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Abstract:

The paper presents a novel combination method for integrating an LPV-based controller with
reinforcement learning. The main idea behind the combination is that the agent learns the
scheduling parameters of the LPV observer to cope with the unmodeled or uncertain dynamics
of the considered system. The RL aims to simultaneously minimize the error of the observer
and the tracking performance of the controller. In this way, the exploration of the nonlinear
system and the stability of the closed-loop system can be guaranteed. The proposed method
is validated through two vehicle-oriented control problems, namely the trajectory tracking of

ground vehicles and traction control of trains.
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1. INTRODUCTION AND MOTIVATION

Linear Parameter-Varying (LPV) control is known as
a powerful framework for dealing with nonlinear and
time-varying systems by introducing scheduling param-
eters, which reflect on the nonlinear dynamics of the
considered system. LPV synthesis techniques, including
gain-scheduling and parameter-dependent Lyapunov ap-
proaches, provide stability and performance guarantees
while maintaining the simplicity of the control design
Mohammadpour and Scherer [2012]. However, the prac-
tical application of the LPV control has some difficulties.
The main problem is the measurement of the scheduling
parameters. In many cases, the scheduling parameter is
not directly measurable thus an estimator or observer
algorithm must be applied. These algorithms may have
a significant uncertainty, which degrades the performance
level of the LPV controller.

In parallel, reinforcement learning (RL) has achieved re-
markable progress in both decision-making and control,
offering data-driven policies capable of handling high-
dimensional, nonlinear, and uncertain environments with-
out requiring system models Sutton and Barto [2015],
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Recht [2019]. RL-based control has been successfully ap-
plied to robotics, autonomous systems, and complex pro-
cess control, benefiting from policy gradient methods,
actor-critic architectures, and deep representation learning
Tang et al. [2024]. Nevertheless, RL-based controllers often
lack proven guarantees on stability and safety that are es-
sential in control engineering applications where constraint
satisfaction and robustness cannot be compromised.

These advantages and drawbacks have motivated recent
interest in hybrid solutions combining the model- and
RL-based approaches. Methods such as safe RL, learning-
based adaptive control, and RL-aided gain scheduling have
been shown to improve performance while maintaining
stability margins Timmerman et al. [2024], Yeh and Yang
[2021]. Another approach is to use the RL-agent only
for control selections, and the theoretical guarantees are
given by the classical control solutions, see in Fenyes et al.
[2025b], Fenyes et al. [2025a]. However, the integration
of RL with LPV control remains relatively unexplored.
In particular, the problem of learning the scheduling
parameter itself, instead of relying on handcrafted or
model-derived scheduling maps, has not been thoroughly
addressed.

This paper proposes a combined LPV-RL control frame-
work in which a reinforcement learning agent dynamically
computes the LPV scheduling parameter based on the esti-
mation error of the observer and performance objectives.
In this way, the LPV-based control can use an accurate
model, which can improve its performance level.
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The contributions of this work are threefold. First, a
general framework in which the RL agent serves as a
scheduling-law generator for LPV controllers, enabling
data-driven enhancement of classical gain-scheduled con-
trol, is formulated. Second, a training architecture is pro-
posed, which incorporates the output of the LPV observer
and the performance level and stability of the LPV con-
troller. Third, the proposed method is validated through
a vehicle-oriented control problems, namely: trajectory
tracking of a vehicle, and traction control of trains show-
ing improved performance and adaptability compared to
conventional scheduling strategies.

The rest of the paper consists of the following sections.
First, a short introduction is given to the applied methods,
such as the LPV framework, and the used RL algorithm see
in Section 2. Then, the scheduling approximation-oriented
training is detailed in Section 3. Vehicle-oriented appli-
cations of the proposed method are presented in Section
4. Finally, the conclusion of the paper is summarized in
Section 5.

2. APPLIED METHODS AND ALGORITHMS

In this section, the applied methods are briefly presented.
Starting with the LPV modeling approach, followed by
the LPV-based control and observer design. Then, the
approximation of the scheduling parameter based on re-
inforcement learning is detailed.

2.1 Linear Parameter Varying system

The linear parameter varying approach can handle non-
linear dynamics by using a set of linear systems. The
connection among the linear systems is described by the
scheduling parameters Toth [2010]:

[i() = Ap(t)) () + B(o(t)) u(t),
Z' {y<t> Clo(t) x(t) + Dp(t) u(t),

where z(t) € R™ is the state vector, u(t) € R™ is the
control input, y(t) € RP is the measured output, and
p(t) € R? is the scheduling parameter vector.

The scheduling parameters are:

pt) e PC RS, p(t)eP. (2)
The scheduling parameters are assumed to be rate-limited.
The actual operating point is determined by the values of
the scheduling parameters. The system can be transformed
into an affine form:

N N
A(p)=Zui(p)Ai, B(p)=Zﬂi(p)Bi, (3)

with weights p;(p) > 0 and va:l ni(p) = 1.

In general form, the LPV system with unique scheduling
parameter for all nominal matrix values can be described
as:
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In this form, all parameters have a nominal value (a;;, b;)
and an uncertain value (A;;), which represents the un-
modeled /uncertain dynamics of the system. This general
form is used when the parameters depend on a common
scheduling structure. Note that the uncertain terms Aj;
are implicit functions of the scheduling vector p(t).

2.2 LPV control and observer design

In general, LPV control and observer design are carried out
in parallel. However, they can also be designed separately.
In this paper, the objective is to determine the values of the
scheduling parameters using a reinforcement learning (RL)
agent to identify the underlying nonlinear model. The
resulting model can then be employed with other control
techniques, such as NMPC, making it more convenient to
design the observer and controller independently.

LPYV control design

Let us consider the general LPV system presented in (1).
The goal is to find a controller that satisfies the prescribed
performances:

u(t) = K(p(t)) 2(t) (5)

such that the closed-loop system

i(t) = (A(p(t)) + B(p(t)) K (p(t))) z(t) (6)
is stable for all admissible p(t).
Using a parameter-dependent Lyapunov function
V(z,p) =z P(p)x (7)

the closed-loop stability conditions can be expressed as
LMIs. For each vertex i, one requires the existence of
matrices P; > 0 and Y; such that

AP, + B)Y; + (A;P; + B;Y;)T P,

P —vl] <0. (8

The gain-scheduled controller is computed from

N
Ki=YiPTh K(p) =3 ilp) K 9)

This guarantees stability and an H., performance level
~ for all admissible scheduling trajectories p(t), see Toth
[2010]



LPV Observer Design

The observer design is similar to the control design but
the goal is to minimize the error between the estimated
and the real states. The observer error is defined as

e(t) = a(t) - &(0),

where Z(t) denotes the estimated state vector provided by
the LPV observer.

é(t) = (A(p(t)) — L(p(1))C(p(1))) e(t).

It can be achieved by finding the optimal values for L(p)
stability of the error system can be guaranteed by finding
matrices P; > 0 and Z; satisfying, for each vertex i,

(10)

PAl +Z:,C + AP+ CZ] P
¢ ¢ P i T < 0. (11)
The observer gains are retrieved as
N
Li=P'Z, L(p)=>_ pilp) L. (12)
i=1

This yields a parameter-varying observer guaranteeing
stability and an H., performance level .

2.3 Deep Deterministic Policy Gradient (DDPG)

Deep Deterministic Policy Gradient (DDPG) is a model-
free, off-policy, actor-critic reinforcement learning algo-
rithm designed for environments with continuous ac-
tion spaces. It combines the deterministic policy gradient
framework with deep neural network function approxima-
tion Lapan [2018].

DDPG employs two neural networks: an actor and a critic
network. The actor represents a deterministic policy
a = my(s), (13)

mapping each state s to a specific action a. The critic
approximates the state-action value function

Q¢>(8, a)7 (14)
and is trained using the Bellman target
y=7r+7Q4- (s, mp-(s)), (15)

where ¢~ and 0~ denote the parameters of the target critic
and target actor networks, respectively.

DDPG uses a replay buffer containing experience tuples

(s,a,r,s’). Mini-batches sampled from this buffer reduce

correlations between successive transitions and improve

training stability. To stabilize learning, DDPG maintains

target networks for both actor and critic. These are up-

dated through soft updates:
0" 710+ (1—-1)0,

¢~ 719+ (1-7)9", (16)

with 0 <7 < 1.

The actor network is trained using the deterministic policy
gradient
VoJ(m9) = Esup [VaQy(s,a) Vomg(s)], (17)

where E;.p[] denotes the expectation over the sampled
replay buffer distribution. DDPG is therefore well suited
for continuous control tasks and offers good sample effi-
ciency due to its off-policy nature.

3. DESIGN PROCEDURE

LPV design

Reference vt t+ k) \/ ey )
trajector
I & controller

P 7 ﬂ ‘[ System \

LPV ‘ y
observer “

RL training

Fig. 1. Training of RL agent

The goal of the RL agent is to estimate the schedul-
ing parameter(s) of the LPV system while the control
system is operating. The RL agent works by comparing
the states calculated by the observer with the actual,
measured states from the system. The difference between
these states is used by the agent to improve its estimation
of the scheduling parameters. The estimated parameters
are then forwarded to the LPV controller. In this way,
the controller can use the current estimates to adjust its
actions, while the system performance is also considered.
This method allows the observer, controller, and RL agent
to work together, which improves the overall behavior and
robustness of the system while maintaining the stability
of the closed-loop system. Note that during the training
phase, the simulator provides the full vehicle states, which
are used only for reward calculation and supervision of the
RL agent. In the online implementation, only the measur-
able outputs are available; therefore, the LPV observer is
required to reconstruct the unmeasured states needed by
the controller.

The main steps of the training process are as follows:

e Determine the nominal LPV model: First, a
nominal LPV model of the system is created. This
model includes all the relevant scheduling parameters
and their ranges. The nominal model is important
because it provides a base for both the observer and
the controller design.

e Design the LPV controller: Next, the controller
is designed based on the desired performance of the
system. The controller uses the nominal LPV model
and the estimated parameters from the RL agent to
ensure the system is stable and works according to
the specifications.

e Design the observer: An observer is designed to
estimate the system states in real time. The observer
provides the RL agent with information about the
system, which is necessary for accurate parameter
estimation.
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e Select observations for the RL agent: The inputs
for the RL agent are carefully chosen. They include
the states estimated by the observer, the actual mea-
sured states of the system, and the previous values
of the scheduling parameters, p(t — 1). Including de-
layed values helps the agent understand the system
dynamics.

e Define the reward function: The reward function
guides the learning of the RL agent. A possible choice
is R = wie + wlz, where e is the state error, z is a
vector representing system performance, and wy, ws
are weights to balance the importance of state accu-
racy and performance. The reward function ensures
that the agent learns to improve both estimation and
control performance.

e Train the RL agent: Finally, the agent is trained
using different operational scenarios. These scenarios
cover a wide range of possible conditions and dis-
turbances that the system may experience. Training
in this way helps the RL agent to generalize and
provide accurate scheduling parameter estimates in
real operation.

The training scheme is illustrated in Figure 1. This figure
shows the flow of information between the observer, con-
troller, and RL agent during the training. It also highlights
how the RL agent learns from the errors and system perfor-
mance to improve the estimation of scheduling parameters
while maintaining control quality.

4. VEHICLE-ORIENTED EXAMPLE

In this section, the proposed combined learning and con-
trol design technique is validated through two vehicle-
oriented control problems: trajectory tracking and traction
control.

4.1 Trajectory tracking

The simulation environment is based on the nonlinear
bicycle model combined with the Pacejka tire model pre-
sented in Pacejka [2004]. The Pacejka parameters were se-
lected to represent a standard passenger vehicle operating
under nominal dry-road conditions. It consists of two main
equations: lateral acceleration and yaw-motion.

1 1
Uy = — (Fypcosd + Fy) — vgr + —Fypsind,
m m
/ (18)
7= T (lfFyfcosd — 1. Fy + g Fyysind),
z

where m is the mass, I, the yaw inertia, and [y, [, the
distances from the vehicle center of mass to the front and
rear axles, ¢ is the steering angle, r denotes the yaw-rate,

vy, V5 are the longitudinal and lateral velocities.

The tire slip angles can be computed as:

l
af = arctan<w> -9,

Vg

1,
Q= arctan<w> . (19)
Vg

The lateral tire forces Fyy, Fyy, are described by the Pace-
jka Magic Formula, see Pacejka [2004]:

F,(a) = Dsin(C arctan(Ba — E(Ba — arctan(Ba)))) ,
(20)

where B, C, D, and F are the stiffness, shape, peak, and
curvature parameters of the tire model.

Thus,

Fyp = Fy(ay), Fyr = Fy(ar). (21)

Polytopic state-space representation of the lateral vehicle
model

The presented vehicle model can be transformed into a
parameter-dependent state-space representation

(22)

The majority of the nonlinear dynamics of the vehicle
model comes from the tire model. The Pacejka’s tire
model can be simplified by using a non-constant cornering
stiffness

Fyp==Cs(O)ay,  Fyr==Cr(t)ar.  (23)
Furthermore, using the small angles approximation:
l
oy ~ Vy + LyT _ 5
Uy
Uy — b7
R 24
o~ 49
The polytopic state-space representation:
i = Alp)a+ Blp)u, (25)

_Cr) + (1) Gy () = LG (1)

Alp) mug(t) ~va(t) mug(t)
e -1 BOW +ECH
a L (t) a L (t)
(26)
G
B(p) = lfCT':cL(t) (27)
L.
with the scheduling vector:

p=[Cy,Cy,v] (28)

From the three scheduling parameters, the longitudinal
velocity is measurable; thus, the RL agent is only used
to estimate the cornering stiffness. The measured state for
the observer is the yaw-rate:
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c=[ 1 (29)
The model is gridded by using the following parameter
ranges: v, € [10,30](m/s), Cy € [140000, 200000](N/rad),
C, € [140000,200000](N/rad). The observer is designed
based on the presented model using Equation (11).

LPV control design

During the control design, the main goal is to guarantee
the trajectory tracking of the vehicle, which can be for-
malized as:

21 = |Yrey — y| — min!
29 = 0] = min!

These requirements can be fulfilled by choosing appropri-
ate weighing functions. As shown in Figure 2, W,y is
used to weight the reference signal, W, ; and W, are to
guarantee the predefined performances, while W, 1,W,, 2
and W, ; are used to deal with the sensor noises. The

observed
states and
references

Fig. 2. LPV control design

controller gain K(p) can be computed by solving the
presented Equation (8).

RL training

The main goal of the RL agent is to estimate the cornering
stifflness for both the observer and the controller. The
observations of the network are in Table 1.

The observations for the RL agent are listed in Table 1. It
includes the measured and estimated states with previous
values, control signal, reference signal, and the previously
estimated cornering stiffness as well.

Table 1. Components of the observation vector

Variable Symbol
Estimated lateral velocity Oy (t), Oy (t — 1)
Measured yaw-rate ror(t—1)
Steering angle 4(t),6(t—1)
Lateral acceleration ay(t)

Cp(t—1),Cr(t—1)
yref(t)zyref(t + k)’yv‘ef(t + Zk)

Est. C. stiffness (previous)
Reference signal

Finally, the reward function is defined as:
R = (’I“ - 72>2wl + (Uy - {)y)2w2 + (yref - y)2w3 (3())

Note that the measured v, is only used for training; it is
not required afterwards.

Simulation results

Finally, a simulation example is presented to show the
operation and the effectiveness of the proposed combined
control technique. In the test scenario, the nonlinear lat-
eral model is used together with Pacejka’s tire model. The
vehicle is driven along a section of the F1 Hungaroring
track, which contains several sharp bends. The longitudi-
nal velocity profile of the vehicle is depicted in Figure 3(a).
The test scenario has been conducted twice. First, using
the baseline LPV controller with no information about the
cornering stiffness. In the second run, the proposed LPV-
RL algorithm is applied with the corresponding stiffness
estimation.

The outcome of the observer can be seen in Figure 3(b)
and 4(a). In both cases (yaw-rate and lateral velocity), the
combined approach provides better results. However, it is
more significant in the case of lateral velocity, where the
peak values show more than 30% improvement. Finally,
the real and the RL-estimated tire characteristics are
shown in Figure 4(b). As can be seen, there is no significant
difference between the curves; the maximal deviation is
below 6%.

o 0 2 % 0 s & 7 8 0 10 20w

E o 0 8
Time (s)

w50
Time (s)

(a) Longitudinal velocity (b) Lateral velocity

Fig. 3. Vehicle motion states

5000
00i 003 002 o001 0 001 o002 003 004 005
o (rad)

(b) Estimated tire characteris-
tics

(a) Yaw-rate

(¢) Control input (d) Error

Fig. 4. Vehicle dynamics and control signals

4.2 Simplified railway-oriented example

As a second example, the proposed LPV-RL framework
is demonstrated through a simplified railway longitudinal
control problem. The objective is to maintain accurate
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velocity tracking under varying wheel-rail adhesion con-
ditions.

The longitudinal dynamics of the railway vehicle are
described by

mo = Fy — Fre
Ji =T — RF,,

(31)
(32)

where v denotes the longitudinal velocity, w is the wheel
angular velocity, m is the mass of the railway vehicle, J
is the rotational inertia of the wheelset, T" is the applied
traction/braking torque, R denotes the wheel radius, F,
represents the wheel-rail contact force, and Fi.s is the
summed resistance force.

The longitudinal slip ratio is computed as
Rw —v

= max (o] Rl (33)

The wheel-rail interaction is modeled using a simplified
Pacejka-type nonlinear adhesion model, see Eq. (20)

A nonlinear observer is applied to estimate the slip ratio
using the measured wheel angular velocity and longitudi-
nal acceleration signals. The RL agent utilizes the esti-
mated states to adapt the scheduling parameter online.

The observation vector of the RL agent is defined as
0 = [0(t),5(t), w(t), ax(t), vre(t), At — 1),0(t = 1),5(t —

1), w(t — 1), ag(t — 1), ver (t — 1), it — 2)]

while the reward function is formulated as

R=— (wi(v—vpef)® +wals —5)%). (34)

The RL agent is trained using the DDPG algorithm under
varying adhesion conditions.

Figure 5(b) presents the longitudinal velocity tracking per-
formance of the proposed method, while Figure 5(a) illus-
trates the estimated slip ratio. Furthermore, the evolution
of the estimated adhesion parameter is shown in Figure
5(c). The results demonstrate that the RL-enhanced LPV
controller can successfully adapt to changing wheel-rail
contact conditions while maintaining stable operation.

5. CONCLUSION

In the paper, a combined control method has been pro-
posed. The main idea was to create an RL agent that can
learn the scheduling parameter of a polytopic system by
minimizing both the observer error and the tracking error
of the controller. The proposed algorithm has been applied
to two vehicle-oriented control problems. The examples
have shown that the RL agent can learn the scheduling
parameters and, in this way, improve the overall perfor-
mance of the closed-loop system.
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