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Informed Federated Learning to Train a Robotic Arm Inverse

Dynamic Model

Gabriel Jimenez-Perera®, Brayan Valencia-Vidal®, Niceto R. Luque®, Eduardo Ros

Abstract—Access to real-world data in robotics domains is
often challenging due to restrictions on data sharing and limited
availability. Although privacy and intellectual property concerns
are the main barriers, ensuring data access is crucial for ad-
vancing data-driven models. Specifically, machine-learning-based
inverse dynamic models show promising results for nonrigid
robot identification, but the data used to train them are often
kept private due to intellectual property protections. Federated
learning proposes a methodology to access such data without
centralizing them in a single repository, thus avoiding intellectual
property limitations. We propose a solution that uses federated
learning to train a model from distributed data to develop
a robust robotic arm inverse dynamic model. Our approach
demonstrates the feasibility of using a machine learning method
in which local robots train on their own data while collaborating
without sharing raw information. Furthermore, we propose a
novel custom aggregation method that integrates locally learned
solutions from different workspaces into a single global model
without requiring raw data sharing. This method improves
accuracy in our federated solution by approximately 20% for
the learned inverse dynamic model.

Index Terms—Deep learning methods, Data sets for robot
learning

I. INTRODUCTION

UTOMATION enables robots to perform repetitive, pre-

cise, and non-ergonomic tasks in the industrial sector
under controlled conditions, such as structured environments.
However, tasks requiring dexterity and adaptability in less-
controlled industrial scenarios are still carried out by humans.
With ongoing industrial advancements and under the umbrella
of Industry 4.0, the demand for increasingly flexible industrial
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environments (driven by dynamic product markets) has led
to workspaces shared with humans. To meet this demand
and to ensure that robots do not pose a risk to the human
workforce, collaborative robots, or cobots, have emerged.
Consequently, cobots shall ensure safe physical human-robot
interaction (pHRI), leading manufacturers to adopt specific
design elements, such as Series Elastic Actuators (SEAs) [1]
that enable compliance. However, compliance comes at a cost:
while torque control shall be implemented, SEAs also increase
dynamics complexity, i.e., backlash and frictional torque [2].
Also, they make mathematical modeling intractable [3], [4],
[5], thus invalidating traditional [3], [6], [7], [8] model-based
torque control methods [9], [10].

An alternative to traditional analytic dynamics modeling in
cobots has recently emerged, using machine learning (ML)
methods to develop data-driven dynamic cobot models. These
ML methods have demonstrated effectiveness in capturing
complex nonlinear dynamics, making them well suited to the
problem at hand [11], [12], [13]. However, a key challenge
in applying ML methods is obtaining high-quality data. Par-
ticularly, datasets relating joint torques to the resulting joint
movements are required for dynamics modeling in cobots.
Ideally, these datasets should comprehensively represent the
entire cobot workspace, typically covered by performing lo-
calized manipulative tasks. Furthermore, the dataset must be
both diverse and representative, including a wide range of
motions with variations in velocity and acceleration. However,
restricted access to industrial processes and data privacy pro-
tections (both common in this domain) render the availability
of such real-world datasets needed for machine learning vir-
tually non-existent.

There are established collaborative learning techniques that
support intellectual property protection, such as transfer learn-
ing. However, this is not a suitable solution in this case
due to the unavailability of pre-trained models relevant to
the target domain. Recent advances in federated learning
(FL) [14] enable model training directly on distributed local
repositories, eliminating the need to centralize raw data. This
approach contrasts traditional ML methods, which rely on the
aggregation of data in a single location for training. In the lit-
erature, FL has been applied to problems such as vision-based
obstacle avoidance [15], grasp control [16], and autonomous
navigation [17], showing great potential for improving model
performance and adaptability across heterogeneous environ-
ments [18]. However, no works have studied its application to
learning dynamics for cobots yet.

Ours is an innovative solution that applies FL to learn the
inverse dynamic model (IDM) of a Baxter® robotic arm in
a distributed manner, ensuring that raw data remain private,
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Fig. 1: Graphical abstract of our proposal. We represent different independent clients, each one of them following a trajectory
in a specific workspace and recording torque data. Each client trains an IDM using its own data. They then upload their model
parameters to the server, where the parameters of all selected clients are combined into the next global model parameters.
These updated parameters are then redeployed to all clients to continue with the training process. This cycle repeats until

convergence is reached.

i.e., that data are not shared among cobot clients. Each cobot
client trains its local IDM using motion data only from its
own workspace, optimizing its model parameters (also known
as weights) for learning based on local experience. After each
training cycle, only the parameters of the cobot client model
are shared with a central server, aggregating them to refine
a global IDM with better generalization capabilities. This
updated model is then redeployed to the cobot clients for
further local training. This cycle repeats iteratively, allowing
the global IDM to improve accuracy while preserving data
privacy and protecting intellectual property. After several
iterations, the FL process reaches an optimized global IDM
that generalizes across different workspaces and conditions,
as illustrated in Figure 1.

To improve the FL learning process, we propose a variant
called “informed federated learning”, where cobot clients share
additional metadata alongside model parameters while still
protecting privacy and intellectual property. This metadata
consists of the 3D coordinates of the bounding cube that
encloses the local workspace from which motion data are used
for learning, improving the convergence of the FL process and
the accuracy of the global IDM.

The main contributions of this work are as follows:

o We gather a dataset using the methodology described in
[19]. This dataset is publicly available and contains 4
different trajectories (two for training and two for testing)
in six different workspace areas, and was collected on
both arms of the same cobot.

o To the best of our knowledge, this is one of the first
solutions in the literature that uses federated learning for
modeling inverse dynamics. We demonstrate the learned
IDM with experiments using a varying number of cobot
clients, without sharing raw data.

o Finally, we propose “FedCubeNQ”, a novel FL aggre-
gation method that incorporates “bounding cubes”, 3D
volumes that enclose the local workspace of the cobot.
This aggregation method reduces the accuracy errors in
our federated IDM by approximately 20%, overcoming
other state-of-the-art techniques.

II. RELATED WORK

The state-of-the-art performance of ML methodologies in
inverse dynamics modeling has led to the adoption of data-
driven solutions. For instance, Riickert et al. [20] used a long
short-term memory (LSTM) network, achieving better predic-
tive performance and scalability with large datasets. Similarly,
Liu et al. [21] reported that bidirectional recurrent neural
networks (BRNNs) outperform nonrecurrent architectures for
inverse dynamics identification, particularly in time series
problems with a moderate number of inputs. Furthermore,
Xiao et al. [22] proposed optimizing an LSTM network
by particle swarm optimization to predict joint torques of
industrial robots, indicating the growing impact of data-driven
methodologies in dynamic modeling. Nevertheless, these mod-
eling examples are primarily focused on identifying rigid-body
dynamics, and do not account for the non-linear dynamics
inherent in cobots. As a response, Valencia et al. [19] proposed
a data-driven IDM for cobots, using a BRNN based on Gated
Recurrent Units (GRUs) that effectively captured those non-
linear dynamics.

Modeling a cobot inverse dynamics using a data-driven so-
lution requires access to datasets that relate torque values to the
resulting joint movements. However, as aforementioned, such
purpose-driven datasets may not always be readily available.
Nonetheless, cobots operating in industrial assembly lines are
ubiquitous by definition; hence, why not use them for data
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collection? FL [14] offers a solution to this challenge by
allowing decentralized model training using multiple cobots.
In FL, individual clients train a local model using their own
data, while a central server orchestrates the training process
and aggregates local model updates into a global model.
One of the main issues in FL is statistical heterogeneity, that
is, data are not independent and identically distributed (non-
IID data) across the network of clients. To address this, there
are established non-IID FL methods, like FedProx [23]. In
FedProx, minor modifications to the state-of-the-art method for
FL (FedAvg, explained below) improve learning convergence.
In robotics, FL has been successfully used in a variety of
domains. For instance, in [17], FL has been applied in a
vision-based autonomous robot navigation environment, using
clustering to improve adaptability in different environments
while significantly reducing communication bandwidth and
matching the performance of centralized learning. Similarly,
in [24], FL has also been applied to multi-drone systems
for action recognition and control, allowing distributed deci-
sion making without requiring a central repository. Beyond
autonomous control, FL has also been used in robotics to
safeguard data privacy in human-robot collaboration. A FL-
based robot navigation recommender system with humans
in the loop was proposed in [25], in which privacy for
both, agents’ data and their decisions based on environmental
perception was preserved. FL has also been applied in [26] to
predict human intention in collaborative assembly tasks. This
method protects sensitive information in assembly tasks, which
means it also protects intellectual property. Finally, custom
aggregations have been proposed for purpose-specific methods
as in [27], where an FL-based controller for swarms with
a custom aggregation function reduces the communication
bandwidth while achieving high robustness and generalization.

III. PROPOSED APPROACH

The inverse dynamics formulation determines the torque
values required to produce a movement of the robot. In ML
terms, this problem is formulated as a regression task [28],
which we solve using a BRNN as proposed by [19].

To train our BRNN-based IDM with FL, we use a central
server and data from different local cobot clients. In each
FL round, a subset of cobot clients is selected and initialized
with the parameters provided by the server. These clients train
their local inverse dynamic models using only local data. The
updated model parameters are then sent to the server, which
aggregates them into a new global model that is redistributed.
This iterative process is continuous until the global model
converges, as formalized in (1)

1 2 C)

wli = flwhw?,..wb (1)
G

where 7 is the round index, w;”, ; are the global parameters
at the end of the round r, these parameters are broadcast as
initial parameters at the beginning of the round r + 1 and will
be the final parameters when the final round is reached; wf;
are the parameters of the local cobot client 7 generated in the
round r, and C'is the number of clients selected in each round.

The FedAvg aggregation function (implemented in FLWR
[29]) is one of the most widely used methods in FL. It

computes a weighted average, where each client contributes
proportionally to its number of training samples, as shown in

.
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where w, fl‘“ ¢ represents the global parameters generated

after the round r, C is the number of cobot clients selected
in the round r, Q¢ is the number of samples from client ¢
in the round r used in training, w;. are the local parameters
generated by client ¢ in the round r, and () is the number of
training samples used in the round r (Q = Zil Q°).

Our approach uses an alternative aggregation method, “Fed-
CubeNQ”, in which each trajectory is enclosed within a prede-
fined workspace, which allows the central server to aggregate
knowledge from different clients more effectively by incorpo-
rating this workspace spatial descriptor. FedCubeNQ allows
each client to transmit both the updated model parameters and
the bounding cube that encloses the trajectory. This bounding
cube is the minimal axis-aligned cubic volume that fully
contains a given trajectory within a cobot workspace. This
does not pose a problem regarding intellectual property or data
privacy as it does not describe the trajectory itself; it only states
the region where it occurs. By transmitting this bounding cube
along with the updated model parameters, FedCubeNQ enables
informed aggregation using spatial constraints to improve
distributed learning.

The bounding cube is computed by extracting the min-
imum and maximum Cartesian coordinates of all tra-
jectory points, defining two diagonally opposed vertices:
(Cl (mmina Ymin, Zmin)7 02 (xma:m Ymazx, Zmax))~ The bound-
ing cube is an axis-aligned cubic volume defined by these two
extreme corners. This cube fully encloses the trajectory, with
its faces parallel to the coordinate axes. Its dimensions (width,
height and depth) correspond to the differences between the
maximum and minimum Cartesian coordinates along each
axis, as illustrated in Figure 2. This allows for an easy
computation of the overlapping cube. Given two cubes (A4,
B) described by descriptors (Ac,, Ac,) and (Be,, Be,)
respectively, we can compute the resulting overlapping cube
R with descriptors (R¢,, Rc,) in (3).

Re, = max(ACNBCl)
Rec, = min(Ac,, Bo,)

3)

where min and max are functions that return the min and
max element-wise values respectively.

The intuition behind this idea is that the trajectories per-
formed in different regions of the full robot workspace provide
complementary information for the learning process. By using
his bounding cube, the server identifies and prioritizes non-
overlapping trajectories, ensuring a more diverse and spatially
balanced model update. This reduces the impact of clients
whose models may not generalize well due to working in
spatially constrained regions of the workspace, thus mitigating
overfitting while preserving the federated paradigm. Unlike
FedAvg, FedCubeNQ does not weigh clients based on the
number of training samples (hence the NQ suffix, no quantity)
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Fig. 2: Four trajectories and an intersection. In and
vermillion, two trajectories and their bounding cubes without
overlap. In and green, two trajectories and their
intersecting bounding cubes. In black, the intersecting cube
between the and the green bounding cubes.

since our experiments showed no benefits from doing so. The
FedCubeNQ aggregation function is described in (4)

c
GFedCube 1 c, c
PN = e Y T )
noe=1
where ;
_ 5\ X,
Ty = norm ~ 2o VX0
v(T€)

Here, v denotes the function that calculates the volume of a
cube, X; represents an overlapping cube, T is the trajectory
descriptor from client ¢, T}; is the calculated weight for client
¢, T), is the sum of all calculated weights (7, = Zle T,
and norm is the function used to normalize the data from the
original range (—o0,0] to the interval [0.1,1]. The minimal
contribution provided by a robot client is set to 0.1, ensuring
that each trajectory contributes even if its bounding cube is
already occupied by another trajectory. Since the set of clients
varies in each aggregation process, T, shall be recalculated
for every round.

IV. OUR SETUP

In this section, we present our experimental setup. We begin
by explaining the process of creating our dataset for a Baxter®
robotic arm. We use this dataset to conduct our experiments
in a later section. We will also introduce the performance
metrics used for our evaluation. These metrics are widely
used in the literature, allowing direct comparison with existing
approaches.

A. Our Dataset

A key requirement for training a data-driven IDM is to have
high-quality data. As mentioned, no publicly available datasets
exist for our specific problem. Therefore, we collected our
own dataset following the methodology described in [19]. To
ensure robust training, we require a sufficiently large dataset
gathered from different cobot clients operating in partially
overlapping workspaces. All data were collected using the
same robot (right and left arms), with each limb maintained
under consistent conditions to eliminate external variability,
though maintenance procedures may differ between arms. The
dataset consists of 4 different motion types performed in 6
different workspaces, where torque-to-joint position/velocity
relationships were recorded at 500 Hz, resulting in approx-
imately 1.8 million samples (80% for training and 20% for
testing) for each limb.

To record our dataset, we have used the Baxter® cobot,
which has two arms. Each arm has seven degrees of freedom
and SEAs. This means that there is a spring between the motor
gear and the actuator output. There is also a passive spring in
one of the joints, which further increases the complexity of
the robotic arm dynamics.

Each explored workspace (IW,) is a subset of the robot com-
plete reachable workspace (Wr) (W, C Wry). Specifically,
each W, is defined as a sphere with a radius r,, = 0.18 m and
a center C,. To simplify the definition of the subspaces, we use
spherical coordinates with the origin aligned with the origin
of the Cartesian coordinate system from the robot arm base.
Therefore, the coordinates of the center C, in the spherical
system are (r.,0,®)s. Here, the value of r. establishes the
radial distance of the center C, from the robot base origin. The
angles 6 and ¢ determine the angular position of the center
C. in 3D space. A change in 6 (azimuthal angle) horizontally
displaces the W, subspace around the robot base Z-axis,
varying its position in the XY-plane. Meanwhile, a change
in ¢ (elevation angle) adjusts the height of the W, subspace
relative to the XY-plane, moving it vertically. This spherical
definition of the subspace allows for flexible specification of
regions for robot operation.

The specific explored subspaces were defined by the fol-
lowing parameters for the center of each sphere:

VW, :ir. = 0.535 m
AN

{(0,¢)} = {(-15°,105°), (15°,70°), (15°, 140°),

(60°,70°), (60°,140°), (90°,105°)}

Each workspace includes two trajectories for training and
two trajectories for testing. All trajectories are defined with a
frame whose origin coincides with the center of the explored
workspace W,

o Training data:

— Random — A motion type that generates random
movements within the workspace W,., shown in
in Figure 2. This type of motion has a

richness in velocity and acceleration variations.
— Spiral — A motion type that follows a sphere-like
movement, shown in green in Figure 2. It features
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smooth transitions and predictable patterns, defined
by the following parametric equations:

¢s = 87Tfst
0, = 1.67t

rs = 1Ty — 0.08 fst

with fy = [2.5%1072,3.3% 1072,5 % 107 2]
o Test data:

— Squared — A motion type that follows a square-
like movement, shown in vermillion in Figure 2. It
consists of continuous movements along the edges
with abrupt velocity and acceleration changes at
vertices. Each side of the square had a length of
0.2 m and the average speed to traverse each side
was 0.27 m/s.

— Circle — A motion type that follows a circular
movement, shown in in Figure 2. Similarly to
the spiral trajectory, it features smooth transitions
and predictable movement patterns, defined in Carte-
sian coordinates as:

T = Ty sin(7t)
Y = Ty cos(mt)

Z = Cer = Ty COS(¢))

For each recorded trajectory, the corresponding joint co-
ordinates were computed using the robot inverse kinematics.
A controller was tuned to ensure accurate tracking of these
trajectories. During the data acquisition process, we record
joint positions, velocities, and the commanded torque values.
We downsampled these data recordings from 500 Hz to 100 Hz
to provide our IDM with real-time capabilities. Each sample
consists of 21 numerical values: 7 angular positions, 7 angular
velocities, and 7 applied torques.

For each spiral and random trajectory, a randomly selected
segment equivalent to 20% of the total data points was
designated for validation. The remaining 80% of the trajectory
was used for training. Temporal windows with a duration of
250 ms were employed for data processing. A data sample
S; is defined as [z;_7/2, Ti—7/24kAtL,- - > TitT/2], Where
k= 0,1,...,|T/At], At is the sampling interval, and T
is the window duration. The feature vector for each sample
comprises the joint positions and velocities within the window,
and the target output is the vector of commanded torques at
the center of the temporal window. This dataset can be found
at https://doi.org/10.5281/zenodo.17035193.

B. Performance Metrics

We use the mean absolute error (MAE) metric in our
experiments. The MAE is computed as the average of the
absolute difference between the actual and predicted torque
values at each joint, as shown in (5), where N denotes the
number of evaluated time instants.

T
1 i
MAE; = 53 |75 = 71l 5)
t=1

2

We also used the coefficient of determination, <, which is

defined as
T J .
B P Zj:l(Tt’j - Tt,j)2
T T _
p Zj:1(7t,j —7)?

1 T J
Ty DD T

t=1 j=1

r2=1 (6)

where

r? is a single value € [0,1], where 1 means that model

predictions are perfectly aligned with the ground truth. It is
used to evaluate and compare the overall performance of a
certain model.

V. EXPERIMENTAL EVALUATION

In this section, we present the process of modeling an IDM
for a Baxter® robotic arm, our robotic platform demonstrator.
We begin by exploring the applicability of our method in
industrial scenarios where robots are specialized in particu-
lar tasks. These experiments are designed to showcase the
potential of FL, and our aggregation strategy in particular,
in such contexts. In the spatial-aware experiments V-B, we
begin by explaining how we use our dataset, followed by an
explanation of our experiments and their results, highlighting
the importance of FL in this context. We continue by intro-
ducing our aggregation method and demonstrate its robustness.
We compare our proposed method against two FL strategies:
FedAvg, a general-purpose aggregation baseline method, and
FedProx (with . = 0.25 the value that yielded the best results
in our tests), which is designed to address data heterogeneity
in non-IID scenarios. Additionally, we include centralized
learning results as baseline references. These results are not
intended for direct comparison with FL. methods, but rather
to provide context on the maximum achievable performance
under full data sharing, an assumption often unrealistic in
practical robotic applications. In order to simulate a more
realistic scenario with a larger number of clients, we divided
the training trajectories where § = 70. Each random trajectory
was split into two segments, and each spiral trajectory into
three. These segments are treated as independent trajectories
and replace the original full-length ones. Finally, we validate
the robustness of our approach through additional experiments
simulating real-world deployment challenges. These include
using the Baxter’s right limb, changing the client pool size
and online learning. All results are the mean MAE over 30
runs of each experiment. The code used for these experiments
can be found at https://github.com/GabriJP/ifl_baxter.git. All
data about our experiments can be found on W&B at https:
/lapi.wandb.ai/links/gabijp/1sjqlv12.

A. FL for Robotic Tasks

In realistic scenarios, robots are often specialized in specific
tasks. To address this, we conducted two experiments compar-
ing our method to centralized learning in previously unseen
task scenarios. These scenarios were inspired by [26].

In the first scenario, a robot trained to perform circular
welding motions is evaluated on square welding motions.
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TABLE I: MAE results of our proposal in different challenging

tasks
Challenging tasks | Centralized FL
Square welding 0.983 0.424
Spot welding 0.381 0.31

In the second, a robot trained on continuous circular and
square welding motions is evaluated on spot welding. For the
centralized baseline solution, we trained an IDM using circular
trajectories and then evaluated it on square trajectories for the
first scenario. For the second scenario, we trained our IDM
using both circular and square trajectories while evaluating
on random trajectories. In the FL setup, clients receive the
aggregated knowledge gathered by other clients using different
trajectories. Test data is shared across both versions. We do not
segment the data by workspace in these experiments; all mo-
tion types are used across all available workspaces. The results
are reported in Table I. Our method consistently outperforms
the centralized baseline in these challenging generalization
tasks, despite not using workspace-based partitioning.

B. Spatial-Aware Experiments

As a step further, our research focuses on the observation
that IDMs trained on data from a specific subregion of the
workspace do not generalize well outside that region and may
even produce physically inconsistent predictions [30].

First, we divide our data into a training split, i.e., including
training and validation sets, and a test split. The trajectory
motions used in training (spiral and random) differ from those
used in testing (square and circle). The test split is replicated
across all cobot clients and is used consistently in all our
experiments. In centralized learning, all trajectories would be
stored in the same data silo, allowing the training loop to
access all training data. In contrast, in the federated setup,
each cobot client trains exclusively on a single trajectory from
a single workspace. Since the test split is replicated across
clients, the server requests the test results solely from a single
client. For each experiment, we extract a validation set (20%)
from the training split.

Regarding the data, in the all condition, we use training data
from all workspaces but only test data from the workspace with
0@ = 70. This experiment represents ideal conditions where
the data are representative of the environment (the training
split includes trajectories from the workspace with § = 70).
To summarize, the cobot client pool used in this experiment
contains 18 clients (4 full-length and 4 segmented random
trajectories; 4 full-length and 6 segmented spiral trajectories).
Every round, 4 randomly sampled clients are selected for
training.

However, in real-world conditions, cobot dynamics is heav-
ily influenced by the environment. This means that a robot
client is likely to encounter unfamiliar environmental condi-
tions. Furthermore, accessing the necessary data in this envi-
ronment is challenging due to intellectual property protections,
as it could reveal underlying production processes. This is
another key reason for the use of federated learning.

To demonstrate the benefit of the federated setup, we
performed two additional experiments, namely, 070 and n70.
In our experiments, the test data remained consistent with
the initial case, testing with squares and circles performed
exclusively in areas where § = 70. Regarding training:

¢ In 070, we trained exclusively with data from workspaces
where 6 = 70, simulating an ideal scenario where a cobot
client is trained in a specific region and operates solely
within those boundaries. The cobot client pool contains
a total of 10 clients (4 segmented random trajectories
and 6 segmented spiral trajectories), of which 4 randomly
sampled clients are selected for training every round.

e In n70, we train with data from workspaces where
0 # 70, representing a cobot operating under entirely new
conditions. Under the assumption that data are not shared
and remain in the local original silo, this experiment
demonstrates that FL successfully generalizes. The cobot
client pool contains a total of 8 clients (4 full-length
random trajectories and 4 full-length spiral trajectories),
of which 4 randomly sampled clients are selected for
training every round.

As shown in Table II, the errors for 070 are the lowest,
representing the best-case scenario where the cobot client is
trained with data from the same workspaces as the test data.
For the FL approach (using the FedAvg aggregation method),
the error is approximately 0.06 Nm higher because learning is
performed by aggregating models from different cobot clients
that locally learn in these workspaces where § = 70. In
contrast, the centralized approach learns from a single silo
containing all the data from these workspaces.

Regarding n70, this experiment is designed to demonstrate
the contribution of federated knowledge to the learning process
in scenarios where data silos are independent and no training
data from test workspaces are available. As expected, our
experiments confirm that the premise from [30] that we use for
this experiment also applies to the FL setting. However, we can
expect the FL to learn from more spaces than the centralized
version, potentially even from the most challenging regions
for this test. In this setup, the federated approach accesses
the learned models from various workspaces (all), which
reduces the MAE by approximately 15%. This demonstrates
the effectiveness of FL in enhancing IDM performance without
the need of sharing raw data (Centralized n70 vs. FedAvg all).

Nevertheless, in the FL setup, prediction errors are nearly
twice as high as those estimated in our optimal scenario. Given
the importance of learning from diverse spaces, we propose a
new FL aggregation method that uses a simple spatial descrip-
tor, the bounding cube, which encloses the workspace area of
each trajectory. When comparing FedAvg and our proposed
method, FedCubeNQ, each FedCubeNQ training round assigns
a higher weight to the parameters of robot clients whose
workspaces have minimal overlap. This approach enhances
model generalization. We also observed that in the most
general scenario (all), our FedCubeNQ method achieves nearly
20% lower error compared to FedAvg. Although FedAvg uses
the number of samples per client to compute a weighted
average during aggregation, we obtained better results by
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TABLE II: MAE and 72 mean values over all joints and runs. The best FL values are highlighted in bold.

MAE (lower is better)
Centralized

FedCubeNQ ‘ Centralized

r2 (higher is better)

FedAvg  FedProx FedAvg FedProx FedCubeNQ
all 0.264 0.528 0.530 0.428 0.996 0.986 0.986 0.991
n70 0.628 0.780 0.839 0.765 0.979 0.966 0.963 0.970
070 0.292 0.355 0.360 0.353 0.995 0.993 0.993 0.994
1.2 1 - -

0.99 =] -_F Variant
= [ 0.98 - B T | & Centralized
§ 0.8 'i‘ i 0.97 : T B = FedAv
e T &' m L‘_r' 096 L Lf FedProx
2 06 T 0.95 B FedCubeNQ
= 04 @ &' 0.94

s £ HT=F 0.93
0.2 0.92 .
all 070 n70 all 070 n70
Experiment Experiment

Fig. 3: Box plots comparing MAE (left) and r2 (right) values between our experiments and their variants over 30 trials. Our
proposal achieves the lowest error among the FL alternatives. Centralized learning is included as a reference, representing the

lower bound for the learning process.

TABLE III: MAE results of robustness and online learning

FedCubeNQ number of clients

Online learning

9 | 18 FedAvg  FedCubeNQ

Limb  FedCubeNQ
Left 0.428 4 6
Right 0.451 0.398  0.366

disregarding this criterion and instead weighing cobot client
parameters based only on the spatial overlap of their working
areas.

To ensure statistical significance, we conduct 30 indepen-
dent runs for each experiment and its variants with all reported
values in the tables representing the average over these 30
runs. We summarized all the results in Figure 3 using the
box-and-whisker plot for every experiment and its variants,
demonstrating that, in the more realistic scenario (all), our
aggregation method achieves significantly better results. For
the sake of completeness, we show all our results for these
experiments in Table II.

Finally, we also conducted a one-way ANOVA test to
ensure that there is a statistically significant difference in the
obtained MAE. The test was conducted between the FedAvg
and FedCubeNQ aggregation methods (the two FL methods
with best results) in the experiment all, obtaining a result of
(F(1,58) = 21.198,p = 2.3 x 107°).

C. Experiments for Robustness and Deployment

We believe that the rationale for using Federated Learning
(FL) and the benefits of our proposed method have been
demonstrated in the previous subsection. Nevertheless, further
experimentation in more challenging environments is neces-
sary to fully validate the robustness of our approach.

1) Cross-Platform Evaluation: All data used in this study
were initially collected from the left arm of the Baxter robotic
platform. To evaluate the generalizability of our method across
platforms, we repeated data collection using its right arm.
As discussed in Section I, using the right instead of the
left arm effectively results in a different robotic platform

0.454 | 0.428

0.526 0.422

due to differences in calibration, hardware aging, or mirrored
kinematic structure that affect the resulting dynamics. As
shown in Table III (left), our method maintains consistent
performance for both arms, further supporting its robustness.
In this case, we have not segmented any trajectory.

2) Scalability Test: To evaluate the scalability of our
method across different client pool sizes, we conducted a
dedicated experiment. Specifically, we replicated the all ex-
periment while varying the client pool size to values of
4,6, 9 respectively. Due to the smaller pool sizes available, we
selected only 3 clients to participate in each training round.
In Table III, (center) we present the results of this experiment
and those from the spatial experiment (with a pool size of 18
and selecting 4 clients per round) for comparison. The results
show that our FL. method maintains competitive and robust
performance across varying client availability.

3) Online Learning for Real-World Deployment: Unlike
our offline, simulated setup, real-world online learning results
in local datasets that grow over time as more data becomes
available. To evaluate the adaptability of our method in such
settings, we designed an experiment comparing our strategy to
the standard FedAvg approach. From the spatial experiment
V-B, we observed that each client was selected for training
at least 474 times. In this new experiment, we divided each
client’s dataset into 475 sequential segments. Each time a
client was selected, it trained on all previously used segments
plus one additional data segment. For example, during the first
training request, the client uses only the first segment; in the
second, it uses the first two segments, and so on. Once all
segments have been used, the entire dataset is employed in
subsequent rounds (this occurs only in the final rounds, given
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our setup and hyperparameters). Table III (right) presents the
results using this progressive data exposure. As the results
indicate, the performance remains stable, showing minimal
variability compared to the spatial experiment.

VI. CONCLUSION

The development of new machine learning methods relies
on access to sufficient high-quality data. In our case, we
emphasize the importance of covering the entire workspace
of our robot. Furthermore, sensitive data, which must be
protected due to privacy or intellectual property concerns, is
even more difficult to find freely available. This motivated the
creation of our own dataset and the adoption of FL.

FL enables training ML models without centralizing data,
preserving data ownership and industrial confidentiality. In
this work, we have shown that it is possible to train an
inverse dynamic model from independent data silos using
different trajectories from mostly non-overlapping workspaces,
with a collaborative FL setup. Our proposal, FedCubeNQ,
uses spatial descriptors, the bounding cubes that enclose the
workspace area of each trajectory, to guide the aggregation
process. This simple yet effective metadata has led to a 20%
improvement in the performance of the IDM compared to
baseline FL. methods, while protecting intellectual property.

To validate the robustness of our approach, we further
conducted three complementary experiments: a cross-platform
evaluation using the opposite arm of the robot, confirming
generalization to different hardware; a scalability test with
varying number of cobot clients, showing consistent per-
formance across settings; and an online learning scenario,
simulating real-world incremental data collection, in which
our method showed stable performance as well. These results
reinforce the feasibility of our solution for real deployment
and collaborative training in robotics.
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