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minimum-energy trajectories for manipulators by learning PaR8fciency of robotic systems can significantly reduce energy

from optimal solutions. Our paradigm leverages a residual
learning approach, which embeds boundary conditions (BCs)
while focusing on learning only the adjustments needed to
steer a standard solution to an optimal one. Compared to a
computationally expensive OCP-based planner, our paradigm
achieves 87.3% of the performance near the training dataset
and 50.8% far from the dataset, while being two to three
orders-of-magnitude faster.

INTRODUCTION
The emergence of “green” policies in industry is crucial for miti-
gating climate change. In the context of robotics, enhancing the
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FIGURE 1. Schematic of the proposed residual learning paradigm.
Offline, a dataset of residuals is generated and used to train a
specifically designed probabilistic regressor that embeds the BCs.
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consumption, battery life, and operational costs [1]. This is of
particular interest in industrial robotics, as responsible consump-
tion and production is the 12th sustainable development goal.

Trajectory optimization (TO) has emerged as a cost-
effective approach for reducing energy consumption of robotic
systems, such as single-axis systems [2], quadrotors [3], and
manipulators [4]. TO is used to plan trajectories that mini-
mize total energy expenditure by solving the associated OCP.
However, closed-form solutions for OCPs are rarely available,
requiring the use of numerical routines. Consequently, these
numerical routines limit the RT deployment of TO, confin-
ing its applicability to precomputed (off-line) trajectories, thus
posing a significant limitation in adaptive scenarios.

In this article, we address this limitation by introducing a sur-
rogate model paradigm. Using precomputed optimal trajectories
as a training demonstrations, the surrogate model inherently
enables RT deployment. Instead of learning the whole solution, we
learn only the quantity (or residual) that steers a standard (or prior)
solution toward the optimal one, leveraging the idea of residual
learning, as illustrated in Figure 1. The key idea is that the solution
of the planning problem for a fixed-time point-to-point (FT-PTP)
motion is rapidly available, e.g., cubic law; what remains is the
(residual) component required for achieving optimality.

By proper regressor design, the proposed paradigm: 1)
allows the embedding of BCs as hard constraints, 2) requires
less training data, and 3) allows deciding the resolution of the
solution. Moreover, by using probabilistic regressors, the per-
formance is enhanced by selecting the solution that best satis-
fies the optimality requirements from multiple samples; the
uncertainty measure is used in an active learning (AL) data
aggregation routine. The idea is depicted in Figure 2.

In summary, this work proposes an RT capable planner for
(near) minimum-energy FT-PTP problems. This is achieved
using a residual learning paradigm that allows the embedding

of BCs as hard constraints and reduces
the number of required training data.
The proposed paradigm is tested using
two probabilistic regression frame-
works, namely neural network (NN)
ensembles and Gaussian processes.
(GPs) Thanks to its RT capability, the
proposed planner can be seamlessly

Output
d best

FIGURE 2. The proposed planner: The trained probabilistic regressor is deployed online
by summing its output with the standard planner output. Moreover, the regressor outputs
the epistemic uncertainty of the solution, that can be used as a measure of the lack of

knowledge (data).
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s_trrggg - :,((11)) -0 = Knowledge execution without additional computa-

- = - tional overhead. This approach repre-

Samples F"), ..., F® sents an example of embodied artificial

intelligence, as the learned model can
be embedded into the physical agent to
directly guide action [5].

The proposed paradigm is validat-
ed through simulated experiments on
three robotic systems, namely a pen-
dulum, a SCARA robot, and a six-axis
URS5e manipulator.
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RELATED WORKS

Two major families of numerical methods for solving OCP
can be distinguished: direct and indirect methods. The for-
mer transform an infinity-dimensional optimization problem
into a nonlinear programming (NLP) problem. Alternatively,
the latter formulate the problem as a two-point boundary
value problem (TPBVP) resulting from the Pontryagin maxi-
mum principle (PMP).

A main idea to speed up the generation process is to
avoid the numerical routines and to use surrogate models.
An early example can be seen in [6], where precomputed
solutions were deployed online for a model predictive con-
trol application. However, a clear structure for the solution
is not always available. Recently, data-driven methods have
emerged as a viable option for speeding up the TO problem
(71, (81, [91, [10], 111, [12], [13], [14], [15], [16], [17], [18],
[19], [20], [21], [22], [23], [24], [25]. The proposed regres-
sion models are trained to generate optimal trajectories, but
different input/output choices are proposed in the literature.
As such, we can identify three main categories: 1) indirect
models, 2) state feedback models, 3) parameterized solution
models. Indirect models leverage the PMP ordinary differ-
ential equations to retrieve the solution. Given the initial and
final state, the regressor predicts the initial costate and the
total time (if not provided as input). Relevant examples are
found in [9], [10], and [11] for spacecraft applications. How-
ever, to retrieve the trajectory, the TPBVP has to be solved,
resulting in possible convergence issues given the quality of
the predicted initial costate [26].

State feedback models are based on the fact that the OCP
solution is a function of the state. In [12] and [13], the state-
feedback map was learned for the optimal landing problem
using an NN, while quadcopter applications can be found in
[14] and [15]. Different recurrent models can be found in the
literature, based on long short-term memory architectures
[20] or Transformer models [23], [24], [25]. Note that, these
examples do not guarantee BC satisfaction in the hard sense,
resulting in possible unfeasible solutions.

Finally, parameterized modules output a complete sequence
of the states and/or control inputs given the initial/final state
and the total time. The resulting trajectory can also be used
as the initial guess to warm up an optimizer [16], [17]. For
reducing the dimensionality of the output, an autoencoder can
be used to learn a latent representation of the trajectory [19].
However, these approaches suffer from the fact that either the
length and/or the resolution of the trajectory has to be fixed to
perform the regression.

In light of the above, learning solutions from data is promis-
ing for RT applications but existing methods: a) do not impose
BCs as hard constraints, b) do not leverage prior knowledge,
¢) still need numerical routines, or d) have a predetermined
length/resolution for the output. The next section introduces
our proposed residual learning paradigm.

METHOD
The paradigm can be divided into the following steps:

PaR§Formulate the minimum-energy problem as an OCP and

solve it numerically to create a dataset of residuals.

b) Define a structure for the regressors that 1) embeds the
BCs for the residuals and 2) gives uncertainty information
of the output.

c¢) When a new set of problem variables is given, generate a
near-optimal solution using the selected regressor and
(eventually) evaluate the uncertainty.

d) If needed, upgrade the training set by generating new data
based on uncertainty information, i.e., AL.

OCP FORMULATION

We are interested in FT-PTP trajectories for manipulators,
as usually task time is decided externally by production
constraints. The study case can be formalized as a fixed-
time fixed-endpoint OCP. The functional that we want to
minimize is the energy expenditure, i.e., the integral over
time of the electrical power intake. We take as state the
vector of configurations and velocities x = (q, V) € R*
and as control the torque exerted by the motors
u =1 € R", where n is the number of degrees-of-freedom
of the system. Using the DC equivalent circuit model, the
absorbed electrical power is simply given by
P = Z:’ P; = Z:’ (r;u? + viui), where the first term is due
to Joule losses and the second is due to the mechanical
power. The ith control weight coefficient is given by
ri = R, /ki*, where R’ is the armature resistance and k! the
torque constant of the ith motor, respectively. With the con-
venient definitions above, it is possible to state the optimal
planning problem as follows

minimize ¢ = /0 P x (), u(r)dr (1a)
subject to: x(0) = xo, X(fr) =Xy (1b)
x =f(x(?),u(r)) (1c)

where /ris the prescribed total time, Xo= (qo, Vo) and X7 = (qy
Yf) are the BCs. Since it is a PTP motion, the velocities at the
boundaries are zero (vo= 0 and vy= 0). The problem is a non-
linear OCP, as the dynamics f is (highly) nonlinear. It can be
made explicit by splitting the position and velocity compo-
nents in the usual form

x = {9 v )
v=M (q)(u—c(q,v)—g(@—7,)

where M is the mass matrix, ¢ is the vector of centrifugal effects,

g is the gravity vector, and T, is the vector of friction torques.

REGRESSOR DESIGN
The explicit solution of the OCP can be seen as a map from
the inputs of the problem, i.e., the time ¢ and the trajectory
parameters X to the trajectory x(¢). In particular, ¢ € [0, #/]
and X = (t1,qo0,9qy)-

In this work, we parameterize the solution of the OCP in
the explicit manner where we focus solely on predicting the
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position over time, q(?), i.e.,

q( =gt X). 3)

This choice alleviates the curse of output dimensionality of
the regressor; nevertheless, the velocity can still be retrieved
numerically or analytically from the position.

Using a dataset of optimal trajectories, one can learn an
approximation g for the mapping g. However, this “naive”
approach has the following problems!:

1) The trajectories must be learned from scratch.
2) There are no guarantees of BCs satisfaction.
3) It requires a high amount of data.

The above problems can be addressed using the residual
learning paradigm presented in this article. A schematic of the
paradigm is depicted in Figure 1.

RESIDUAL LEARNING OF EXPLICIT SOLUTIONS

The key idea is that we know how to plan an FT-PTP trajectory,
but we do not know how to plan it optimally. Therefore, we want
to learn only the residual component that steers our standard
(prior) solution toward the optimal one. This reduces the burden
of the regressor by learning only a part of the solution. Mathe-
matically, let us define the prior as p(¢) and the residual as r(f)

q@=p@O+r@®) )

where the prior p(f) can be any continuous function that satis-
fies the BCs in (1b), for instance a proper cubic polynomial.

BOUNDARY CONDITIONS SATISFACTION
Since the prior satisfies the BCs, the residual must have zero
values at the boundaries, i.e.,

r(0)=r(y)=r0)=r(y)=0. ®)

At this point, even if the values at the boundaries are the
same, their position depends on the value of 7. For overcom-
ing this issue, we can define the normalized time & as the
ratio between the physical time ¢ and the total time 77 such
that the boundaries are at £ =0 and £ = 1. The mapping r()
can be approximated using a regressor r(¢,X) that, accord-
ing to (5), must satisty the following:

FIFO) =)= 0)=1)=0 (6)

where O’ denotes the partial derivative with respect to £.
The second argument has been omitted for brevity. Depend-
ing on the type of nonlinear regressor chosen, different tech-
niques can be applied to satisfy (6). In the following, NNs
and GPs are considered, as they are two of the most estab-
lished nonlinear regressors.

To enforce property (6) using an NN, it is sufficient to mul-
tiply the output of the NN element-wise by a “scaling term” s,

! An ablation study to demonstrate the statement is reported in the “Ablation Study” section.

PaRE%hown in Figure 3. One possible choice for s is

s =¢£01-¢7 (7
and calling o the output of the NN, then the regressor

F(.X) =55 00, X) @®)

satisfies (6). The symbol O is used for element-wise multipli-
cation.

Recalling the objectives outlined at the beginning of the
“Methods” section, at this stage we lack uncertainty informa-
tion for the output. This issue can be addressed by using an
ensemble of NNs, providing two main benefits: 1) estimation
of the epistemic uncertainty using the standard deviation of
outputs, and 2) selection of the best solution (in energy sense)
among the set of predictions. The ensemble approach intro-
duces only a minor computational cost, as it can be easily par-
allelized.

Another common nonlinear regression model is given by
GPs. Similar to NNs, GPs do not satisfy property (6) out-of-
the-box. However, although the process is less straightfor-
ward, one can modify the GP kernel to enforce it. To do so, we
propose taking a general-purpose kernel k,(-,), such as a radial
basis function, and multiplying it by two “scaling” functions
s(-) that depends only on the normalized time £. This custom
kernel is defined as

k(&1,62) = 5(§1)kg(£1,62)5(&2) &)

with s(£) being the scaling function introduced in (7). Here,
&1 and &, are the normalized time points at which the func-
tion is evaluated. It is easy to prove that the kernel (9) satis-
fies (6). Although the kernel degenerates at the boundaries,
this does not cause numerical issues in practice because: 1)
during training the noise measurement stabilizes the Cho-
lesky decomposition, 2) the mean prediction does not require
any matrix inversion, and 3) the jitter term included by
default in GPyTorch stabilizes the Cholesky decomposition
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FIGURE 3. Proposed NN scheme. The scaling function is applied
element-wise.

Authorized licensed use limited to: POLO BIBLIOTECARIO DI INGEGNERIA. Downloaded on March 03,2026 at 08:37:05 EFTROBOHGE BeANFRIAATIRNIMGAHYEppR.




This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

|IEEE Robotics & Automation Magazine (RAM) paper, presented at ICRA 2026, Vienna, Austria. Cite as RAM

during sampling. This jitter introduces a negligible violation PaR%fe dynamics of the pendulum system was modeled using

at the boundaries, which is well below the resolution of stan-
dard robotic systems. Unlike NNs, where an ensemble was
needed to estimate uncertainty, this regressor inherently pro-
vides epistemic uncertainty information. Additionally, multi-
ple solutions are sampled from the distribution, and again the
one with the lowest energy consumption is selected.

ACTIVE LEARNING

Our paradigm reduces data quantity by enforcing structure
through the prior. However, solution quality may vary across
the input space due to limited data, as data generation is cost-
ly. However, we can query the optimal planner as needed to
update the dataset. We propose employing an AL strategy
based on the idea that the further the input is from the exist-
ing dataset, the higher the uncertainty in the output. As a
result, the epistemic uncertainty of the output serves as a
measure of the quality of the solution, allowing us to generate
new data where the uncertainty is higher. The idea is depict-
ed in Figure 4.

The uncertainty is retrieved out-of-the-box for the GP,
while for the ensemble of NN, the variance of the outputs is
used as uncertainty. The way new data are incorporated dif-
fers significantly between the types of regressors used. GPs
can easily incorporate new data by adding the new data to the
inducing points. On the other hand, NNs do not possess the
same flexibility when it comes to incorporating new informa-
tion. In this work, we employed fine-tuning, by training the
model for additional epochs while enriching the original train-
ing batches with the new data. Clearly, the AL process cannot
be performed online, as the generation of data are costly.

RESULTS

DATASETS

The models designed in the “Methods” section were com-
pared across three different mechanical systems, namely an
actuated pendulum, a SCARA robot, and a six-axis manipu-
lator. The datasets of residuals were generated using the
Rockit [27] OC framework and the IPOPT [28] NLP solver.

Oracle

*\\'W')

[ Max Uncertainties |— —/\—
7/, [\N

Qrew = (a4, - - -

» )

Standard Planner

FIGURE 4. AL approach: The uncertainty of the solution is used to
generate new data.

Casadi [29], while the Pinocchio library [30] was employed
for the robotic manipulators. The standard (or prior) planner
was chosen as a cubic polynomial law for its simplicity.

The SCARA dataset was constructed by noting the sys-
tem’s symmetry with respect to the first initial joint, which
made it possible to reduce the dataset dimension.

Finally, a dataset of a six-axis manipulator was construct-
ed. The universal robot URS5e was chosen, as its dynamical
parameters are well studied in the literature and its model can
be trusted in simulation. The latter model is of particular inter-
est as its model is representative of an industrial robot and the
large number of states make the minimum-energy problem
numerically intensive. In this case, we stressed the proposed
paradigm while leveraging prior knowledge of the workspace.
In particular, no simplification was made for the first joint
symmetry. At the same time, the initial and final configura-
tions were chosen by discretizing the workspace in a grid and
then retrieving the joint values by means of inverse kinematics.
The orientation of the initial and final pose was chosen equal
in all of the trajectories as well as the configuration along the
trajectory.? The details on the number of trajectories, data, and
sampling frequency are summarized in Table 1. We will refer
to these data as the inside dataset, while data outside these
boundaries will be referred to as the outside dataset.

The dynamic parameters of the first two systems are in
the supplementary information (supplementary downloadable
material available at https://doi.org/10.1109/MRA.2025.

2The inverse kinematics generally has eight solutions for the URSe away from
singularities. We use the same righty-below-noflip.

TABLE 1. Details of the training datasets’ construction.

PENDULUM SCARA URS5e
No. data 808 43,344 33,658
No. trajectories 8 144 231
Sampling frequency 100 100 50
(H2)
Ranges t7(s) [1.0,1.5] [2.5,3.5] [2.5,3.0]
No. samples ¢ 2 3 2
Ranges q; (rad or m) [-71/4, /4] [0, O] [0.3,0.5]
[0,(8/4)z] [0.0,-0.5]
[0.0, 0.5]
No. samples q; 4 1x4 3x3x3
Ranges qy(rad or m) [-m/4, m/4] [0, ] [0.3,0.5]
[0,(8/4)z] [0.0,0.5]
[0.0, 0.5]
No. samples qf 4 4x4 3x3x%x3
Additional [gr1>1qi| Qr2 > Qiz Yi| Axi1>0.1
requirement
|Aq|> /16 2f—2i>0

For the URb5e, the q; quantities are defined as (x, y, z) (with abuse of
notation) positions of the end effector.
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3642672, provided by the authors). For the six-axis robot, pa

the dynamical parameters were taken from the company’s
official Unified Robot Description Format, while the friction
parameters were taken from [31].

REGRESSORS SETTINGS

The hyperparameters for the three test cases are summarized in
Table 2 for the NNG; in all cases, AdamW was used as optimizer
[32] and the activation functions are tanh. The ensemble has six
models for the URS5e case and 10 for the other two. For the GPs,
we used a stochastic variational GP due to the large amount of
data; the Adam optimizer was used with a learning rate of 10~
for 100 epochs, and 100 inducing points were selected. The
number of samples was 100 for the pendulum and 10 for the
other two cases. During training, we split the data into 80% for
training and 20% for testing. Timing results are obtained using a
laptop equipped with an AMD R9 8945HS CPU, 32 GB of
RAM, and an NVIDIA RTX 4060 GPU. The NNs are devel-
oped using PyTorch [33], while the GPs were implemented using
GPyTorch [34].

DISCUSSION

ABLATION STUDY

First of all, to evaluate the superiority of the residual learning
paradigm, an ablation study was performed. This study aims
to demonstrate that a standard GP or NN generate unfeasible
results. Specifically, Figure 5(a) illustrates a trajectory exam-
ple trained with a vanilla NN and a vanilla GP, showing
boundary violations on training data. Statistical evidence is
provided in Figure 5(b), where the two models were evaluat-
ed across the entire dataset. On average, the violations inside
the dataset, considering only the position, amount to about
0.2 rad for the NN and 0.3 rad for the GP, suggesting a lack of
feasibility.

SAMPLING EFFECT

The energy savings for all considered systems (the pendulum,
SCARA, and URS5e) compared to the standard solutions are
shown in Figures 6 and 7. The figures present both the best
samples from the NN ensembles and GP sampling, as well as
the corresponding mean results, unn and ugp. Notably, the vio-
lin plots illustrate that picking the best sample tends to shift the
distribution of energy savings toward higher values, highlight-
ing the superiority of the sampling feature of probabilistic
regressors. A quantitative summary is provided in Table 3.

ENERGY SAVING CAPABILITIES

Remarkably, both the NN- and GP-based models enable ener-
gy savings inside and outside of the dataset. A comparison
across the robot test cases is depicted in Figure 7, alongside
the results for the pendulum in Figure 6. A summary table is
provided in Table 3. Overall, the NN-based model performs
slightly better than the GP-based model. Further discussion
on the comparison of the two models is provided in the
“Active Learning” section that follows.

TABLE 2. Common hyperparameters of the NNs.

TESTCASE LR WD #HLs HL WIDTH
Pendulum 103 102 2 50
SCARA 103 103 2 50
URS5e 103 10" 2 100

LR: learning rate; WD: weight decay.; HL: hidden layer.
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FIGURE 5. (a) Example trajectories of the NN and GP vanilla
models and (b) bar plot of violations of the boundaries inside
and outside the dataset for the NN and GP vanilla models. The
violations of the BCs are evident.
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FIGURE 6. Inside and outside savings with respect to the
standard solution for the pendulum. The right side of the violin
plot represents the output mean of the regressors, showing the
advantage of sampling.
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FIGURE 7. Energy savings with respect to the standard solution
for the manipulators. Brighter-colored violins indicate the savings
of the models’ mean predictions, while darker violins represent
the best individual samples. Overall, sampling achieves superior
energy savings.

RT CAPABILITY

As explained in the Introduction, the main challenge
addressed in this work is generating the solution in RT, as
standard optimal control frameworks do not meet this
requirement. The times required to compute the solution are
reported in Figure 8, where the RT limit is set as a 10th of the
average task time 7z Notably, both models guarantee RT
capabilities for the UR5e case.

Notably, the convergence time for the OCP is one to three
orders-of-magnitude greater than the RT limit. Relevant lit-
erature [15], [17], [25] shows that warm-start techniques can
accelerate convergence by up to one order-of-magnitude (at
best) excluding the inference time required to compute the
warm-start guess. It is also worth noting that warm-start mod-
els with dimensionality comparable to the proposed ones may
not leave sufficient time for the optimization routine to even

TABLE 3. Percentual savings or performance with respect to

the standard solution for the pendulum, SCARA, and UR5e
robots.

SYSTEM DATASET OCP NN UMNN  GP HUGP
Pendulum Inside 285 258 252 218 185
Pendulum Outside 31.6 6.8 5.0 2.8 0.4
SCARA Inside 761 756 756 671 6.6
SCARA Outside 8.09 6.69 6.26 591 551
UR5e Inside 995 952 934 869 8.54
URb5e Outside 14.25 10.51 9.37 6.36 3.64

PaRREin. Therefore, although warm-starting can improve solver
performance, it is not suitable in this case, as the time require-
ment is too tight even for inference.

ACTIVE LEARNING

As discussed in the “Energy Saving Capabilities” section,
the NN-based model slightly outperforms the GP-based
one. The main difference between the two models, as intro-
duced in the “Active Learning” section of the “Methods,” is
in the way they can incorporate new data. For this reason,
the four cases with the higher uncertainty of the outside
dataset were used to update the models, for the pendulum
system. The savings before and after the AL phase are
reported in Table 4.

Notably, the GP can incorporate data more efficiently, and
is much easier since the ensemble of NNs requires additional
training for each model. In particular, 200 more epochs with a
learning rate of 104 were performed for each model. On the
other hand, before AL, the NN-based model performs better.
This suggests that depending on the deployment phase, one
can choose one over the other.

EXAMPLES

Simulated examples are provided to illustrate differences
between the two regressors. In addition to the regressor solu-
tions, the prior (Cubic) and the OCP solution are shown.

102 System
[ Pendulum
102 I SCARA
I UR5e
10°
I 'm

Time to Compute (s)
2 3
G L

-
S
w

1074

Standard OCP NN GP

FIGURE 8. Computation times for each model in seconds. The
piecewise constant red line represents the RT limit, defined as

one-tenth of the total task time, tr. The y scale is logarithmic.

TABLE 4. Savings with respect to the standard solution
hefore and after the AL phase.

CASE  PRE-AL (%) POST-AL(%)  OCP REFERENCE (%)
GP 2.98 50.93 53.84
NN 17.63 49.65 55.46
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Within the dataset, the regressors closely follow the OCP Pa8R&ults are reported for each testcase, both inside and outside

solution, while outside the dataset, greater variability is  the dataset, and for each model: in Figure 9 for the pendulum
observed, with the GP solution tending toward the prior. The  and in Figure 10 for the SCARA and URS5e robots.

Inside Dataset Outside Dataset

Position (rad)

T
0 0.2 0.4 0.6 0.8 1 1.2 0 0.5 1 1.5 2
Time (s)

Time (s)

FIGURE 9. Comparison of example trajectories for the pendulum, both within and outside the dataset. Inside the dataset, the regressor

accurately captures the solution, while outside the dataset, the complexity of the solution is less represented. Notably, the GP solution
tends to align with the prior.

Cubic OCP NN GP

—

4‘3.J5“\\J6f’

y (m) X (m)

FIGURE 10. Comparison of example trajectories for the robotic manipulators. The grey dashed boxes indicate regions outside the dataset.

Authorized licensed use limited to: POLO BIBLIOTECARIO DI INGEGNERIA. Downloaded on March 03,2026 at 08:37:05 EFTROBOH GEEeANERVET RUMAGAHNBppS.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

|IEEE Robotics & Automation Magazine (RAM) paper, presented at ICRA 2026, Vienna, Austria. Cite as RAM

CONCLUSIONS

In this article, by focusing only in the residual between an opti-
mal planner solution and a given standard planner, the objec-
tive of learning optimal solutions has been achieved. Through
numerical simulation, the advantage of the proposed paradigm
has been shown to be twofold: it is possible to embed BCs
while also reducing the amount of needed training data.

By using variational regressors, it is possible to select the
best output from the samples and using uncertainty informa-
tion to upgrade the training dataset. Between the two regressor
frameworks used, GPs turned out to be more flexible in incor-
porating new data during the AL phase, while the ensemble of
NNs demonstrated better results before adding new evidence.

Future work will consider the inclusion of other types of
constraints, such as torque or speed limits, to make the para-
digm applicable in more demanding situations.
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