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Abstract— Accurately predicting deformable linear object
(DLO) dynamics is challenging, especially when the task re-
quires a model that is both human-interpretable and compu-
tationally efficient. In this work, we draw inspiration from the
pseudo-rigid body method (PRB) and model a DLO as a serial
chain of rigid bodies whose internal state is unrolled through
time by a dynamics network. This dynamics network is trained
jointly with a physics-informed encoder that maps observed
motion variables to the DLO’s hidden state. To encourage the
state to acquire a physically meaningful representation, we
leverage the forward kinematics of the PRB model as a decoder.
We demonstrate in robot experiments that the proposed DLO
dynamics model provides physically interpretable predictions
from partial observations while being on par with black-box
models regarding prediction accuracy. The project code is
available at: tinyurl.com/prb-networks

I. INTRODUCTION

Deformable linear objects (DLOs), such as cables, ropes,
and threads, are prevalent in various promising applications
within the field of robotics [1, 2]. Dynamics models em-
power robots to interact with DLOs, showcasing remarkable
dexterity at tasks such as intricate knotting [3, 4], precise
manipulation of ropes [5], and surgical suturing [6, 7]. In
addition, the parts of many robots can be modeled as DLOs.
This naturally applies to numerous soft robots but is also
relevant for controlling industrial robots [8].

Learning robot dynamics is challenging because the
amount of real data is often limited, and the data’s coverage
of the robot’s state space depends on the control strategy used
for data collection. Therefore, purely data-driven models,
such as neural networks (NNs), often fall short of expec-
tations when learning robot dynamics [1, 2]. Furthermore,
these models lack interpretability. A promising approach
to enhancing both sample efficiency and interpretability is
to incorporate first-principles knowledge into the model’s
architecture [9, 10]. Physics-informed models are generally
evaluated on rigid robots whose states are directly observed
[11, 12, 13]. Unlike rigid robots, a DLO is a continuous
accumulation of mass, making it unclear what the state
representation should be and how to estimate it in the
first place. Fortunately, we can draw inspiration from the
literature on the pseudo-rigid body (PRB) method and the
articulated body algorithm to pursue the simple idea:

∗ Equal contribution.
This work was largely done during an exchange stay of S. Mamedov at

RWTH Aachen University, which was supported by the FWO-Vlaanderen
through SBO project ELYSA for cobot applications (S001821N).

1MECO Research Team, KU Leuven and Flanders Make@KU Leuven.
2Institute for Data Science in Mechanical Engineering, RWTH Aachen

University.

Translatory state of       :

Predicted by FEI network
from      to      

deformable linear object

robot arm

Translatory state of       :

Hidden DLO state:

Observed only at     

Observed from      to 

State of      :

Fig. 1: A DLO – an aluminium rod – is actuated by a robot arm.
Given an initial observation of {e}’s translational state yk and {b}’s
position, velocity and acceleration vector xk, a PRB-Net predicts
yk+1 while also estimating the DLO’s hidden state hk.

Model a DLO as a chain of rigid bodies whose
dynamics are learned from data.

This approach combines the strengths of the PRB method and
machine learning. First, it provides a physically interpretable
state. Second, it infers the interactions between the bodies
from data instead of solely relying on the expressiveness of
analytical physics models.

A. Problem Statement and Contributions
Figure 1 gives an overview of the problem setup. The

inertial coordinate frame reads {B} while {b} and {e} denote
frames fixed to the DLO’s start and end, respectively. The
DLO’s hidden state is h ∈ Rnh . A dataset D contains
trajectories consisting of the position and velocity of {e}
relative to {B}, denoted by y = [pe, ṗe] ∈ Rny and position,
velocity, and acceleration of {b} relative to {B}, denoted
as x = [qb, q̇b, q̈b] ∈ Rnx . In short, we tackle the problem:
given measurements of position, velocity, and acceleration of
a DLO’s end, predict position and velocity of its other end
over the next N time steps or, using our notation:

given yk and xk, ... , xk+N−1 predict yk+1, ... , yk+N ,
where k is the discrete time index (or step). To this end,
we propose the PRB network (PRB-Net) which consists of
four essential components: 1) a physics-informed encoder
that maps yk and xk to hk, 2) a dynamics network that
predicts hk+1 from hk and xk, 3) a decoder that maps hk

and xk to yk, and 4) a loss function that regularizes h during
training. The contributions of this work are:

1) We introduce PRB-Net, a model designed to predict
the dynamics of DLOs from partial observations.

2) We demonstrate that using the forward kinematics of
a DLO’s PRB discretization as a decoder effectively
enforces a physically consistent hidden state.

3) Through experiments on two different DLOs, we show
that PRB-Net’s predictions are on par with black-box
models in terms of accuracy and computation times,
while being physically interpretable.
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II. RELATED WORK

The main contribution of our work revolves around learn-
ing hidden state dynamics of a DLO from partial observa-
tions using PRBs. Therefore, special emphasis is placed on
the type of observations that are used by the different DLO
dynamics models.

a) Analytical physics-based models: Numerous
works explore physics-based dynamics modeling of DLOs
[14, 15, 16]. An in-depth discussion of the mechanics
underlying DLO is given in [17]. The dynamics of DLOs
can be conceptualized as an aggregation of infinitesimally
small mass particles interacting through forces. To render the
complicated particle interactions tractable for computational
analysis, spatial discretization methods aggregate the
continuous distribution of particles into finite elements.
The PRB method assumes that the particles inside an
element form a rigid body such that their distances to each
other remain fixed [18]. The PRB approximation results
in a simplified representation of the DLO’s dynamics,
but its accuracy depends on the chosen force function
that determines element interactions and its parameters.
In particular, the oftenly used linear spring-damper force
models are inaccurate for coarse spatial discretizations or
modeling DLOs with heterogeneous material properties.

Cosserat rods represents an alternative method for mod-
eling DLOs, particularly favored by the soft robotics com-
munity. Although these models are often quite accurate
and geometrically exact, their large prediction times due to
numerical integration renders them impractical for model-
based control [19]. To mitigate the computational demands of
Cosserat rod models, finite difference [17, 20] and piecewise
constant curvature [21] approximations have been proposed.
Stella et al. employed the latter to model the dynamics of
a 2D underwater tentacle [22] and the kinematics of a 3D
soft-continuum robot [23].

This paper adopts the state-representation and kinematics
from the analytical methods, specifically from PRB method.
Instead of depending on analytical dynamics, which require
numerical integration, struggle to capture certain real-world
phenomena, and are computationally unsuitable for control,
we learn its discrete-time approximation from data.

b) Data-driven models: Table I presents a summary
of related data-driven DLO dynamics models. Our research
is inspired by [27], which employed a long short-term
memory (LSTM) network [28] to capture the input-output
dynamics of a robot-arm-held foam cylinder. In this study,
the authors utilize the LSTM to predict the DLO’s end
positions based on the pitch and yaw angles of its other
end. The LSTM’s hidden state lacks a physically meaningful
representation hindering the formulation of constraints on
the DLO’s shape, particularly during manipulation in an
environment with obstacles. Additionally, prediction errors
of a black-box model can quickly accumulate causing the
trajectory prediction to become unstable. PRB-Net alleviates
these limitations by resorting to kinematics.

In related works, [24, 25] employed camera-based tech-
niques to estimate the DLO’s center-line as a sequence of

System Dynamics model State type Observation

[22]
Submerged
tentacle (2D)

constant
curvature

Splines Full state

[24]
Submerged
tentacle (2D)

echo state
network

Points Full state

[25]
DLO in
magnetic field

LSTMs Points Full state

[5]
Rope moved
by robot arm

bi-LSTM
Mass
particles

Full state

[26]
DLO attached
to robot arm

bi-LSTM +
Graph neural network

Mass
particles

Full state

[27]
DLO attached
to robot arm

LSTM
Black
box

DLO
ends

Ours
DLO attached
to robot arm

flexible
(e.g., RNN, ResNet)

Rigid
bodies

DLO
ends

TABLE I: Overview of related literature on data-driven modeling
of DLO dynamics. While numerous works focus on the dynamics
identification and observe the DLO’s full state through cameras,
[27] and our work learn the dynamics by solely observing frames
attached to the DLO’s start and end. Moreover, while previous liter-
ature focuses on a particular model architecture to learn dynamics,
we focus on leveraging kinematics such that any dynamics model
learns a physically meaningful representation.

points. In [25], the dynamics of each point are predicted by
an LSTM that shares with the other LSTMs its output history.
Similarly, [24] introduced echo state networks, where the
output of an RNN serves as the input for a second RNN, in
addition to control inputs and bending sensor measurements.
In [5], the authors developed a quasi-static model of a
DLO using a bi-directional LSTM (bi-LSTM) whose state
is estimated from camera images using a convolutional
neural network. Unlike previous works that used LSTMs to
propagate states in time, the bi-LSTM propagates informa-
tion along both directions of the DLO’s spatial dimension.
Inspired by [5], [26] combined bi-LSTMs with graph neural
networks [29]. In particular, [26] discretizes the DLO into a
sequence of cylindrical elements similar to Cosserat theory
[6] while the spatial and temporal element interactions are
modeled through the NNs. However, these seminal works
require cameras to obtain an estimation of several points
on the DLO and operate at low velocities where quasi-
static models are sufficient for predicting states. In contrast,
the proposed PRB-Net allows for extending these methods
to operate on partial observations and in highly dynamic
scenarios. In particular, the network in PRB-Net could be
replaced by bi-LSTMs and graph neural networks.

III. BACKGROUND: PRB METHOD FOR MODELING DLOS

The PRB method approximates a DLO as a chain of nel+1
rigid bodies connected via elastic joints. PRB-Net explicitly
uses forward kinematics of a DLO’s PRB discretization
and uses the same input-output structure as found in the
dynamics of rigid-body chains. The following subsections
briefly describe the kinematics and dynamics of a DLO using
the PRB approximation.
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3 transl. DOF + 3 rotat. DOF 2 rotat. DOF 

Fig. 2: Generalized coordinate representations of a body chain with
nel = 2. The chain’s joint states are described through rotation
parameters Ψi that provide two rotational DOF to each element.

A. Kinematics

As illustrated in Fig. 2, the pose of the i-th body in the
chain is described via a body-fixed coordinate frame {i}.
The pose of {e} with respect to {B} is described by the
homogeneous transformation matrix

BTe =

[
BRe

Bpe,B
0 1

]
∈ SE(3)

with the position vector Bpe,B ∈ R3, rotation matrix BRe,
and SE(3) denoting the special Euclidean group [30]. Note
that we omit the superscripts and subscripts if a vector or
matrix is either expressed in the inertia frame {B} or it points
from {B}’s origin such that pe := Bpe,B and Re :=

BRe. In
a chain of nel + 1 bodies bpe,b is obtained as[

bpe,b
1

]
= bT1(q1) · 1T2(q2) · ... · nel−1Tnel(qnel)

[
nelpe,nel

1

]
,

where qprb = [q1, ..., qnel ] denotes the generalized coordi-
nates of the DLO’s rigid body chain approximation and
i−1Ti(qi) transforms a (homogeneous) vector from {i} to
{i−1} [30, p. 93]. In addition, qb = [pb,Ψb] defines the six
degrees of freedoms (DOF) of the floating-base {b}.

For simplicity’s sake, we employ two DOF revolute joints
as illustrated in Fig. 2 that are parameterized by Euler angles.
Note that any other joint parametrization could be used such
as free joints that provide six DOFs. In particular, three
dimensional rotational joints should be used if the DLO is
subject to torsion. In this case, recent works on learning with
3D rotations advocate against using Euler angles for large
changes in rotation [31, 32].

Using the forward kinematics of the PRB approximation,
the DLO’s endpoint position is obtained as follows

pe = fk(qb, qprb) := Rb(Ψb)
bpe,b(qprb) + pb. (1)

The velocity the DLO’s end is obtained from differential
kinematics which describes the relation between q̇b, q̇prb,
and ṗe via the joint Jacobian matrix Jlin(qb, qprb) as

ṗe = Jlin(qb, qprb)

[
q̇b
q̇prb

]
=

[
∂fk
∂qb

∂fk
∂qprb

] [ q̇b
q̇prb

]
. (2)

Equation (1) and (2) together form the system’s forward
kinematics (FK) that maps elements in hk and xk to yk.

B. Dynamics

The dynamics of a pseudo-rigid body chain can be cate-
gorized into forward, inverse, or hybrid dynamics. Forward
dynamics uses joint torques as inputs to determine joint
accelerations, while inverse dynamics calculates joint torques

from known joint accelerations. The dynamics of a DLO
being manipulated by a robot arm is governed by hybrid
dynamics being the combination of forward and inverse
dynamics [33]. For the first body attached to {b}, the
acceleration q̈b is given and τb is unobserved. For the other
bodies, q̈prb is a function of τprb(qprb, q̇prb). In turn, the
hybrid dynamics of a body chain takes the form

q̈prb = fHybDyn(h, x, θP), (3)

where θP denotes physical parameters e.g., element length,
mass, and inertia. A prediction of the next state is obtained by
rewriting (3) in continuous state-space form ḣ = f(h, x, θP)
and resorting to numerically integration, reading

hk+1 = ODESolve(f, hk, xk,∆t), (4)

where ∆t = tk+1 − tk is the integration step size and
ODESolve(·) refers to a numerical integration method.

Two main weaknesses of PRB and other analytical models
are their limited expressiveness and slow prediction times.
Expressiveness of a PRB is limited by the choice of interac-
tion force model. Commonly used interaction models such
as linear spring-dampers require fine spatial discretization to
yield tolerable approximations, which increases prediction
times [18]. Computation is further slowed down as PRB dy-
namics are often stiff, which necessitates the use of implicit
integration. PRB-Net improves prediction speed by modeling
DLO dynamics in discrete-time with neural networks.

IV. METHOD

PRB-Net consists of three essential components as shown
in the Fig. 3: a physics-informed encoder that maps initial
observation yk and input xk into a hidden state hk; a
discrete-time dynamics network that propagates hidden states
hk in time using inputs xk, . . . , xk+N ; and an analytical
decoder that maps hidden states and inputs into observations
yk, . . . , yk+N . This decoder equals the forward kinematics
of a DLO’s PRB approximation.

A. Decoder

The decoder in the PRB-Net is inspired by the kinematics
description of a serial chain of rigid bodies. The decoder
equals the FK as given by (1) and (2). By using such a de-
coder, we ensure the interpretability of a neural network that
models the DLO’s dynamics, while maintaining a physically
meaningful relationship between the hidden states.

To derive an FK decoder, we specify the type of joint (e.g.,
YZ Euler angles), provide the DLO’s overall length, select
the number of elements nel, and use [18] to obtain the initial
element lengths.

The uniform discretization method [18] assumes constant
element lengths Lel. As illustrated in Fig. 4 (Left), fixing
the first body to {b} causes an error ϵel in the PRB-Net’s
prediction of the DLO end’s position pe. An upper bound for
ϵel is obtained using the law of cosines, writing

ϵel <
√

L2 + L2
1 − 2LL1 cos(ζ)− L2, (5)
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Fig. 3: Architecture of PRB-Net with rollout length N = 2. By resorting to the forward kinematics (FK) of a chain of PRBs and taking
inspiration from hybrid dynamics to determine the inputs, the model learns a physically-plausible hidden state from partial observations.

Undeformed DLO

Deformed DLO

body chain

fixed to       

first body       elementsjoint

Fig. 4: Errors arising in a rigid body chain approximation of a DLO
with nel = 2 and fixed element length. Left: If the chain’s first body
is fixed to {b} then errors ϵel arise in the prediction of the DLO’s
end position pe. Right: Upper bound on ϵel for L = 1920mm
caused by fixing the first body to {b} and setting its length to Lel/2
plotted over different element counts nel and deflection angles ζ.

with the DLO’s length L = L1 + L2, the length of the
first body L1, the length of all other elements L2, and the
deflection angle ζ as depicted in Fig. 4.

We reduce ϵel by learning the body lengths θel ∈ Rnel
>0

along the PRB-Net’s network parameters. During the training
of a PRB-Net, we regularize the sum of estimated body
lengths as detailed in Section IV-D.

B. Encoder
The encoder predicts the inverse kinematics of the serial

chain. Internally, the encoder performs two key transforma-
tions when the data is fed to a multilayer perceptron (MLP)
qprb = Φ(pe, qb). The transformations include: i) compute
the vector pe,b = pe−pb to leverage that qprb is independent
to translations of the DLO in space; ii) transform the Euler
angles Φb to sin(·) and cos(·) to avoid discontinuities in the
angle parametrization. The velocities q̇prb are obtained via
partial differentiation as

q̇prb =
∂Φ

∂pe
ṗe +

∂Φ

∂qb
q̇b, (6)

which is straightforward to implement with automatic differ-
entiation libraries such as JAX [34]. Note, (6) ensures that
the velocity q̇prb is the time derivative of qprb, which is not
the case if an MLP directly predicts q̇prb. If dim(qprb) >
dim([pe, qb]), multiple chain configurations qprb yield the
same pose of {e}. In this case, learning inverse kinematics
from observations is an ill-posed problem for deterministic
networks [35].

C. Dynamics Network
The dynamics network unrolls the hidden state h =

[qprb, q̇prb] – being the generalized coordinates of the

Fig. 5: Aluminium rod DLO shape predicted by a PRB-Net with
nel = 7. Top: αq = 0. Bottom: αq = 1.

pseudo-rigid bodies – over time. In turn, the dynamics
network takes up a similar role as the analytical hybrid
dynamics (3) and (4). Assuming that PRB is a suitable
model for DLOs, these equations indicate that the only input
needed for unrolling h in time is x = [qb, q̇b, q̈b]. Therefore,
the dynamics network F is a neural network that receives
as inputs xk and hk to predict hk+1: hk+1 = F (hk, xk).
The network F can essentially have any architecture; in this
paper, we consider recurrent and residual NNs.

While in our experiments, we attain precise estimates
of q̈b, future versions of PRB-Net could draw inspiration
from [36] and replace q̈b with past velocity observations. In
addition, if one observes the robot’s end-effector force τb,
then the dynamics network could learn forward dynamics by
replacing x with the input x′ = [qb, q̇b, τb].

D. Loss Regularization

While we hypothesized that simultaneously training for-
ward kinematics with dynamics may regularize qprb, we
observed that acquiring a physically plausible state repre-
sentation in PRB-Net requires loss regularization. Therefore,
we introduce a regularization term in the loss used to train
PRB-Net, writing

L =
1

nbN

nb∑
j=1

N∑
k=1

wk∥yk,j − ŷk,j∥2Wy
+ Lreg (7)

with the regularization loss

Lreg = αq∥qprb,k,j∥22︸ ︷︷ ︸
LP

+αq̇∥q̇prb,k,j∥22︸ ︷︷ ︸
LK

+LFK, (8)

the batch size nb, the model’s predictions ŷk,j , the weighting
matrix Wy ∈ R6×6, the state weight wk, regularization
parameters αq and αq̇ , and additional kinematics regular-
ization losses LFK. While the first two terms in (8) can
be simply seen as ℓ2 regularization of the hidden state h,
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Fig. 6: Influence of the element count nel on the PRB-Net’s
prediction error of pe (blue) and ṗe (red) for a 1 s prediction horizon.

we can look at these terms through the lens of the PRB
method. In this regard, LP in (8) represents a potential
energy of linear spring forces acting between the elements
while LK represents the chain’s kinetic energy. While the
kinetic energy of the rigid body chain depends on the inertia
matrix M(qprb), it is lower and upper bounded by positive
real constants κ1 ≤ M(qprb) ≤ κ2 [37]. We can reconstruct
the DLO’s shape from the PRB-Net’s hidden state h using
FK (1). As illustrated in Fig. 5, the chain’s shape depends
on the choice of αq . Finally, LFK reads

LFK = αL

(∑
θel − L

)
+ αel∥θel − θ′el∥22 + αeb∥θeb − θ′eb∥22,

(9)

with θ′el denoting the initial element lengths obtained as in
[18], θeb denoting the position of the marker attached to the
end of a DLO bpe,b, and θ′eb denoting the same quantity
obtained from prior calibration routines. The first two terms
in (9) enable the PRB-Net to reduce ϵel by estimating the
element lengths θel as shown in Fig. 4. To account for
calibration errors in the calibration of bpe,b, we introduce
θeb to the kinematics dencoder model and also optimize its
entries during training.

V. EXPERIMENTAL EVALUATION

To evaluate the performance of different PRB-Net, we
learn to predict the motion of two physical DLOs with
different properties that are rigidly connected to a Franka
Panda robot arm. The two DLO’s are: i) an aluminum rod
as depicted in Fig. 1, ii) a polyethylene foam cylinder as
depicted in Fig. 10. Kinematics parameters of DLOs (length,
inner and outer diameters) are shown in Table II. The project
code and data are available at: tinyurl.com/prb-networks.

A. Data

We collected twelve different trajectories for the aluminum
rod and eight trajectories for the foam cylinder. During the
first half of each trajectory (about 15 seconds) the robot
arm moved the DLO; during the second half, the robot arm
rested while the DLO kept moving. For the aluminum rod,
nine trajectories were used for training and validation, while
for the foam cylinder, seven trajectories were collected. The
trajectories were divided into rollouts of length N = 250
using a rolling window approach, corresponding to one
second of motion. Then, each rollout was split into 85 % for
training and 15 % for validation. The remaining trajectories
of the DLO’s were used for testing and divided into rollouts
using a sliding window.
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Fig. 7: RMSE of PRBN- and black-box models for a rollout length
of N = 250 corresponding to a 1 s prediction horizon.

DLO L, m din, m dout, m ρ, kg/m3 E, Pa η, Ns/m

Aluminum rod 1.92 0.004 0.006 2710 5.15 · 1010 1.2 · 108
Foam cylinder 1.90 0 0.06 105 1.8 · 106 3.5 · 105

TABLE II: Physical parameters of a PRB model approximating
the DLO dynamics with Young’s modulus E and normal damping
coefficient η. din and dout are the inner and outer diameters,
respectively. The PRB model with these parameters is used as a
baseline for the experiments in Section V.

B. Model Settings

As the PRB-Net’s dynamics network, we used RNN with
Gated Recurrent Units [38] and ResNets [39] – and denote
the resulting models as PRBN-RNN and PRBN-ResNet,
respectively. As “black-box” baseline, we combine the same
models with fully connected MLPs acting as encoder and
decoder denoting the resulting models as RNN and ResNet.
Note that the MLP encoder predicts the full state h without
enforcing q̇prb = dqprb/dt. As a first-principles baseline, we
employ the classical PRB method with the manually tuned
parameters ρ, E and η provided in Table II. The PRB-Net
models are trained using the loss function (7) while the
baseline NNs use an ℓ2 loss. All models were implemented in
JAX [34] using the Equinox library [40]. Further details and
hyperparameters are provided in the attached code repository.

C. Experimental Results

a) Element Count: Fig. 6 depicts the RMSE of the
PRBN-RNN model’s predictions on the test data. Initially,
increasing the number of elements substantially reduces the
error. This observation aligns with the common knowledge
that discretization-based methods, like PRB method, show
improved model accuracy for increasing element counts.
However, beyond seven elements, the marginal improvement
in prediction accuracy does not justify the increased compu-
tational cost associated with model evaluation time, which is
crucial for enabling efficient model-based control. Therefore,
for the remainder of this paper, we adopt nel = 7.

b) Prediction Accuracy: Fig. 7 shows the prediction ac-
curacy of the considered models evaluated on test trajectories
of the same length (N = 250 corresponding to a prediction
horizon of 1 second) as the training rollouts. Data-driven
models significantly outperform the first-principles model
(PRB). While physical interpretability often comes at the cost
of performance (see PRB results), this is not the case for the
PRB-Nets that provide essentially the same performance as
black-box models, while being physically interpretable. The
models more accurately predict the aluminum rod’s motion
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than the foam cylinder, possibly due to variations in training
data or material properties.

All the models yield stable predictions during rollouts that
extend significantly beyond N , as depicted in Fig. 8 and 9.
However, the ResNet exhibits a noticeable drop in prediction
accuracy as the prediction length exceeds N . In contrast, the
PRBN-ResNet does not show this issue. Figure 8 shows the
model’s RMSE of the prediction of pe for both DLOs. Our
findings indicate that the PRB-Net and models incorporating
black-box encoders and decoders show similar performance.
Among models with a black-box decoder, the RNN has a
smaller RMSE than the ResNet for all rollouts except for
the one of length N . Additionally, the PRB-Net exhibits
slightly higher RMSEs compared to the RNN at 20N . These
observations align with literature on position encodings [41]
that suggest that resorting to a low dimensional latent space
whose dimensionality is determined by physics reduces the
model’s expressiveness in favor of physical interpretability.

c) Training and Model Evaluation Times: In terms
of training time, PRB-Net is slower (about 1.5 times) to
train than standard neural networks as the nonlinear for-
ward kinematics and the physics-informed encoder require
gradient computations during the forward pass as shown in
Fig. 3. Since the trained models may be used for model-
based control, we analyzed the prediction times for one
second-ahead prediction of the best data-driven models and
of analytical PRB models. The PRBs analytical continuous-
time dynamics were integrated using a constant step-size
implicit 3rd order Runge-Kutta integrator.

Table III shows that the PRBN-RNN and RNN models
have similar evaluation times, with the latter being slightly
faster. However, even with just a two-element discretization,
the evaluation time for the PRB method is at least two
orders of magnitude slower. While integration times could be

Fig. 10: Left: Shape of a foam cylinder predicted by a PRB-Net with
nel = 7 and the element length being learned alongside other
parameters. Right: Foam cylinder actuated by a robot arm.

RNN PRBN-RNN PRB-2 PRB-5 PRB-7 PRB-10

Pred.
time [s] 4.3 · 10−3 5.7 · 10−3 1.5 2.3 3.1 4.3

TABLE III: Model prediction times for a one second-ahead predic-
tion. For the analytical PRB method several spatial discretizations
were considered e.g., nel = 2 for “PRB-2”.

reduced by selecting a dedicated integrator, they will likely
not match the discrete-time models like PRB-Net which
requires only a single function evaluation.

d) Physical interpretability: PRB-Nets possess a phys-
ically meaningful state representation compared to black-box
models such as RNNs and ResNets. In this regard, PRB-Nets
hidden state represents elastic joint positions and velocities
between rigid bodies. Therefore, one can approximately
reconstruct the DLO’s shape via forward kinematics (1) from
a partial observation y and an input x, as shown in Fig. 10.

VI. CONCLUSION

We presented the first data-driven DLO dynamics model
capable of accurately learning the motion of a DLO from
partial observations while also acquiring a physically inter-
pretable hidden state representation. This model was obtained
by first deriving the forward kinematics of a rigid body chain
approximating the DLO. At the first step of a rollout, the
DLO’s hidden state is reconstructed from partial observations
of the DLO’s start and end frames using an MLP encoder.
In the subsequent time steps, the hidden state is unrolled
through time using a neural network that effectively learns
the system’s dynamics. All networks are trained jointly with
the kinematics parameters while we regularize the hidden
state to ensure that it acquires a physically plausible hidden
state representation.

Our model successfully predicted the position and velocity
of a 1.92 m long aluminum rod and a 1.90 m long polyethy-
lene foam cylinder. Despite the endpoints of the aluminium
rod moving up to 1.5 m from their equilibrium position,
the trained PRB-Net achieved a sub-decimeter RMSE in a
twenty-second simulation.
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