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Abstract: In the context of human-robot collaboration (HRC), the model of the robots needs
to be adapted to describe new tasks in new environments and under new operating conditions.
A long-standing challenge in HRC is to transfer the acquired robot’s skills and adapt models
from a limited amount of data and/or with limited computational resources. To facilitate the
research addressing this issue, this paper proposes a transfer learning benchmark in a HRC
setting using data acquired from a 7-DOF Franka Emika Panda robot. The goal is to estimate a
dynamical model mapping set-point pose, measured pose, and velocity of the end-effector into
the external interaction wrench. This type of problem may arise in real applications to design
virtual sensors for forces/torques. In the proposed benchmark, the model can be estimated based
on a long dataset acquired under a nominal operating condition of the robot, along with 5 shorter
trajectories (to be used for model adaptation) gathered for 5 different values of translational
stiffness. Performance is measured on 5 test trajectories where the same translational stiffness
values of the transfer experiments are applied. Baseline results are presented using a transfer
learning approach tailored to dynamical systems recently proposed in the literature.
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1. INTRODUCTION

Transfer learning has received increasing attention from
the machine learning community in recent years. The
main idea of transfer learning is to exploit the knowledge
obtained on one task to learn a different but related task
with less data and/or with a lower computational effort. A
prominent form of transfer learning involves pre-training
a model using a source dataset (e.g., ImageNet in the
artificial vision domain) and then fine-tuning it on the
target dataset related to the new task (Chen et al., 2019).
Despite the recent advances in the field, acquiring new
skills from a few examples remains a formidable challenge
for current automatic learning algorithms.

In the context of robotics, a wide range of operating
conditions can influence the system dynamics over time
(Roveda et al., 2020). For example, aging, wear and tear,
joint friction, and other external effects can cause the
dynamics to change in real operating conditions (Roveda
et al., 2022a). Moreover, the robots are expected to col-
laborate with numerous users with varying characteristics
(Roveda et al., 2022b). Therefore, it is crucial for the
robots to transfer the acquired skills and learn to operate
in new conditions from limited data. Having robots that
can adapt to a wide variety of environments and effectively
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interact with new users is a long-standing challenge in
human-robot collaboration.

Model learning in robotics has mainly been explored from
the perspective of system identification (Nelles, 2001; Zhu
et al., 2017; Evans et al., 2022). The key idea is to identify
the model parameters in order to match the experimental
data from a robot (also called dynamic model fitting). The
model can then be used to learn a control policy. Yu et al.
(2017) first trains an online model through supervised
learning able to predict the environment parameters, and
then uses reinforcement learning (RL) to train a control
policy conditioned on these dynamic parameters. Other
approaches of transferring the learned model involve do-
main adaptation (Chebotar et al., 2019), where the policies
trained in the simulation are adapted to the real world
or meta-learning that explicitly trains the model for its
adaptation capability (Yu et al., 2020). A meta model
is optimized across a variety of tasks in order to quickly
adapt to new tasks given limited test data.

To the best of our knowledge, no public datasets are avail-
able to date to evaluate the transfer learning approaches
in the context of HRC. To encourage research in this
domain, a new benchmark for human-robot collaboration
applications is introduced in this paper, with a main focus
on transfer learning.

As a baseline, we provide the performance obtained on
this benchmark by the transfer-learning methodology in-
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Fig. 1. The FRANKA Emika Panda manipulator used to
generate data.

troduced in Forgione et al. (2022), where the nominal
model (estimated on the training dataset) is augmented
with a linear-in-the-parameter adaptation term learned on
the transfer dataset. While the methodology is shown to
be effective, we believe that there is room for further im-
provement; users are thus encouraged to implement their
own approaches and report the achieved results.

2. ROBOT DESCRIPTION

The Franka Emika Panda robot shown in Figure 1 is used
in this work. It is a 7-DOF collaborative arm. The weight
of the arm is approximately 18 kg with a payload capacity
of 3 kg. The torque sensors in each joint along with
adjustable stiffness and compliance allow the Panda to be
a versatile and powerful robot for the research community,
especially considering its interaction with the surrounding
environment,.

Direct low-level control of the robot can be performed
through the Franka Control Interface (FCI) implemented
in the C++ library 1ibfranka. The franka_ros package
exposes libfranka to the ROS ecosystem for controlling
the robot via ROS. The franka_ros provides many use-
ful packages including franka_example_controllers to
send real-time control values to the robot using different
interfaces. Furthermore, FCI provides access to raw data
on joints or links position, velocity, torque and estimation
of externally applied wrenches.

3. DATA COLLECTION
3.1 Design of Experiments

The experiments are designed as multiple trajectories
of different time duration, each collected using a spe-
cific translational stiffness for the cartesian impedance
example controller available in ROS. During the data
acquisition, the robot is moved in a collaborative hand-
guiding mode for a certain duration. This kind of data
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collection is common in the usual application settings for
human-robot collaboration, where the human might teach
a new task to the robot by guiding it along a certain
trajectory. The robot starts at the home position as shown
in the Fig. 1 at the beginning of each trajectory. In total, 11
trajectories are collected: 1 of duration 100 s, 5 of duration
60 s, and 5 of duration 20 s. The controller and the data
acquisition system run at a frequency of 1 kHz.

The recorded quantities at each time step are:

e Set-point position of the end effector expressed in
base frame of the robot, Xyer € R? (m);

e Set-point orientation of the end effector expressed in
base frame of the robot, qrer € R* (quaternion)

e Measured position of the end-effector expressed in
base frame of the robot, Xmeas € R? (m),

e Measured orientation of the end-effector expressed in
base frame of the robot, qmeas € R* (quaternion);

e Measured velocity vector of the end effector, vineas €
RS defined as:

Vmeas = ['Uw Uy Uz Wy Wy wz]T7

with v, vy, v, representing linear velocities (m/s)
and wg, wy, w, angular velocities (rad/s).

e External wrench (force, torque) acting at the end

effector expressed relative to the base frame, Fey¢ €
RS, defined as:
Fext = [F:L‘ Fy F, 1, Ty Tz]Ta

with F,, F,, F, representing forces (N) and 7, 7, 7»
torques (N - m).

e Coriolis force vector, C € R” (N);

e Body Jacobian matrix expressed in the base frame,
J € ROx7;

e Control torque, Tegrr € R7 (N - m);

o Null-space torque, Tnun € R (N -m);

e Impedance torque, Timp € R7(N - m);

The orientation quaternions are represented with order
T,Y, 2, W.

Name | Duration (s) | Number of trajectories | Transnational Stiffness (N/m)
Train 100 1

Transfer 20 5 15, 50, 80, 130, 175
Test 60 5 15, 50, 80, 130, 175

Table 1. Trajectories in the dataset.

3.2 Dataset description

The original raw dataset contains training, transfer and
test trajectories. The training trajectory is collected for a
duration of 100 s at a translational stiffness value of 2 N /m,
while the transfer and test trajectories are collected at 5
different values of translational stiffness, as specified in
Table 1. The duration of the transfer and test trajectories
are 20 s and 60 s, respectively.

The raw data recorded from the robot contains high-
frequency signals at 1 kHz. Input and output trajectories
are post-processed by resampling at 100 Hz.

3.3 Folder structure

The folder structure and file format of the data, both raw
and post-processed, are detailed in Table 2. The data_raw
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Folder name Sub-folder | Content
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train
transfer
test

data_raw

9 .npy files representing the recorded quantities for the training trajectory
45 .npy files representing the recorded quantities for 5 transfer trajectories
45 .npy files representing the recorded quantities for 5 test trajectories

train
transfer

data_resampled
test

2 .npy files representing the input/output of a training trajectory
10 .npy files representing the input/output of 5 transfer trajectories
10 .npy files representing the input/output of 5 test trajectories

Table 2. Structure and format of the dataset.

folder contains all the recorded quantities at the original
sampling frequency of 1 kHz. The data_resampled folder
contains the quantities Xref; Qref; Xmeas; Omeas Vmeas;
Fext resampled at 100 Hz.

The user of the benchmark is normally expected to work
with these resampled quantities only, and otherwise should
state explicitly which of the raw measurements are used
to allow a fair comparison. The complete datasets are
available in the GitHub repository Shahid (2020).

4. BENCHMARK DESCRIPTION

The main challenge proposed in this benchmark is to
perform transfer learning from a trained nominal model
to a different trajectory using the least possible transfer
data. The proposed problem is motivated by the fact that
it is not possible to model all of the environment variations
for HRC applications.

4.1 Identification problem

The identification problem considered in this benchmark
consists in constructing a dynamical model from an input
u of dimension n, = 20 to an output y of dimension
ny = 6. The input u consists of the set-point Xrer, Qret,
the measured pose of the end-effector Xmeas, Qmeas and
the velocity vector of the end-effector vieas, while the
output y is the external wrench (force, torque) acting at
the end-effector Fext, i.e., ¥ = Fext. Table 3 provides a
summary of the considered input-output signals.

This mapping from a set-point pose, measured pose and
velocity of end-effector to the external interaction wrench
would allow the modelling of the external interaction
wrench based on the robot state to be used without
force/torque sensors in a real application (such as an
interaction task in the industrial workplace).

The main aim is to reconstruct the complete output
trajectory y, given the first output sample y(0) and
the input sequence u, i.e., the model should simulate
the complete trajectory instead of doing one-step ahead
prediction. Only the train and the transfer trajectories can
be used for model learning.

The obtained performance has to be reported on the test
trajectories, which shall not be accessed for any other
purpose.

4.2 Performance Metrics
The performance of the adapted model is assessed on

the test trajectories through the R?2 coefficient, which is
defined for i-th output channel as:

Set-point pose Xyef, Qref
End-effector pose Xmeas, Qmeas
End-effector velocity vmeas

Input u

Output y | External wrench Fext
Table 3. Identification problem: considered in-
put and output variables.

200, o llyi — 3ill?
Ribey) =15 =5 M
where ¥; denotes the i-th component of the predicted ex-
ternal wrench, and y; is the time average of the measured
external wrench y;. As an aggregate metric, the mean R?
metric over all the dimensions of external wrench y is used:

Ny

_ 1
2 _ Z 2

i=1
5. BASELINE EXAMPLE

In this section, baseline results for the proposed bench-
mark are presented. For the model adaptation, the ap-
proach proposed by Forgione et al. (2022) is employed.

5.1 Nominal model training

The nominal model is a state-space neural network For-
gione and Piga (2020) with recursive structure:

h(k +1) = N(h(k), u(k); ) (3a)
y(k) = h(k), (3b)

where h € RS is the state of the network and equal to
the (estimate of the) output of interest. In the state-space
representation (3), A is a feed-forward neural network
with unknown parameters 6y, two hidden layers; 25 units
per layer; and tanh activation functions. The parameters
0.1 of the nominal model are obtained by minimizing the
mean square error loss on the training dataset over se-
quences of length 500, where the initial state h(0) for each
sequence is set equal to its corresponding measurements.
For gradient-based optimization, the Adam algorithm is
used with learning rate set to 1073.

The performance of the nominal model is then evaluated
on a validation dataset (not used to learn the model
parameters 0,,)) representing a 40-% portion of the training
set. However, since this benchmark is intended for transfer
learning, users are free to use the complete training dataset
as they wish. For prediction, only the initial state and
the input sequence is passed to the network in order
to simulate the external wrench Fey¢ for a complete
trajectory as mentioned in Section 4. Thus, at each step,
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Fig. 2. Actual outputs vs outputs of the trained nominal model on a validation data extracted from the training dataset.

the model uses predictions (and not measurements) of a
previous step. Results are shown in Figure 2.

5.2 Nominal model adaptation

The performance of the trained nominal model drops to a
lower level on the test trajectories, which are collected us-
ing different values of translational stiffness. For instance,
Figure 3 shows the nominal model’s performance on a
test trajectory collected at a translational stiffness value
of 175 N/m. The corresponding R? metrics are reported
in Table 4 (fifth column).

Following the methodology in Forgione et al. (2022), we
define the adapted model as:

Miin (W 01, O1in) = M(w; 01) + J(u, 0n1)bhin,  (4)
where 6);, is a new parameter vector to be determined and

J(u,0,) is the Jacobian of the nominal model’s output
with respect to the parameter vector 6:

OM(u;0)

J(u,0n1) = 69

()

0=0

The adapted system dynamics (4) may be interpreted
as a first-order Taylor expansion of the nominal model
with respect to its nominal parameters. Assuming that the
perturbed dynamics can be captured by the given model

structure with a different parameter ¢;, we have:

M(u; 6,) ~ M(W; 1) + I (1, 0n1) (0 = 0r1). (6)
The right-hand-side of (6) corresponds indeed to (4)
setting Olin = 6/, — 1.

The parameters 6y, of the linear adaptation term in (4)
are estimated on the transfer dataset through regularized
linear least-squares (Ridge regression) as:

elin = (JIffo + 0—21)_1J>—<rfAyxfa (7)
where Jyf = J(uva enl)a Ay:cf = Yxf — M(uxf; 9111)7 and
the subscript xf refers to the transfer dataset. More
precisely, the initial 10-second segment of the transfer
dataset is used to solve the least-squares problem (7), while
the trailing 10-second segment is used as a validation set
to tune the regularization hyper-parameter o. Problem (7)
is solved multiple times for different values of o, and the
one giving the best performance in the validation segment
is eventually selected.

The predicted output in the test dataset is finally obtained
as:

Vist = M(Utst; On1) + I (West, On1) Orin, (8)
where the subscript tst refers to the test dataset.

The output trajectories simulated with the adapted model
with translational stiffness of 175 N/m in the test dataset
are shown in Figure 4 and the corresponding R? metrics
are reported in Table 4 (last column). The performance
of adapted models on the other trajectories in the test
dataset is also reported in Table 4. We observe that the
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Fig. 3. Actual outputs vs outputs of the trained nominal model on a test trajectory with translational stiffness of

175 N/m.
Nominal Adapted

Etrans (N/m) 15 50 80 130 175 15 50 80 130 175

Fy 0.63 | 0.51 | 0.79 | 0.76 | 0.79 | 0.85 | 0.63 | 0.83 | 0.72 | 0.84

Fy 0.50 | 0.47 | 0.53 | 0.43 | 041 | 0.52 | 0.75 | 0.70 | 0.62 | 0.73

F, 0.44 | 0.38 | 0.61 | 0.51 | 0.55 | 0.64 | 0.41 | 0.75 | 0.57 | 0.78

T 0.39 | 0.30 | 042 | 0.35 | 0.56 | 0.43 | 0.56 | 0.38 | 0.31 | 0.54

Ty 0.08 | 0.15 | 0.22 | 0.43 | 0.32 | 0.18 | 0.41 | 0.26 | 0.32 | 0.56

T 0.02 | 0.21 | 0.17 | 0.23 | 0.27 | 0.19 | 0.35 | 0.36 | 0.45 | 0.42

Overall 0.34 | 0.33 | 046 | 0.45 | 0.48 | 0.46 | 0.52 | 0.54 | 0.50 | 0.65

Table 4. R? performance metric of nominal and adapted model on test trajectories.

performance of the adapted model is consistently superior
to the nominal one. The achieved accuracy level of wrench
estimation would be sufficient for real applications such
as force-based control or collision avoidance. Note that
for the adapted models, the corresponding Jacobian Jx¢
is computed for each individual transfer trajectory as
mentioned in Section 5.2, i.e. transfer and test is done
independently for each value of translational stiffness.

6. CONCLUSIONS
In this paper, a transfer learning benchmark is presented in

the HRC context with the main aim of adapting learned
models to new operating conditions. The proposed chal-

lenge addresses the problem of estimating the external
wrench based on the state of the system, thus eliminating
the need for external force/torque sensors. Although some
cobots allow the computing of external wrenches based
on joint torque sensors, the cost of such sensors is usu-
ally very high. The model is first trained on a dataset
acquired at a nominal value of translational stiffness and
later adapted to work under new stiffness values using a
baseline methodology proposed recently in the literature.
We present the results obtained by applying the baseline
methodology to the 5 pairs of transfer/test trajectories
available in our benchmark. Even though the achieved
results are promising, there is definitely room for improve-
ment to enable the applications of transfer learning in real-
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Fig. 4. Actual outputs vs outputs of the adapted model on a test trajectory with translational stiffness of 175 N/m.

life HRC tasks. This benchmark aims to encourage the
research community to develop novel approaches in order
to facilitate research in this domain.
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