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Abstract—This paper introduces a control framework that
leverages Lagrangian neural networks (LNNs) for computed
torque control (CTC) of robotic systems with unknown dynamics.
Unlike prior LNN-based controllers that are placed outside the
feedback-linearization framework (e.g., feedforward), we embed
an LNN inverse-dynamics model within a CTC loop, thereby
shaping the closed-loop error dynamics.

This strategy, referred to as LNN-CTC, ensures a physically
consistent model and improves extrapolation, requiring neither
prior model knowledge nor extensive training data. The approach
is experimentally validated on a robotic arm with four degrees
of freedom and compared with conventional model-based CTC,
physics-informed neural network (PINN)-CTC, deep neural net-
work (DNN)-CTC, an LNN-based feedforward controller, and a
PID controller. Results demonstrate that LNN-CTC significantly
outperforms model-based baselines by up to 30 % in tracking
accuracy, achieving high performance with minimal training
data. In addition, LNN-CTC outperforms all other evaluated
baselines in both tracking accuracy and data efficiency, attaining
lower joint-space RMSE for the same training data. The findings
highlight the potential of physics-informed neural architectures
to generalize robustly across various operating conditions and
contribute to narrowing the performance gap between learned
and classical control strategies.

Index Terms—Machine Learning for Robot Control, Model
Learning for Control, Motion Control.

I. INTRODUCTION

THE ever-increasing complexity of robotic systems demands
advanced, data-efficient control methods to handle non-

linear dynamics and ensure precision in real-world appli-
cations such as healthcare, manufacturing, and autonomous
navigation [1].

Linearized feedback control transforms nonlinear robot
dynamics into linear systems, enabling systematic stability
analysis and precise trajectory tracking. This approach is
particularly advantageous in applications that demand inter-
pretability, robustness, and tunable performance. However,
its effectiveness hinges on accurate dynamics models. For
complex robots, such fidelity is often impractical, and the
necessary modeling simplifications degrade regulation and
tracking performance [2], [3]. Computed torque control (CTC)
is a standard feedback-linearization method in robotics. It
uses a robot model to cancel inertia, Coriolis/centrifugal, and
gravity terms, thereby reducing the closed-loop error dynamics
to a decoupled linear form. In response to these model-fidelity
limitations, learning-based controllers fit policies or dynamics
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Fig. 1. Schematic of the proposed LNN-CTC framework. An LNN
learns the inverse dynamics M(q), C(q, q̇), g(q) to compute torque
commands τττ , combined with PD feedback. This enables accurate
trajectory tracking (qd, q̇d, q̈d) without requiring an explicit analytic
model.

directly from data. Deep reinforcement learning (RL) often
requires tens of millions of interactions to obtain effective
locomotion policies. On hardware, this translates to extensive
data collection [4]. Beyond RL-specific data demands, noisy
supervision (e.g., imperfect rewards or demonstrations) further
hurts sample efficiency, underscoring that data quality is as
critical as data quantity [5]. More generally, deep neural
network (DNN)-based controllers tend to be black-box and
hard to interpret and often generalize poorly outside of the
training distribution. As a result, performance is typically
reliable only within the regions represented in the training
data [6], [7], [8].

Recent advances enable learning of robot dynamics with
physics-informed models such as physics-informed neural
networks (PINNs) [9], [10] and LNNs [11], [12], embedding
mechanics priors to improve data efficiency and general-
ization [9]. Their effectiveness has been shown in control,
e.g., PINNs for state prediction in model predictive control
(MPC) [9] and accurate continuum robot modeling [10], while
structured mechanical models (SMMs) and LNNs outper-
form black-box DNNs under limited data across simulated
robots [13]. LNNs are specialized PINNs tailored to sys-
tems governed by Lagrangian mechanics, enforcing physical
consistency and enabling robust extrapolation from small
datasets [11]. However, in prior work, LNN controllers are
typically placed outside the feedback-linearization framework,
used either as feedforward terms or within low-rate MPC.
While feedforward LNNs provide fast tracking, they offer
limited disturbance rejection when the state deviates from the
reference. The adaptive LNN-MPC runs at 50 Hz due to solver
latency and model-update overhead and therefore relies on a
secondary proportional derivative (PD) loop at 1 kHz for real-
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time stabilization [14]. As a result, this control strategy may
not be suitable for highly dynamic systems.

To our knowledge, this work is the first to embed an
inverse-dynamics LNN inside CTC, altering the closed-loop
dynamics rather than adding a torque bias. When accurate, the
LNN achieves decoupled linear error dynamics and improves
rejection of disturbances. This changes the error dynamics and,
therefore, the controller’s stability, both of which are deter-
mined by the LNN, in contrast to feedforward control. Because
LNNs parameterize the Lagrangian energy of a system, it is
possible to extract the exact terms required by CTC, making
them a structure-preserving model replacement (Fig. 1).

This paper introduces LNN-CTC and demonstrates its ef-
fectiveness across multiple CTC architectures by comparing it
with existing control strategies, including model-based CTC,
LNN feedforward control and a proportional integral derivative
(PID) control as a baseline. In particular, this paper proposes
incorporating the LNN inverse-dynamics model directly into
the CTC law (both full-model and feedback-linearization-only
variants), so that when the learned model is accurate, the
closed-loop reduces to decoupled linear error dynamics. With a
bounded approximation error, the loop behaves as a linear sys-
tem with an additive disturbance (standard CTC robustness).
This tight integration is fundamentally different from existing
LNN feedforward controllers, which do not alter the closed-
loop linearization. Empirically, on a 4-degrees of freedom
(DOF) arm, LNN-CTC trained with only 100 s of hardware
data reduces the root mean square (RMS) error from 2.399◦

to 1.577◦ (-34.3 %) relative to model-based CTC with identical
gains and across ten 130 s trajectories, and outperforms LNN
feedforward and pure PD. These results indicate that placing a
physics-structured learner inside the feedback-linearized loop
is both practically impactful and data-efficient.

The paper is structured as follows. In Section II, the
proposed LNN-CTC approach is presented, including the
considered class of robotic systems. The experimental setup
is introduced in Section III-A. In Section III, the results are
presented and a conclusion is drawn in Section IV.

II. METHODOLOGY

This section introduces the conventions used, preliminary
work on LNNs, and CTCs.

A. Modeling the Robot’s System Dynamics

Consider a robotic system with n-DOF. Let q ∈ Rn denote
the vector of joint positions, q̇ ∈ Rn the vector of joint
velocities, and q̈ ∈ Rn the vector of joint accelerations. The
state of the system is given by the pair (q, q̇), and the control
input is the vector of joint torques τττ ∈ Rn produced by the
actuators. The dynamic behavior of the robot is described by
the dynamic equations of motion

τττ(q, q̇, q̈) = M(q)q̈+C(q, q̇)q̇+g(q), (1)

where M(q)∈Rn×n is the mass-inertia matrix, C(q, q̇)∈Rn×n

contains the centrifugal and Coriolis forces, and g(q)∈Rn are
the gravitational forces. τττ(q, q̇, q̈) denotes the actuator torque
vector specified by the inverse dynamics for the current state

q, q̇

q̈

∇q̇∇⊤
q̇ L(θ)q̈ ∼= M̃(q;θθθ)q̈

∇q∇⊤
q̇ L(θ)q̇ ∼= C̃(q, q̇;θ)q̇

−∇qL(θ) ∼= g̃(q;θ)

τ̃ττ

L

Fig. 2. Architecture of the LNN. The LNN takes as input the
generalized coordinates q and generalized velocities q̇. These inputs
are processed by the LNN to produce a Lagrangian L, which is
differentiated to obtain the generalized forces or torques τ̃ττ (Eq. (5)).

and acceleration. M(q), C(q, q̇) and g(q) in (1) are dependent
on the robotic state configuration and need to be known or
identified for diverse model-based control approaches. For
instance, the mass matrix accounts for the inertial properties of
the robot and varies with the configuration due to the mass dis-
tribution. The centrifugal and Coriolis matrix C(q, q̇) includes
terms that arise from the robot’s motion and can significantly
affect the dynamics at higher speeds. The gravitational vector
g(q) represents the torques required to counteract gravity in
different configurations. To simplify the notation we combine
Coriolis/centrifugal and gravitational terms, and define

f(q, q̇) := C(q, q̇)q̇+g(q). (2)

B. Lagrangian Neural Networks

An LNN is a neural network designed to model physical
systems by leveraging the principles of Lagrangian mechanics
(Fig. 2). This method enables data efficiency and general-
ization beyond the training data distribution by restricting
learning to the class of systems that can be modeled by La-
grangian mechanics, thus structuring and guiding the learning
process. As a result, the obtained neural network respects the
underlying physical principles, for example, the conservation
of energy [11], [12], [15].

We define the Lagrangian

L(q, q̇)≡ T (q, q̇)−V (q, q̇), (3)

where T is the kinetic energy and V is the potential energy.
It can be shown that the robot’s inverse dynamics (Eq. 1) can
be expressed in terms of the Lagrangian L as

τττ(q, q̇, q̈) =
(

∇q̇∇
⊤
q̇ L(q, q̇)

)
q̈

+
(

∇q∇
⊤
q̇ L(q, q̇)

)
q̇−∇qL(q, q̇),

(4)

which relates changes in the system state to the control inputs
[6]. The proposed control methodology addresses the robot’s
inverse dynamics, which can be reformulated as Eq. (1).
Because M(q) and f(q, q̇) are traditionally calculated from
measured masses, lengths, and moments of inertia, we instead
express the inverse dynamics using an LNN as

τ̃ττ(q, q̇, q̈;θθθ) = M̃(q;θθθ)q̈+ f̃(q, q̇;θθθ) (5)
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(a) CTC controller based on full dynamic model
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PID
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q̈d M̃(q;θθθ)q̈

Robotic
Plant
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e τττPID τ̃ττ q, q̇
FB-L Controller

FB-L-FF Controller

(b) Linearized Feedback only CTC controller

Fig. 3. Control loops for two common CTC architectures: (a) Full
dynamic model CTC using PID control to compute desired joint
accelerations q̈d. (b) Feedback-Linearization-based CTC (FB-L),
which uses PID control to compute the required torque. The FB-
L architecture can be enhanced by incorporating a feedforward term
(FB-L-FF) based on the inertia matrix to add necessary torque for
tracking q̈d.

with ˜ denoting approximations. θθθ makes explicit that τ̃ττ de-
pends on the parameters of the LNN (see Fig. 2).

Because the LNN learns the underlying equations of motion
instead of a general state transition function, LNNs need less
data than traditional DNNs for good predictions [7], [11], [12],
[16]. To obtain the parameters θθθ of the LNN, the discrepancy
between the LNN’s predictions with respect to the true torque
is minimized:

θθθ
∗ = arg min

θθθ

L(τ̃ττ(q, q̇, q̈;θθθ),τττmeas), (6)

where L is a differentiable loss function, reflecting the mis-
match between predicted torque and the measured torque
(τττmeas) by the built-in sensors.

C. Controller

CTC is a widely used control technique for robotics and
other nonlinear systems based on feedback linearization. Using
an inverse robot model, the control task is transformed into
a linearized problem, enabling the use of linear controllers
[17], [18], [19], [20]. The fundamental concept of CTC can
be implemented through various structural configurations that
differ in their formulation and placement of model-based
components within the control loop, but all incorporate a
PID controller as an essential feedback element. The PID
component allows the system to actively respond to tracking
errors irrespective of the specific computed torque structure
employed, ensuring robustness against model inaccuracies and
external disturbances.

The PID input is the current state and the desired joint-
space trajectory (qd, q̇d, and q̈d) provided by a trajectory
planner. The controller computes the error, its derivative, and
its integral as follows

eP(t) = qd(t)−q(t),

eI(t) =
∫ t

0
eP(t)dt,

eD(t) = q̇d(t)− q̇(t).

(7)

The PID controller outputs either the feedback joint acceler-
ation q̈PID(t) or the control torque τττPID(t), depending on the
chosen controller setting, computed as

uPID(t) = KPeP(t)+KIeI(t)+KDeD(t), (8)

where uPID denotes the controller output ( uPID ≡ q̈PID or
uPID ≡ τττPID), the diagonal matrices KP,KI,KD ∈Rn×n are the
proportional, derivative, and integral gains, respectively.

1) CTC: CTC is a control approach for handling nonlinear
dynamics in robotic systems that ensures accurate trajectory
tracking by calculating the required torque to follow a desired
trajectory through model inversion. This decouples the non-
linear dynamics of the system, resulting in a linearized model
that is simpler to control. A standard feedback controller can
then efficiently regulate the decoupled joint variables, leading
to enhanced control precision [19]. In this work, two CTC
architectures are considered: full-model (control variable q̈)
and feedback-linearization CTC (control variable τττ).

2) CTC with full dynamic model: The full dynamic model
CTC consists of two components. The first component de-
termines a compensation torque τ̃ττ f for (possibly nonlinear)
effects in the system behavior, such as friction, Coriolis forces,
and gravitational effects at the current operating point. It
is solely dependent on the current state of the system (see
Fig. 3a). The second component, M̃(q;θθθ)q̈, computes the
torque required to achieve the desired joint acceleration at
the current operating point. Therefore, it allows control in
the joint space by providing the linear transformation between
joint accelerations and torques. Here, q̈ represents a sum of
the feedforward acceleration q̈ff and the feedback acceleration
q̈PID, generated by the PID controller.

3) CTC Feedback-Linearization: The Feedback-
Linearization-based CTC (FB-L) (see Fig. 3b) uses the
torque τ̃ττ f as well. In contrast to the full CTC scheme, the
architecture employs a PID torque control law

τ̃ττ(t) = τττPID(t)+ τ̃ττ f(t). (9)

For improved performance, if the dynamic model is suffi-
ciently accurate, the control law can be augmented with an
additional torque term, τ̃ττM = M̃(q;θθθ)q̈d, which compensates
for inertia during motion, resulting in a feedback-linearized
CTC with acceleration feedforward (FB-L-FF). The resulting
control law reads

τ̃ττ(t) = τττPID(t)+ τ̃ττ f(t)+ τ̃ττM(t). (10)

The proposed controller architectures can be found on GitHub
(https://github.com/ma-weiss/Lagrangian-Neural-Network
CTC).
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III. RESULTS

This section introduces experimental setups and the genera-
tion of training data. The results of the experiments are shown
and discussed.

A. Experimental Setup and Training Data

All experiments are conducted on the 4-DOF arm of
Agility Robotics’ Digit platform (Fig. 1). The robot base is
assumed to be stationary. Unless stated otherwise, the trained
parameters of the LNN remain fixed. Only the adaptation
study involves retraining. The evaluation comprises seven
experiments: (1) Model generalization, comparing predicted
torques for 250,000 out-of-distribution (OOD) states (q, q̇, q̈)
against an analytic Lagrangian model, (2) Robustness, test-
ing tracking under perturbed link parameters and uniformly
distributed external wrenches on the end effector, (3) Grav-
ity compensation, assessing static equilibrium to isolate the
potential term V , (4) Dynamic trajectory tracking, evaluating
acceleration-based LNN-CTC performance against diverse ref-
erences with OOD setpoints, (5) Control-scheme comparison,
evaluating torque-based LNN-CTC variants (FB-L, FB-L-FF)
against different benchmarks, (6) Adaptation, adding a 3.5 kg
payload (≈ arm mass 3.6 kg) and fine-tuning the LNN to
recover nominal tracking and (7) Cross-robot evaluation in
simulation, extending the controller to the UR5 and KUKA
IIWA 14 to study scalability. Training data are generated
from smooth arbitrary trajectories tracked by a PD controller,
with position setpoints sampled as q ∼U(qmin, qmax) and and
segment durations drawn from U(10s, 25s). MuJoCo is used
to generate simulated data, while analytic models and random
poses rely on Pinocchio [21]. The desired trajectories are
generated using the Python robotics toolbox [22]. Cross-source
evaluation (simulation vs. hardware) further quantifies sim-to-
real transfer and inductive bias.

For all experiments, we trained the LNNs using 10 s, 100 s,
1000 s of simulated training data (Fig. 4), as well as LNNs
trained with 10 s and 100 s of real-world training data. All data
were sampled at 500 Hz. This work uses the Mahalanobis norm
as loss function because the magnitude of the residual might
vary between different joints. The LNN is a fully connected
MLP (4 hidden layers, 64 units each) with Glorot–uniform
initialization.

On an Apple M1 Pro CPU, the LNN-CTC inference is ap-
proximately 0.2 ms (187.7 MFLOP/s at 500 Hz with 375,324
FLOPs per inference).

This work begins with open-loop adequacy and robustness
evaluations, then reports closed-loop performance. The LNN-
CTC achieves lower root mean square error (RMSE) than the
model-based CTC with identical gains.

B. Open Loop Prediction

To evaluate the generalization capabilities of the LNNs
in predicting open-loop Lagrangian dynamics, the robot La-
grangian model is used as a baseline due to its reasonably
good performance. Since the model-estimated τ̃ττ is only ap-
proximate, it serves only as a baseline to measure how close

(a) 10 s of training
data

(b) 100 s of training
data

(c) 1000 s of training
data

Fig. 4. Visualization of the trajectories over varying training data
length. (a) With 10 s of training data, the sparse trajectories show
a limited explored operational region. (b) With 100 s of training
data, the trajectories are denser, showing more complex and varied
movements with a greater explored operational region. (c) With
1000 s of training data, the behavior exhibits an extensively explored
operational region.
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Fig. 5. RMS difference between the LNN-predicted torque and the
torque estimated by the model, using 250,000 randomly sampled
combinations of q, q̇, and q̈. Since the model-estimated τ̃ττ is only
approximate, it serves only as a baseline to measure how close the
LNN’s predictions are. The LNNs trained on 1000 s simulated and
100 s hardware data most closely approximate the model. In contrast,
the LNNs trained on just 10 s of data exhibit larger offsets, with the
simulated version having a greater error. DNN and RN are trained
with 100 s hardware data. Bar color encodes the training data source
for the inverse-dynamics model.

the LNN’s predictions are. To compare the LNN with the
model, 250,000 arbitrary samples are drawn uniformly from
the hyper-rectangle [2xmin, 2xmax], where x = (q, q̇, q̈). These
OOD data exceed hardware-feasible joint states (q, q̇, q̈). The
RMS difference between the model-based Lagrangian torque
and the LNN prediction (Eq. 5) is computed for each data point
(Fig. 5). As baselines, we include a PINN [23], a DNN to learn
the full dynamics and a model-based Lagrangian with a DNN
to learn the remaining error (RN) [24]. The baselines were
trained with 100 s hardware data. The plot indicates that LNN
predictions improve as more training data is used, especially
when trained with hardware data. The lower RMS difference
for models trained on 1000 s of simulated data and 100 s of
hardware data suggests that the LNNs become more accurate
in predicting the required torque as the duration of training
increases.

In contrast, LNNs trained on limited data (10 s Sim and
10 s HW) exhibit significant RMS differences, implying re-
duced extrapolation to unseen joint-state combinations. The
model trained on 10 s of simulated data shows the highest
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TABLE I. Original simulated robot model vs modified robot model
vs. modified robot model with external wrench on the end effector
controlled by LNN based on 1000 s sim. training data. For each
control architecture 100 new models were sampled.

Original Model Modified External Wrench

CTC 0.734◦ ± 0.059◦ 1.741◦ ± 0.171◦ 1.932◦ ± 0.172◦
FB-L 1.137◦ ± 0.078◦ 2.680◦ ± 0.170◦ 2.875◦ ± 0.164◦

FB-L-FF 1.046◦ ± 0.090◦ 2.929◦ ± 0.165◦ 3.170◦ ± 0.167◦
FF [11] 1.241◦ ± 0.086◦ 3.139◦ ± 0.192◦ 3.834◦ ± 0.199◦

error, indicating that the quantity and type of training data
significantly affect the accuracy and generalization of the
LNNs. The baselines show that DNNs require more data than
LNNs to achieve similar performance. The baselines perform
significantly worse than the LNN trained on the same data.

C. Robustness evaluation

We evaluate robustness to structured uncertainty in simula-
tion by sampling 100 modified robot models from bounded,
physically motivated intervals derived from CAD tolerances
and identification residuals (link length ±10 %, masses ±15 %,
inertias ±25 %, center of mass (COM) ±15 mm, friction
±50 %). Since parameter modification of the physical robot is
not feasible, this is done in simulation. For an additional ex-
periment, we added a uniformly distributed external wrench to
the modified model (sampled as w ∽U(−20,20)6) to validate
the robustness of the control architecture. We employ Latin
Hypercube sampling to cover the space. The 95th percentile
RMSE remained <3.253◦ for all architectures. Although we
report only the LNN trained with 1000 s simulation data here,
we hypothesize similar trends for all other LNNs. This remains
to be validated. The performance of the LNN-CTC degrades
as approximation error increases. A similar effect is visible
in the sim-to-real transfer. However, LNN-CTC can handle
imperfections in the model better than an LNN used as an
FF controller (Tab. I). The performance of FB-L and FB-L-
FF indicates that imperfect M̃(q;θθθ) has a substantial impact
on the control performance. The results show that the FF
controller has more difficulties in handling disturbances.

Preliminary sensitivity analysis indicates that mass and link
length are the most influential. To reduce the performance
below that of the PD controller (3.912◦ ± 0.199◦) the mass
and the link length must be changed by ≈25 %. However, this
might be due to the low mass and therefore low torques of the
LNN and might differ for other robots. We did not evaluate
the robustness to disturbance (impulses, latency), which we
leave for future work.

D. Gravity Compensation

The third experiment is conducted to test the ability to
compensate for gravitational forces on the robot hardware.
In particular, the term g̃(q;θθθ) should counteract gravitational
forces, and we test the approximation based on different
amounts of training data. For this, the robot arm is placed
in arbitrary positions using a PD controller. These positions
should be maintained without feedback if the model is suffi-
ciently good (see Fig. 6). This is only done for LNN and the

0 2 4 6 8 10
Time [s]
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10−1

101

R
M

SE
[◦

]

Type
Training Time
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10s
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100s

HW
1000s

Fig. 6. Gravity compensation performance on hardware using differ-
ent amounts of LNN training data. Simulation (SIM) and hardware
(HW) training data are compared. While 10 s of training data is
insufficient for equilibrium, both 100 s of hardware data and 1000 s
of simulation data achieve satisfactory gravity compensation.

analytic model, since isolating the gravity term from DNNs is
not feasible without effectively implementing a CTC variant.

As a reference, the experiment is also conducted using the
original model-based controller. Using only 10 s of simulated
data to train the LNN, the controller is not able to keep the
robotic arm in equilibrium, and the arm always yields to
gravity, resulting in the arm hanging down. Only the elbow
joint maintains its position due to its low weight and high
friction. With 10 s of training data collected on real hardware,
the results are better than with simulated training data. Still,
the controller can only achieve equilibrium for the robotic arm
close to hanging down. Therefore, within 10 s the exploration
of the joint space configuration is not sufficient to extrapolate
to configurations not included in the training data. Using
100 s or more data to train the LNN results in an error <
1◦ (see Fig. 6 and Tab. II). Training data gathered on the
real hardware outperform the simulated training data due to
the implicit learning of some friction components that are
not simulated using the manufacturer’s MuJoCo model due to
fixed joint damping and friction components in the simulation.
As expected, none of the LNN-based gravity models g̃(q;θθθ)
can outperform the model-based approach, since the masses
are perfectly known in the model.

E. Reference Tracking CTC

To validate the acceleration-based CTCs’ performance on
different amounts of training data, controllers were tested on
10 arbitrary trajectories of 130 s each. The trajectories vary in
speed and amplitude to cover the robot’s operational space,
deliberately adding partially OOD conditions (higher veloci-
ties, with segment durations drawn from U(2s, 35s)), diverse
motions, and joint configurations not present in the training set.
The integral term is omitted from the PID controller, creating
a PD controller. All parameters remain fixed throughout the
experiments to ensure an unbiased comparison, with model-
based, other neural network-based CTC as the baselines. As
additional baselines a PINN, a DNN and an RN were trained
with 100 s of hardware data. The DNN-based baselines were
unstable due to poor extrapolation and to their placement
within the feedback loop.
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Fig. 7. Tracking performance of model-based CTC with LNN-CTCs
using different training data (1000 s simulated data (SIM) and 100 s
data gathered on the hardware (HW)).

The results in Table II reveal a clear hierarchy in training
data effectiveness. LNN-CTC trained on only 10 s of simulated
data failed to produce meaningful torques, resulting in poor
trajectory tracking performance. However, 10 s of hardware
training data achieved a performance approaching the model-
based baseline, highlighting the superior representational qual-
ity of the real-world data. LNN-CTC trained on 100 s of
hardware data outperformed the model-based CTC baseline.
This superior performance could be attributed to the implicit
learning of unmodeled dynamics, particularly friction and
damping terms that are challenging to model analytically but
naturally captured in hardware data. The LNN’s ability to learn
these real-world effects compensates for the limitations of the
manufacturer’s simulation model.

Fig. 7 compares the tracking performance between model-
based CTC and the best-performing LNN-CTC (1000 s simu-
lated and 100 s hardware data). For clarity, only the analytical
model is plotted as a baseline. The PINN-CTC performs only
marginally better than the model-base and remains far below
the LNN-based CTC (Table II), so including it would not
change the qualitative comparison. The LNN-based controllers
demonstrate consistently lower tracking error across the ma-
jority of the trajectory, validating their practical advantage
over traditional model-based approaches. The advantage is
most evident in high-acceleration segments, where model-
based error spikes are markedly reduced.

The results show that LNN-CTC achieve superior perfor-
mance with minimal training data requirements when us-
ing hardware data, while maintaining the interpretability and
physical consistency inherent to Lagrangian mechanics. This
combination of data efficiency and performance improvement
makes LNN-CTC particularly suitable for real-world robots
where accurate system models are difficult to obtain.

F. Reference Tracking Feedback-Linearization

To isolate the performance contributions of different con-
trol components, we compare the two torque-based LNN-
CTC architectures (FB-L and FB-L-FF) with the LNN-based
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Fig. 8. Comparing a PD controller with various LNN-based control
architectures, all trained on 100 s of hardware data and using identical
PD gains. The PD controller performs the worst, while the feed-
forward controller (FF) [11] and the feedback-linearized controller
(FB-L) show similar performance. The feedback-linearized controller
performs best with q̈d feedforward (FB-L-FF).

feedforward controller (FF) using identical control parameters.
All controllers use unified PD gains to ensure fair comparison:
proportional gain KP = 50 · I4 and derivative gain KD = 5 · I4
where I4 denotes the identity matrix of order 4. The integral
term is omitted, creating a PD controller configuration. Each
controller tracks the same trajectory set used in previous
experiments, with all LNNs trained on 10 s of hardware data.
The PD controller alone achieves a RMSE of 3.454◦, demon-
strating limited performance and highlighting the necessity of
model-based compensation for accurate trajectory tracking. As
additional baselines, we include a PINN, a DNN and an RN.

Figure 8 shows the reference trajectories and tracking
errors for the PD, FF, FB-L, and FB-L-FF controllers. PD
exhibits the largest and most variable errors, while FF and
FB-L produce similar, substantially tighter tracking. FB-L-
FF achieves the smallest and most consistent errors across
all joints. The superior performance of FB-L-FF demonstrates
that the incorporation of the learned inertia matrix M̃(q;θθθ)
for acceleration feedforward provides significant benefits. The
learned inertia model is more accurate than its model-based
counterpart, enabling a better torque computation for desired
accelerations. The DNN and the RN can track the trajectories
but are less accurate than the LNN with the same training
data. The 10 s simulation trained LNN outperforms the PD
controller in these architectures, which mainly contributed to
the poor fitted M̃(q;θθθ) not being inside the feedback loop.

The results confirm that integrating learned dynamics
into feedback-linearization and feedforward control architec-
tures significantly enhances precision and robustness com-
pared to simpler control approaches. The FB-L-FF architec-
ture effectively combines the benefits of disturbance rejec-
tion (through feedback) and accurate dynamic compensation
(through learned feedforward terms).
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TABLE II. RMSE and STD in degrees over 10 trajectories of 130 s of hardware experiments. LNN models were trained on varying amounts
of simulated (sim.) or experimental (exp.) data. RMSE is the mean across the 10×130 s trajectories. The red and green lines are barplots of
the RMSE indicating the best performing in green. As an additional baseline a PD controller alone achieved a RMSE of 3.454◦. (n.a.: not
applicable, unst.: unstable closed-loop tracking)

Gravity Comp. CTC FB-L FB-L-FF FF [11]

LNN based on sim. training data

10 s RMSE ± STD 14.676◦ ± 12.687◦ 14.362◦ ± 0.464◦ 3.238◦ ± 0.266◦ 3.525◦ ± 0.324◦ 3.552◦ ± 0.333◦

100 s RMSE ± STD 0.688◦ ± 0.595◦ 1.601◦ ± 0.330◦ 2.602◦ ± 0.203◦ 2.812◦ ± 0.186◦ 2.770◦ ± 0.208◦

1000 s RMSE ± STD 0.017◦ ± 0.01◦ 1.567◦ ± 0.379◦ 2.146◦ ± 0.190◦ 2.016◦ ± 0.365◦ 2.357◦ ± 0.195◦

LNN based on exp. training data

10 s RMSE ± STD 1.962◦ ± 1.53◦ 1.931◦ ± 0.344◦ 3.348◦ ± 0.183◦ 3.495◦ ± 0.175◦ 3.482◦ ± 0.203◦

100 s RMSE ± STD 0.011◦ ± 0.003◦ 1.577◦ ± 0.317◦ 2.076◦ ± 0.190◦ 1.831◦ ± 0.338◦ 2.085◦ ± 0.193◦

Baselines / others

Model RMSE ± STD 0.011◦ ± 0.003◦ 2.399◦ ± 0.530◦ 2.076◦ ± 0.191◦ 2.224◦ ± 0.162◦ 2.133◦ ± 0.195◦

PINN [23] RMSE ± STD n.a. 2.361◦ ± 0.214◦ 2.520◦ ± 0.668◦ 2.359◦ ± 0.214◦ 2.359◦ ± 0.214◦

DNN RMSE ± STD n.a. unst. 3.333◦ ± 0.416◦ 3.026◦ ± 0.336◦ 3.799◦ ± 0.234◦

RN [24] RMSE ± STD n.a. unst. 2.452◦ ± 0.267◦ 2.594◦ ± 0.309◦ 2.565◦ ± 0.225◦

G. Payload Adaptation
To assess adaptability, a payload of 3.5 kg, nearly equal to

the arm’s own mass 3.6 kg, is attached to the end-effector,
causing a strong change in the inertial and gravitational
dynamics of the system. The pre-trained LNN used in the pre-
vious experiments is fine-tuned on the data collected under this
new configuration. In ten trials, the controller initially failed
to produce meaningful torques and collapsed, but recovered
stable tracking within 10 s of additional data. Fig. 9 shows
one of the trials. The adapted LNN-CTC reduced the RMSE
from above 40◦ to below 5◦, restoring smooth torque profiles
without manual reparameterization. These results confirm the
capacity of the LNN for fast and data-efficient adaptation to
large structural changes, an essential property for practical
manipulation tasks.

H. Additional Robots
To examine generalization across morphologies, the

feedback-linearized LNN with feedforward compensation (FB-
L-FF) was evaluated on two additional robot platforms in sim-
ulation of increasing complexity: The 4-DOF Digit arm, the 6-
DOF UR5 and the 7-DOF KUKA IIWA 14 with models from
the MuJoCo Menagerie. As shown in Table III, all systems
achieved stable tracking with limited data, and performance
improved consistently with longer training durations. After
only 10 s of training data, the joint-space average RMSE
remained below 5◦ across all robots, demonstrating that coarse
trend tracking can be achieved with minimal data. With 1000 s
of data, the Digit arm reached 1.15◦, UR5 1.54◦, and KUKA
IIWA 14 1.73◦ mean RMSE over 10 trajectories of 130 s with
a similar magnitude of the desired joint velocities and joint
accelerations, indicating a clear scaling relationship between
model complexity, data requirements and operational space
dimensionality. These results confirm that while the LNN-
based controller generalizes across platforms, higher DOF
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Fig. 9. With a 3.5 kg payload, nearly equal to the arm’s mass, the
LNN-CTC regained nominal tracking within 10 s of additional data,
reducing the RMS joint-space error from over 40◦ to below 5◦
and demonstrating rapid, data-efficient adaptation to large dynamic
changes.

systems demand proportionally more data to achieve com-
parable accuracy, reflecting the inherent increase in dynamic
coupling and task complexity. Cross-robot results demonstrate
sim-to-sim generalization across morphologies, but sim-to-real
transfer on other platforms remains future work.

Overall, these results demonstrate that LNN-based CTC
require sufficient training data for stable performance, with
hardware-collected data consistently outperforming simulation
data of equivalent duration. The FB-L-FF architecture proved
to be most effective by combining learned dynamics compen-
sation with acceleration feedforward. For 10 s of simulated
training data, gravity compensation cannot maintain equilib-
rium and LNN-CTC tracking shows a large error (RMSE
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TABLE III. Mean joint-space RMSE ± STD of over 10×130 s trajec-
tories for the FB-L-FF controller on three robot platforms in MuJoCo
simulation. Results show that coarse trend tracking is achieved with
little data, while higher DOF systems require proportionally more
data to reach comparable accuracy.

Digit Arm (4-DOF) UR5 (6-DOF) KUKA IIWA 14 (7-DOF)

10 s 2.901◦ ± 1.309◦ 3.821◦ ± 1.671◦ 4.621◦ ± 1.972◦
100 s 2.071◦ ± 0.108◦ 2.890◦ ± 0.087◦ 3.015◦ ± 0.094◦

1000 s 1.146◦ ± 0.090◦ 1.541◦ ± 0.065◦ 1.730◦ ± 0.107◦

14.3◦) but small changes in architecture (FB-L/FB-L-FF)
achieve better performance than the PD controller (≈3.2◦ to
3.5◦ RMSE vs. 3.454◦). In the settings and platforms evalu-
ated, an interaction window of 10 s proved to be insufficient.
Achieving robustness requires interaction on the order of 100 s.

IV. CONCLUSION

This paper introduces and evaluates LNNs for linearized
feedback control, specifically focusing on CTC. By accurately
capturing real-world system behaviors from limited training
data and extrapolating to OOD regimes, LNN-CTC signifi-
cantly enhances control performance.

Experimental validation on a 4-DOF humanoid robotic arm
confirms that LNN-CTC achieves superior trajectory tracking
precision compared to conventional model-based CTC. Re-
markably, this was accomplished using only 100 s of hardware-
collected training data. By inherently compensating for un-
modeled dynamics, LNN-based controllers outperform their
model-based counterparts, demonstrating tracking accuracy
improvements exceeding 30 % in certain cases. The results
underline the potential of physics-informed neural architec-
tures to offer robust, interpretable, and highly data-efficient
control solutions. Such capabilities are particularly beneficial
in practical robotics applications, where obtaining complete
analytical system models is often infeasible due to system
complexity and cost constraints.

To our knowledge, this is the first integration of LNNs
into linearized feedback control schemes such as CTC. By
unifying physics-informed modeling and real-time feedback
control, LNN-CTC combines interpretability, robustness, and
plug-and-play scalability.

Future work will apply this strategy to more complex
systems and examine its scalability in dynamic robotic en-
vironments.
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