Our objective is to develop a model-free reactive s=[cui o] 2 RN @)
vision-based controller to respond to the movements of a hu- B
man partner on deformable linear objects, without relying onwhereN denotes the number of total center key points consti-
any prior knowledge of the physical characteristics of elastiduting the spline of the linear objeat, = [X;;yi;z] 2 R® is the
rods. Throughout the process, the controller instructs the robdtartesian coordinates of thieh centerline point. Though B-
to continually deform the linear object to maintain its initial splines provide a powerful tool for representing DLOS, in this
shape in real time. In this task, the human partner leads thetudy, we have chosen to utilize splines. This choice was made
deformation rst, then the robot controller follows the human based on the simplicity and suitability of splines for our par-
action and manipulates the object into the initial shape. Thereticular control algorithms, and we found that splinesced a
fore, we de ned the human partner as the leader role, and theu cient balance between complexity and performance for our
robot controller as the follower role in this human-robot collab-application.
oration. In this study, our focus is on a shape servoing task, where the
posex of the end-e ector de nitely in uences the shapeof the
Assumption 1. The robot arm and human hand both securelyg|astic cable. We assume the material properties of the objects
grip the exible linear object, and there is no motion betweenang human movements remain relatively stable throughout the
the manipulated object and the robot enceetor or between  manjpulation process. Consequently, within the scope of local
the object and the human hand. deformation [28], the shape of the deformable object can be

Consider a 6-degree-of-freedom (DOF) robot with revoluterepresented by an unknown nonlinear function:

joints, we denote the joint-angle vector@® R®, and the end- s= fs(X) 3)

x=—(a)q 1)

4. Problem Formulation

gi'emark 2. In this paper, the speed control signal of the end-

iv



Remark 3. It is important to note that the poses of a humanmaterials properties of objects and the human motions do not
hand or a gripper do not unambiguously de ne the con gu- change signi cantly during the manipulation process, as LDIM
ration of a deformable linear object. According to [44], the J,(x) captures the velocity mapping between latent shapes and
placements of both ends of the object can result in multiplehe robot motions.

static equilibrium con gurations. This essentially means that , i

the shape of the object is not uniquely determined by the posf:SSumption 3. The DIM can be separated into two parts:
tions of its ends. During the shape servoing tasks we considet(®) = J + J, whereJ is the approximation error and is the

that minor movements by the human operator lead to corre€Stimated(x).

spondingly small deformations. This gradual change allows the, : . L 5
P gy g g Assumption 4. A bound exists for the approximation errdr

robot su cient time to adapt to and manage these local defor- ~ -
: . kJ , for as an unknown positive constant.
mations eectively.

Then the kinematic model of rst-order can be obtained by
calculating the time derivative of (3), resulting in the following 5. Methodology

equation:
In this section, we propose a novel framework of human-
_@s  _ robot collaboration for reactive deformable linear object ma-
s= —=x = Js(X)X (4) X ! S S .
@& nipulation as shown in Fig. 4, which is mainly composed of

. . . . three components, namely, a deformable object state estima-
where Jg(X) is the deformation Jacobian matrix (DJM) [15], tor. a topoFI)ogicaI-aware Izi/tent shape space Jand a xed-time

which describes the kinematic relationship between the robat,. .
- . .~ sliding model-based controller. The deformable shapes of the
and original shape feature of the manipulated deformable linear _ . . A )
obiect manipulated linear object are represented by point cloud data.
ject. With the Gaussian Mixture Model, the deformable shapes are
perceived as the corresponding centroids along the centerline
o?f the object. Followed by a topological auto-encoder, the de-
ormable centerlines are compressed into a low-dimensional la-
tent space. At last, a xed-time sliding model-based controller

However, the large dimension of the original shage 3N, IS used'to 'command the robot'action to follow thg human action
soitis ine cient to be directly used as the inputs of the con-for achieving the shape servoing task in a reactive manner.
troller since not all the dimension of the shape data space is [N this process, we start with an initial deformable linear
necessary for the controller solving the manipulation tasks an@hapeso, and after a series of human-robot interactions, the
some of the information are redundant during the task. In oufurrent shape becomes Our goal is to command the robot
approach, we design a feature extraction method to constructB@nipulator to apply force to one side of the deformable object
low-dimensional feature vectar2 RX(k  3N) to represens, and deform it into the desired shagge This target shape_ is re-
which characterizes the original shapeut with signi cantly ~ 9arded as a similar shapesg The procedure begins with the
fewer-dimensional feedback vector. Theoretically, the feature Staté estimator, which is able to represent the original shapes
has a one-to-one mapping relationship wéth.e., z = fz(9). perceived by point cloudijgas a set of centerline points;g

Assumption 2. The deformation Jacobian matrix (DJM) is
able to describe the kinematic relationship between the rob
and the manipulated deformable linear object.

Thus, the latent shape featurean be obtained as below: This step is performed at every timestep. Next, a topological-
aware auto-encoddy : C ! Z istrained once in a pre-training
z= fz(s) = fz(fs(x)) (5) phase. This is achieved by combining the reconstruction loss

L rec and topological losk (opo. The auto-encoder is used to en-
The initial kinematic model of rst-order can be obtained by code the centerline-based shapefom the high-dimensional
calculating the time derivative of (5), resulting in the following shape spac€ into a low-dimensional latent shape spacelur-

equation: ing each timestep. With the constructed latent shape space, a
deep neural network-based latent shape predictor is used at each
z= @x = J(X)x (6) timestep to predict the desired latent shapeTogether withz;,
@ these are regarded as the inputs for the designed xed-time slid-

whereJ,(x) is the latent deformation Jacobian matrix (LDJM), N9 model to propose robot commands in each timestep. By do-
which describes the kinematic relationship between the robdf'd SO, the robot agent s able to accomplish the shape servoing
and the low-dimensional shape feature of the manipulated dd@Sk reactively during human-robot collaborations.

formable linear object. As the physical information of the ob- ) ] o

ject is usually unknown and dicult to obtain through identi- 5-1. Deformable Linear Object State Estimation

cations, the DJM often needs to be estimated numerically. It It is crucial to estimate the state when performing reactive
should be noted that the deformations of the DLO depend solelgnanipulations of deformable linear objects during human-robot
on its potential energy, the force of contact between the manipeollaborations. As shown in Fig. 4, depth sensors or stereo
ulator and the DLO, as well as the force of contact with thecameras can be used to represent the state of a deformable
human hand. The quasi-static con guration (6) holds when thebject st at time stept as a dense, noisy, and occluded point
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Fig. 4: Conceptual representation of human-robot collaboration for reactive deformable linear object manipulation. The goal of our proposed framework is t
design a human-robot collaborative system to automatically execute robot actmneach the desired shape stajeafter the intermediate shape statainder

action from a human partner given its beginning shape sgaf€he proposed framework is composed of three components, namely, (1) a Gaussian Mixture Model
(GMM)-based state estimator for the deformable linear object (top left), (2) a latent shape space built upon topological loss using the topological auto-encod
(bottom left), and (3) a xed-time sliding model-based controller for reactive controls on the manipulated linear object (bottom right).

cloud gt = q1%92:::5q), 2 RM P whereM is the point The main objective is to maximize the log-likelihoadsam-
cloud resolution and is the point dimension. The goal of pled from the point cloudy, which can be formulated as a prob-
the state estimator is to estimate a concise and simpli ed replem of Maximum Likelihood Estimation (MLE). The optimiza-
resentation of the state denoted by a series of centerline pointi®n of mixture centroids for maximizing the log-likelihood
C = fc;ch;iii;ek,g 2RN P at time stept, wherect 2 R 3 functionL is non-convex due to the summation inside Ipg(
represents the 3D coordinate of thth key point at time step making direct optimization infeasible. Thus, we construct an-
t. Structure preserved registration (SPR) [45] consider that thether log-likelihood functior© having a lower bound df . The
perceived point cloudg; are sampled; from a Gaussian Mix- maximization ofO through the EM algorithm [46] involves the
ture Model (GMM), and centroids of the point cloud representE-step (expectation step) and M-step (maximization step), that
the key points of the deformable linear object shapeBased iteratively estimatec,; 2 by maximizingO. The formula for
on Bayes' theorem, the probability of a poij sampled from  Ois given as:
the mixture model can be de ned as below:
Xl
Lo X . Oqy; ?= P nidy log pp dyjn  (10)
Pan = PP yjn (7 me1 n=1
" It is worth noting that by moving the inside summation of 1¢g(

where p(n) denote the weight of the-th mixture component, to the front, it becomes more convenient for further computa-
andp ¢, jn denote the probability of samplirgy, from then-  tion. The optimization o is aimed to increase the value of
th mixture component. Assuming that all Gaussians have equal except at local optima, and The use of Jensen's inequality
weight, a uniform distribution used for handling noise and out-[47] can demonstrate that functié€ serves as a lower bound

liers can be expressed as below: for functionL. As a result, elevating the value 6f will in-
( L evitably lead to an increase in the valuelofunless it has al-
o(n) = T )i n=1:05N (8) ready reached a local optimum. By comparing the structures
; n=N+1 of O andL, we see that the summation inside the logarithm in
L has been moved to the front @, providing computational
( convenience. The EM algorithm [46] can be used with the de -
. N ogc; 2 ; n=1:::N nition of the complete log-likelihood function to iteratively esti-
P Omin = %; n=N+1 ©) mate c¢!; 2 by maximizingO through the E-step and M-step.
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By utilizing the de nition of the complete log-likelihood func-
tion, the EM algorithm [46] can be employed to iteratively esti-
mate ¢'; 2 by maximizingO through E-step and M-step.

Algorithm 1: Persistent Diagram Calculation for De-
formable Shapes with Vietoris-Rips Complex

Input: Distance matriXD® on the deformable shape
spaceC, Maximum scale paramet&fax
Output: Persistence diagra@®® on the deformable
shape spac€
1 Initialize an empty set of simplices ;
2 Initialize an empty list of birth-death pai3 =[] ;
3 for each entry(i; j) in D do
if Dij  "max then
| Add the edges;j to S;
end
end
SortS in non-decreasing order of edge length ;
for each edge;gin S do

4
5
6
7
8
9

10 Add (i; j) to the Vietoris-Rips comple¥ ;

11 Compute the connected component¥of

12 if adding pairing(i; j) created a new connected

componenthen

13 C=(iJ);

14 Add the birth time of the new component®as
(Dij;1);

15 else

16 Update the death time of the older component in
Gto Dij )

17 end

18 end

19 return G;

5.2. Latent Shape Space

Due to the in nite con gurations and complex dynamics of
deformable objects, it is dicult to characterize the shapes with

topological features. In addition, the use of centerline-base
shape representation poses challenges when directly incorp

rated into a controller. Due to its high dimensionality, it com-

plicates the process of identifying the optimal solution for con-

trol actions. This complexity can potentially lead to instability
if the controller struggles to quickly ascertain a suitable solu

tion, or if the derived solution ends up being suboptimal [48].

Fig. 5: Conceptual representation of Vietoris-Rips complex computation on an
“S"-shaped deformable linear object.

5.2.1. Vietoris-Rips Complex Calculation

To begin, we employ the distance maté to compute
the persistent homology of the Vietoris-Rips complex of a de-
formable shape spa¢&(each shape in the shape space is repre-
sented as a set of centerline points. In this work, we choose to
use the Euclidean distance for the calculatiod6f but other
distances can be used as well. We then determiremaxD®
and construct the corresponding Vietoris-Rips complex, de-
noted byV DS . As illustrated in Fig. 5, we provide a
detailed example of Vietoris-Rips complex computation on a
“S”"-shaped deformable linear object where birth time and death
time are updated after adding each pairing)( For a dimen-
siond 2 N> 0, a set of persistence diagra®§ and a set of
persistence pairings® can be obtained. The persistence pair-
ing gfor dimensiond consists of the indices of simplices that
participate in the emergence and disappearance of topological
characteristics il dimensions. Persistent homology computa-
tion identi es a set of edge indices that are deemed “topologi-
cally signi cant,” and each of these sets is represented by a per-
sistence pairing. Alg. 1 shows the detailed computation process
of persistent diagram for Deformable Shapes with Vietoris-Rips
Complex.

5.2.2. Selecting indices from pairings
In this section, our objective is to choose indices from the
persistence pairing and transform them into a distance metric
etween two vertices. We modify this distance to align the topo-
%_gical characteristics of the input space and the latent space.
or 0-dimensional topological features, we only need to exam-
ine the indices of edges, which are thé&destroyer” simplices,
in the pairing OC. Our preliminary experiments suggest that
utilizing 1-dimensional topological features only prolongs the
computation time. As a result, subsequent experiments will ex-

Therefore, designing an ective low-dimensional representa- clusively concentrate on O_—dimer_13i0nal pe_rsistence_ diagrams.
tion for the deformable objects to reduce the feature dimensiohl€Nce, we denote the 0-dimensional persistence diagram and
and preserve topological structure is necessary. In this artici®airing ofCas G% ©.

by using persistent homology, we propose a generic approach

that applies topological auto-encoders [49] to calculate topo5.2.3. Topological Autoencoder

logical signatures for both the original shape space and latent We start by considering a mini-batcconsisting ofl points
shape space to derive a topological loss term when training ainom the shape data spaCdi.e., a set of centerline points). We
auto-encoder network. Fig. 6 (also see the second componeifiten construct an autoencoder using a composite funétia,

in Fig. 4 ) depicts an overview of our method, and we dividewheref, : C! Z isthe encoder functionanfy : Z! C is

this learning process into three individual steps in the following the decoder function. Here,denotes the latent codes obtained
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and 1
.— z z Cc z .
Lzc = 5 D D ;
By considering the union set arising from selected edges, an
informative loss can be determined by at I§gjdistances. Our
formulation aims to align the distances betwesand z, which
in turn leads to an alignment of distances betw€emdZ .
If the two spaces are perfectly aligned, thex; andL zc
are both equal to zero, as the pairings and corresponding dis-
tances coincide. However, lifiop, = 0, it does not necessarily
mean that the persistence pairings and diagrams are identical.
To calculate the gradient, we useto represent the encoder pa-
Fig. 6: An overview of the topological-aware latent shape space constructioiameters, and := D¢ ¢ DZ#* ¢ | The partial derivative of

approach. Given a mini-batch shape represented by a spline denoted by a gef. ., with respect td can be obtained as follows:
of centerline key points in original shape spadg, we apply the topological ) [

auto-encoder to reconstruct resulting in a reconstructioc®. In addition to @ @ 1 2
the usual reconstruction loss, we calculate tmpological lossbased on the —Lcz =— = D¢ ¢ D% ¢
topological structure dierences between persistence diagrams computed from @ @ 2 |

c and its latent variable 2 Z . The goal of the topological loss is to guide the @2 °© :
auto-encoder to preserve the topological features of the original shape space = > =

into the latent representations. @

o
> I

by applying the encoder function to the mini-batgh.e.,z = 1 @

fn(c). In a forward pass, we compute the persistent homology ) ] . S

in both the original shape space and the generated latent spaé’é,the above equation, the size of a persistence pairing is de-

as below: noted byj %, while D* ©; indicates théth component of the
vector of paired distances. An analogous derivation applies to

G% ° =H (V (0) 1 Lzc , where ©is substituted with 2. Furthermore, since
G% 2 :=H (V (2) (11) the distances between input samples are independent of the

encoder network, the derivative B with respect td must

To obtain the persistence diagram values, we use the eddee zero. Given the stability of the persistence diagram, where
indices provided by the persistence pairings to subset the dismall shifts in the function result in only minor modi cations to
tance matrix. We can represent the persistence diagram asthe diagram as outlined by Cohen [50], the diagram remains ro-
set that contains the same information as the distances retrievedst even against in nitesimal alterations of its entries (please
with the pairing, denoted &8¢ ' D¢ €]. We treatD®[ ] as refer to the associated de nition and theorem detailed in Sec-
a vector inR 1. By comparing the persistence diagrams ob-tion 5.3). Consequently, our topological loss maintainsedi
tained from the data space and latent space, we can constrigttiability at each update step throughout the training process.
a topological regularization terinpo, Which is added to the
reconstruction loss of an autoencoder. The overall loss function
is then given by:

L = Lrec(c; fg(fh(c))) + Litopo (12)

whereL (¢ is the reconstruction loss, and fy are the encoder
and decoder functions respectively, anid a regularization pa-
rameter that controls the strength of the regularization.
Let us consider how to expreksopo. We select edge indices
from €and “to calculate th&/ value, which represents topo-
logically relevant distances from the distance matrix. Each perrig. 7: Conceptual representation of the designed neural network that takes
sistence diagram entry indicates a distance between two dalfze initial latent shapep and current latent shapg as inputs and predicts the
points. To ensure unbiased estimation anctient training, o 9¢t /atent shape.

we take into account the union set arising from selected edges,, , . .
. : With the built latent shape space, we train a neural network
in candz The topological loss term of the autoencoder con-

. . . h in Fig. 7 th k i I ;
sists of two parts that tackle the “directed” loss that arises wher"%IS shown in Fig that takes as mpults curre nt latent siape
: o . “and initial latent shapey, and outputs its desired latent shape
topological characteristics in one of the two spaces remain un- . : ) )
changed. Thu, — Lo +Lae  where Zy. Th_e dlmens_lon of the latent shape_space is set to 16 m_the
' topo = = Clz Zc following experiments, and we train this neural network by it-
1 ) eratively collecting a data set composed of tugles; z; z4)g

Lez =3 D¢ ¢ D* ° with the bimanual manipulation algorithms in [14].
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5.3. Controller Design Theorem 1. The stability of the persistence diagramGiven

. . two functions, f and g, and their corresponding persistence di-
Mathematical Properties Some necessary lemmas, assump- .
. . . : agrams,D(f) and D(g), on a topological space, the bottleneck
tions, and de nitions related to mathematical properties are,; ; ;
given as follows: distance between the of the persistence diagrams bounds the

L, -norm between the two functions:

Lemma 1. In [51], the functionsig‘(x) = jx* sgn) is de ned,
where x2 R, k> 0, andsgndenotes the standard sign function. ds(D(f);D(@) kf gk (17)

Lemma 2. [51] Pinzljxaj P Pin:]_jxijp holds for any x 2  The assumptions required for this result are mild and are sat-
R;i = 1;2;:::;n, where p is a real number satisfyifig< p<  is ed by Morse functions on compact manifolds, piecewise lin-
1. ear functions on simplicial complexes, and more. The bottle-

P P neck distance is based on a bijection between the points and
Lemma 3. [51] nt P~ 1L jx;j P " ixjP holds for any x2 s therefore always at least the Hausdatistance between the
R;i=1;2:::;n,and p> 1. two diagrams.

De nition 2. In [54], we can nd the following vectorial

Lemma 4. [52] Forany x2 R and > 0, we have the inequal- " ;
power de nitions for any arbitrary vectox 2 R"™:

ity satises: 0 j xj xtanhi=) where = 0:2785with
satisfying = e (*D),

Lemmas. [52] Forh > 0and x 0;y > 0, the following ixj = diagr}xljk; i ;jxnjk02 R" N
inequality holds: %y x) (*" x¥*M=1+h).
The xed-time sliding mode control is used to control the

Lemma6. [52] Forh > 1;x > 0;y xandy2 R, it holds  shape of the elastic rod. Throughout this paper, we denote the
that: (x y)" y" . velocity motion of the robot ag = r for simplicity. The shape-

motion relationship considering Assumption 3 satis es:
Lemma 7. [53] For a continuous positive de nite and radially
unbounded function %) : R"! R which satis es the follow-
ing inequality as shown:

s=Ju=Ju+Ju (18)
Two error variables are de ned:
V(X) VA VEX)+ 4 (13) 6=S S &=s Ju (19)

where 1; 1, and ; are all positive constants and the param- and its derivative with respect to time is:
eters g 2 (0;1), and & 2 (1;1), then the trajectory of the L
systenx(t) = f(x) is practical xed-time stable. The nal con- =S & =5 Ju Ju (20)
vergence domain of the system can be expressed as follows: . ) o
Combining with (18), it yields

1= fXV(X)  minf( 1(11 ))i;( 1(11 ))égg (14) e =Jdu+du s (21)

where 2 (0;1)is a positive constant. The settling time in such  1Ne velocity control input can be de ned as below:
a system to reach the residual set can be expressed as follows:

u=J" s asig® l(e) apsig®l(e) (22

1 1
+ 15 "+ . _. . .
@ 1@ D (15)  whered* is the pseudo-inverse of the Jacobian malrig; >

0;a12 > 0;0 < by; < 1; by, > 1 are design parameters specify-
De nition 1. Let X and Y be two non-empty subsets of a meting the convergence speed of the controller (22) and the system
ric space(M; d), the Hausdor distance @(X;Y) and the bot-  stability indirectly. In order to measure the error of shape track-

T Thax=

tleneck are de ned as: ing, a quadratic function is introduced:
( ) _ 1y
du(X;Y) = max supd(x; Y); supd(X; y) Vie) = 56 & (23)
X vy (16) , , - .
ds(XY) = 'i)E\stupkx " (kg Time di erentiation of (23) yields
XEY xox

Vi(e) =€e =€ @u s)+€du (24)
wheresuprepresents the supremum an@B) = inf,,g d(a; b) o _
(inf denotes the in mum) quanti es the distance from a point ~Substituting the controller (22) into (24), one can get

a2 XtothesubsetB X,and g 1 and' ranges over _ ) ~
bijections between X and Y. Vi=e ausig? t(e) ansig? *(e) +€Ju



Considering Lemma 2 and Lemma 3, it yields With the adaptive update rule (28) and Lemma 4, we can get
the following inequality:

e+ ke &

By considering Young's inequality, it can obtain the inequal- - kR “tanh <€ KRk -

ity as follows: (33)
+~ kukltanh € -

+ag” s 14 gy, 2st1

V1 allkelkZb“ alzpl blzke;[kZb12 + ellju (25)

diu kell=4+ kuk (26)

Substituting (26) into (25) obtains: And, considering Lemma 5 and Lemma 6, we have:

Vi apkek® agopt Pikeg k™2 + %kelk2 + kulké ~ndby 1 2 % ~2b3.~'~2b3+1 2 a2 "2yt (34)
2bs ' 2bs+ 2
The adaptation rule of the DJM can be de ned as: Substituting (33) and (34) into (32), it yields
J = (asig? (&) + azsig? () +8 Ju+ Ju’ V= (ke + ayke k)
= " tann i + Led) 27) (Bu2p" Pkerk™? + azzp’ "hek)
4 831 ~op, A2 ~opg+2
whereay; > 0;a, > 0;0 < by < 1;b,, > 1 are design param- 2b; 2b3 +2
eters determining the convergence speed of the approximation +( o+ 81 20, , %62 2b3+2)
of the Jacobian matrix. The adaptive rule ofs"designed as bs bs+1
follows: a VP a2+ (35)
® = tanhfull= )kulé  ag; " 1 gg, st (28) where the coe cients are:
. . 1 = Min(2a:: 2ao:" dz1
where is a positive constantag; > 0;as; > 0,5 < bg < 1 a = min(2ay1; 2821; b_3)
are design parameters. De ne the quadratic funciie(e,) = . 1 b 1 by, 832
1d e, and di erentiatingv. with respect to time and using (20) a = min(2a2p” ™% 2820p" ™, bs + 7)
gains by = min(byy; b21; b3); b2 = min(oyz; bao; bs + 1)
V=de=d@ du du) (29) =+ % 23 _baizl 203+2 (36)
3 3
Substitu?ing (27) into (29), and considering Lemma 2 and By selecting appropriate parameters that enayre 0; a, >
Lemma 3, it yields 0;by 2 (0;1); b, 2 (1;+1 ), and referring to (35) and Lemma 7,
Vo= ay e|2 sig? L(e) e,2 sig?2 1 (ey) e|2 V converges to the compact set:
ap1keole™  agopt P2kepld™? (30) lim V V., = minf by %q (37
% t! ITmax m ! (al(l $))1’(a2(1 $))Zg (37)

Proposition 1. Assuming the dynamic systéib®)is in closed-
loop with the controller(22) under the conditions of Assump-
tions 3 and 4, with the Jacobian approximati¢@7) and the
adaptive update rul€28), two conclusions can be drawn: 1) 1 1

. . . : . T, +
all signals within the closed-loop system remain uniformly ulti- MA@ b)) a$b, 1)
mately bounded (UUB); 2) the deformation er@rconverges
to a compact set near zero within a xed time frame, with no
occurrence of any singularities during the task.

where$ 2 (0;1) is a user-de ne constant, within the xed
convergence timé&, calculated as [53]:

(38)

It implies that all states of the closed-loop system are
bounded. De ne the augmented varialde= [€,;€,]', and
further from the construction of (given in (31)),%eI e Vp

Consider the energy-like function: can be derived. Then, we have:
p___
1 = fg :
V=V +V,+ §~2 (31) e = fefkek 2Vt Tmad (39)
. o o _ By adjustinga;; bi;i = 1; 2, we can make the convergence range
where "= “is the estimation error, with being the estima-  of VV smaller. The above analysis implies that the shape error
tion of . With V; andV,, time di erentiation of (31) yields e; and motion estimation erras, converge to a compact set

(2 (21 by (@~ around zero within a xed-time [53]. The above results demon-
Vo auke ap1kez P ke strate that the DLO can be deformed into the target con gura-
apopt Pk e + Zkelkz + KUl e|2 32) E?anblv(\a”thm a xed time and all signals as practical xed-time



The proposed controller (35) is the overdetermined formatmethod has demonstrated remarkable performance in DOM and
which means that the err@f can only converge to a local op- thus represents the SOTA in this eld. We also introduced an
timum whose size depends on the accessibility of the desireadditional LSC model, referred to as AutoL§CGhat replaces
shapesy. A local minimum is unavoidable for this class of DIM our method with a naive auto-encoder network. This ablation
form-based manipulation tasks. analysis helps to underline the importance of considering the

topological property in handling complex deformable objects
Remark 4. The xed-time SMC controller in this paper aims to in the HRC domain.
regulate the dynamic performance of the system without consid- For HRC, we analyzed our task carefully and found a pattern.
ering the initial value of the system, rather than focusing onlyEssentially, we can solve the task by moving the robot agent to-
on the system acceleration. There are times when low-spe&gards the new pose based on the transformation between the
manipulation of DLOs is equally important in industry. previous and current poses on the leader side (human). By
) ] ) ] leveraging this regularity, we propose two baseline approaches
Remark 5. Discrete di erence [55] and Levant derentiator 4 jmplement robot controllers for visual image-based robotic
[56] are used to obtairs and $ in the experiments. In addi- geformable linear object manipulation tasks. The rst approach
tion, the tactile sensor can be used to measure friction betweeg 1o directly predict the new pose of the follower (the robot
the gripper (e.g., Robotig-85) and objects. Then it monitorsygent) by estimating the transformation between the previous
whether grippers and objects are connected in real time. and current poses on the leader side with leftnkas¢nterline
points. This is based on the regularity that the relative transfor-
mations of the leader side and follower side are identical, which
can be denoted as below:

p[follower] _ p[fouower] peadet
i L

pgeadeﬂ 40
p[leadeﬂ follower] ( )
d

=T s (1)

leadei] follower]
p[ieale p[Jouwer

leadei

whereTp'[ is the transformation of the leader side of the de-

leadei

formable linear object between time step 0 and time st&pis
transformation can be roughly estimated by the leftnka=tn-
terline points with ICP algorithms. Since this approach is sim-
ple and straightforward for solving deformable object manipu-
lation tasks, we nameMave-C controller and its main process
Fig. 8: Conceptual representation of our two baseline models for solving rejs jllustrated in the upper part of Fig. 8. The leftméstenter-
active shape servoing tasks of the deformable linear object under human-rob : : -
collaboration. The uppeXave-C model employs the transformation of the ﬁh_e pomt_s of th_e leader side are _marked with red (_:OIOI’ (here
leftmostk centerline points to compute the target desired pose, while the loweK = 3 for illustration). After the motion of the leader side of the

PoseCNN-Cmodel utilizes the PoseCNN framework to predict the transforma-deformable linear object, the leader poses will becqfﬁéde']

tion of the deformable object from the leader side for the desired pose calcula- leadei . . . rpleadeﬂ
tion. from pl[ 1 thenNa've-C estimates a transformand'p'[

leadei]

to nally generate the desired pose for the follower side using

] . o the Equ. 40. Nonetheless, this approach has to compute an op-

5.4. Comparison with Existing Methods timal transformation before sending the control commands to
Our work is pioneering in its approach to visual servoingthe manipulator, which is not quite eient since its comput-

tasks for deformable linear objects in the Human-Robot Collabing process involves an iterative calculation. Besides, it also
oration (HRC) context. As it's the rst to consider deformable needs to look for an appropriate trade-between the shape
linear manipulation in this context, nding a perfectly match- manipulation accuracy and system response time. Because the
ing SOTA method for comparison poses a signi cant challengeexpansive optimization-solving process will always reduce the
Despite this, we have made an extensiveréto compare our system response time and perform poorly during the human-
approach with SOTA methods in each related domain: Visuatobot interaction process. The second baseline approach is to
Servoing (VS), Deformable Object Manipulation (DOM), and directly estimate thed*'***! based on a visual observation
Human Robot Collaboration (HRC). For VS, we selected ausing PoseCNN to implement a robot controller (indicated by
technique for adaptively manipulating deformable objects usPoseCNN-Q for solving the manipulation task. This approach
ing model-free visual servoing [57]. This technique stands outequires collecting a large dataset composed of a series of tu-
as a SOTA method within VS. Please note that our approach lesf(po; p; pi)g Nevertheless, this approach solely relies on
model-free, hence model-based visual servoing methods wedata, and hence, lacks the ability to comprehend the impact of
not considered for comparison. For DOM, we chose a similathe deformed shape on the behavior of the robot manipulator.
latent shape control (LSC) model [58], referred to as AutoLSCMoreover, the absence of modeling the deformable object's ge-
which combines a naive auto-encoder with a normal slidingpmetry could potentially hinder the model's applicability and
model for the deformable linear object manipulation task. Thiggeneralizability.
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Table 1: Performance of Latent Representation Approaches oer@it Shape Categories

“-Trust “-Cont RMSE

Category

PCA TSNE AE TAE PCA TSNE AE TAE PCA TSNE AE TAE
Line-shaped 0.907 0.953 0.9470.982 0.859 0.903 0.897 0.902 1.572 - 1.7700.968
Pos. Arch-shaped  0.868 0.910 0.889.939 0.846 0.890 0.884 0.891 2.060 - 2.199 1.279
Neg. Arch-shaped 0.859 0.938 0.909.947 0.857 0.885 0.879 0.887 1.952 - 2.212 1.256
Pos. S-shaped 0.788 0.888 0.830.891 0.837 0.869 0.845 0.872 2.546 - 2.380 1.492
Neg. S-shaped 0.838 0.865 0.85D.886 0.843 0.873 0.862 0.871 2.775 - 2.4861.517
Pos. Helix 0.824 0.863 0.8510.887 0.829 0.877 0.854 0.874 2.894 - 2.6711.623
Neg. Helix 0.832 0.872 0.8380.879 0.836 0.874 0.858 0.876 3.127 - 2.733 1.795

¥ The absence of Root Mean Squared Error (RMSE) metric fot-BiME method in the above table is due to two main reasong:$NE is an unsupervised
technique used for exploration and visualization of high-dimensional data in two or three dimensions, and thus, it might not be appropriate or meaningful to
calculate RMSE for the transformed data. ZBNE does not preserve distances between data points from the high-dimensional space in the lower-dimensional
space since it preserves the probability distribution of pairwise similarities of points. Hence, calculating an error metric like RMSE, which is based on distances,
might not provide a relevant or meaningful evaluation oftH8NE transformation.

robot experiments. These trials tested the real-world human-
robot collaboration performance using drent methodologies.

In the human-robot experiments, we compared our proposed
method with regularity-based human-robot collaboration ap-
proachesNa've-C andPoseCNN-Q, as described in Section
5.4, as well as the ablation metho8lufoLSC;). The supe-
riority of our proposed latent shape controller is substantiated
through both quantitative and qualitative measurements of vari-
ous reactive deformable object manipulation tasks. These tasks
were performed in both motor-robot and human-robot experi-
ment contexts.

6.1. Experiment Setup

Fig. 9: Experimental setup for reactive deformable object manipulation tasks Fig. 9 shows the experiment setup for our approach, where a
in the context of human-robot collaboration, which includes an elastic cable tReg|Sense RGB-D camera (D455) is used to observe the de-

be co-manipulated by a stepper motor and robot eret®r (shown in (a)), : : . _ _
and by human hand and robot hand in (b), a depth camera D455 (eye-to-har‘igrmabIe object manipulation process from a top-down per

con guration) to measure the object's state in (c), a single-arm robot (UR5) toSPective, namely, the main view. Besides, we also consider
manipulate the cable to maintain iisigin shape con guration, and two dér- providing a side view with a commonly used Logi RGB cam-

ent elastic cables to be considered for validating generalizability. era (0270) to have a better overview of the entire manipulation
process from a third-person perspective. During the process,
6. Experiments an elastic sponge bar (viz. a deformable linear object) is ma-

nipulated with a UR-5 robot while the other end of the linear

In this section, we detail the experimental setup used to valiebject is controlled by a stepping motor or a human hand. Both
date the e cacy of our proposed human-robot collaboration ap-ends of the elastic sponge bar are connected with a 3D-printed
proach for the task of reactive manipulation of deformable lin-gripper between the robot arm or the human hand. We employ a
ear objects, speci cally focusing on shape servoing tasks. Thetepping motor to generate four standard trajectories for a quan-
setup description is followed by an overview of the shape sentitative and e ortless measurement of the performance of our
sory data processing pipeline, which employs a Gaussian Mixproposed approach compared with other advanced approaches
ture Model (GMM)-based shape state estimator. We then delvgsee Fig. 9(a)). Furthermore, a real-time human-robot collabo-
into the implementation speci cs of the latent shape representaation is conducted to examine the overall performance of our
tion utilizing a topological auto-encoder. We contrast its perfor-proposed framework. The robotic manipulation task considered
mance with other prevalent low-dimensional representation apn the context of human-robot collaboration is a shape servoing
proaches across dérent categories of deformable linear objecttask in a reactive manner. As shown in Fig. 9, the left side of
shapes. In order to replicate stable human-robot interaction duthe deformable linear object is directly manipulated by a human
ing Human-Robot Collaboration (HRC), we initially conducted hand, and the other side is manipulated by the UR-5 robot con-
motor-robot experiments. In these experiments, the left side afected with a 3D printed gripper. The robot executes the action
the Deformable Linear Object (DLO) was controlled by a step-to recover the shape of the deformable linear object in real-time
ping motor. This allowed us to compare our proposed methodafter resulting deformations caused by the human hand motions
denoted a§opoLSC, with traditional methods includiny'S, performed on the left side of the object. In our experiments, we
AutoLSC, and AutoLSC,. Following this, we replaced the set the initial con guration as our nal target shape that the
stepping motor with an actual human hand to conduct humarrobot is trying to reach in real time. For safe operation, there is
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the saturation limit for each axis direction, i.pyj  0:04m=s.

The proposed algorithm is implemented on ROBX running

within a servo-control loop of around 20Hz. Utilizing defor-

mation error and velocity convergence as our primary metrics,

we employed grid search to re ne the parameters of the Slid- (a)Line (b) Arch. () Arch @s.
ing Mode Control (SMC). This was initiated with an estimated
set of parameters derived from several preliminary experiments.
Detailed settings for these parameters can be found in Table 6.1.
A video of the conducted experiments can be obtained from _ _
https://sites.google.com/view/hrc-dom ©)s (f) Helix. (g) Helix

Fig. 11: Seven dierent shape categories to measure the latent representation
performance for the deformable linear object, namklye, Arch., Arch, S.,

Table 2: Experimental Parameters of Fixed-time SMC S , Helix. andHelix categories.
Parameter a;; @1 @ &2 @ a2 bu ba bz by b
Value 426 552 421 440 237 259 227 246 246 246 246

the proceeding section. After examining the collected shapes,
we classify them into ve dierent shape categories, namely,
Line, Pos. Arch, Neg. Arch, Pos. SNeg. S Pos. Helixand
Neg. Helixclass as shown in Fig. 11. We evaluate the recon-
struction errors between the input shapeand reconstructed
shapeg; with root mean square errofRMSE).

(a) RGBD (b) HSV (c) Paint cloud (d) 3D Coordinate
RMSEe. = ko TR (41)
Fig. 10: 3D shape processing pipeline for the reactive deformable object ma-
nipulation tasks. Fig. 10a is an aligned RGBD image frame of the workingFurthermore, to evaluate the quality of latent representations,
space. Fig. 10b is to extract the deformable object region by using an appropr\i,-ve also introduce another two metrics to measure the dimen-
ate HSV color lIter. Fig. 10c presents the point cloud of the deformable linear . . . . .
object after computing with the Opena3D library. Fig. 10d shows the nal 3D sionality reduction quality between input data and latent codes
centerline to represent the 3D shapes of the manipulated deformable object. (as indicated by thein the abbreviations). Speci cally, the rst

is calledtrustworthinesg’ -Trust), which evaluates the extent to

which thek nearest neighbors of a point are conserved during
6.2. Shape Estimation the transition from the original space to the latent space. The

In our experimental platform, the depth camera is set in arsecond measure is call@ntinuity ("-Cont), which assesses

eye-to-hand con guration (i.e., xed pose relative to the robot) the degree to which neighbors are maintained during the transi-
and receives the video stream, then we compute the 3D shap#éen from the latent space to the original space. To enable a fair
by using the OpenCV and RealSense libraries. Fig. 10 showsomparison, we set the same dimensiorr(16) of the latent
the extraction ow of the elastic cable. In the rst place, the space for dierent approaches. Experimental quantitative re-
RGB frame is aligned with the depth image by using RealSensgults can be found in Table 1, the TopoAE achieves the highest
SDK to produce an RGBD frame as shown in Fig. 10a. Then,-Trust and lowest RMSE over all shape categories and shows
we mask the deformable object region by designing an appraa large improvement over other approaches. With respect to
priate HSV color Iter to compute the point cloud of the ma- “-Cont, the TopoAE presents a very competitive performance
nipulated object based on camera parameters with the Open3®mpared to the TSNE representations. As can be observed,
library (see Fig. 10b). After that, a GMM-based estimator isthe TopoAE not only can reconstruct the latent shapes back
performed to further extract a xed number of centerlines (Noteinto the original shape space accurately but also can preserve
that the sequence is still disordered). Therefore, we de ne théhe structural information on topological features in this built
leftmost centerline point as the beginning point to sort the cenlatent space.
terline point set. Finally, the visual pipeline ended up with a
sequence of xed and ordered centerline points to represent the4. Evaluation of Motor-robot Experiments

3D shapes of the deformable linear objects. To quantitatively analyze the performance of our proposed
o _ sensorimotor model on reactive deformable object manipula-
6.3. Validation of Latent Shape Representation tion tasks, we program a stepping motor in a xed trajectory

To validate the performance of the topological auto-encodeto move the left side of the elastic cable. By doing so, we are
on shape representation, we compare our Topological Autoemble to produce the same interaction pattern for the deformable
coder (TAE) with three commonly used representation learningbjects to imitate the human-robot collaboration, which is vi-
approaches including Principal Component Analysis (PGA), tal to fairly compare our proposed model with other advanced
distributed Stochastic Neighbor Embedding (TSNE), Autoen-solutions. In these motor-robot experiments, three advanced ap-
coder (AE) on various deformed shapes collected from our builproaches are selected to compare with our model, one is a tradi-
experimental setup. All shapes are stored in the format of 3@ional technique for adaptively deformable object manipulation
centerline points with the visual shape estimator described insing a model-free visual servoing [57] (referred&in the
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