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Traditionally, dynamic models of robots are described using systems of
differential equations derived from physical laws: Newton's second law or Lagrange's
equations. However, such models often assume the presence of precise values of
physical parameters, such as mass, moments of inertia, friction coefficients and
elasticity. In reality, these parameters: change over time (wear, heating, deformation);
depend on the external environment (humidity, temperature); may not be known
exactly at the time of development.

Even though mathematical approaches remain favored despite their complexity,
Machine learning-based methods have emerged as a powerful tool for addressing
prediction tasks [1, 2].

The approach proposed in this paper is to combine the classical numerical
solution of ODE (Ordinary Differential Equations) with machine learning methods
such as neural networks, regression, and Bayesian models. The goal is to adapt the
mathematical model of the robot to real operating conditions, improve the accuracy of
predictions, and improve control stability.



When controlling a two-link manipulator working with variable loads, the
standard dynamic model will not be able to accurately predict the behavior when the
load changes [3]. If you add a trainable neural network that adjusts the mass matrix
depending on the current state, the system will be able to: automatically adapt control,
predict behavior under an unknown load, and avoid dangerous resonance modes and
oscillations.

In classical modeling for a system with generalized coordinates

q=[0;,0,,....q,]" , the robot dynamics is described by the equation
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where L =T —V is asmooth function called a Lagrangian; T is the kinetic energy and
V is the potential energy of the system; 7 is the vector of generalized forces.
After deriving the equations, we obtain the standard form in matrix form:

M(a)4+C(a,4)q+G(q) =7, )

where M (q) is the mass matrix; C(q,q) is the matrix Corriolis function; G(q) is the

vector of gravitational forces.

The classical approach has problems [4] associated with uncertainty of
parameters, such as the mass of links can change when gripping objects; friction
depends on wear, contamination or lubrication; temperature affects the elasticity and
viscosity of components; the environment can introduce disturbances (e.g. sliding on a
wet surface).

A hybrid approach is proposed where the model is split into two parts:

q: fphys(q1q17)+ fML(q’q’T)’ (3)

where f.(0,d,7) is the physical model based on Lagrangian; fy, (q,d,7) is the ML-

compensator, the model trained on data to compensate for errors in the physical model.
The error model is trained as follows:

e(t) = Greal (t) - fphys (a(t),a(t), z(t)) . (4)

The goal is to train an ML model f,, (g,q,7) = ¢(t). Architecture of neural
networks: input - q,q, 7, output - ¢. Training is performed using data from a real robot
or simulation + noise.

Here we show Python code with PyTorch (Fig. 1) as an example of the

implementation of the ML-compensator based on a neural network that learns from
data to compensate for errors in a physical model.



Figure 1. Code of implementation of the ML-compensator.




The example is simplified for a one-dimensional system (e.g., a linear actuator),
where the input data are: position q, velocity ¢, control action 7, and the output is the

acceleration error ¢ that needs to be compensated. This code generates training data
with a known model error (e.g., friction was forgotten); trains the neural network to
predict the acceleration error based on the current state and the control signal;
implements the function f_ml(q, dq, tau), which can be used as part of a hybrid model
4= f,s(a,4,7)+ fyu (d,9,7). The code can be adapted to a more complex model.

The advantages of the proposed approach include adaptability to changing
conditions; improved trajectory prediction accuracy, and a more robust control system
under real parameter deviations. Thus, the hybrid approach, which combines physically
interpretable differential equations and machine learning techniques, allows us to build
more robust, adaptive, and accurate models for robotics. This approach opens the way
to more intelligent and autonomous control systems that can operate effectively under
uncertainty.
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