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Abstract— Reinforcement learning (RL) is a promising ap-
proach for deriving control policies for complex systems. As we
show in two control problems, the derived policies from using
the Proximal Policy Optimization (PPO) and Deep Q-Network
(DQN) algorithms may lack robustness guarantees. Motivated
by these issues, we propose a new hybrid algorithm, which we
call Hysteresis-Based RL (HyRL), augmenting an existing RL
algorithm with hysteresis switching and two stages of learning.
We illustrate its properties in two examples for which PPO and
DQN fail.

I. INTRODUCTION

Reinforcement learning (RL) is an area of machine learn-
ing that focuses on how an agent (or controller) should act in
an environment to maximize a cumulative reward. Over the
years, work has been done on improving the robustness of
the policy derived from RL algorithms. In [1], an approach
is discussed to increase robustness to adversarial noise on
sensory inputs for RL-based policies. In [2], robustness of
RL policies is treated for two scenarios, namely, when an
alternative action is taken and when a perturbation is added
to the selected action. In [3], a framework is discussed to
incorporate robustness against perturbations in the transition
dynamics. In [4], the robustness of reinforcement learning
is studied with adversarially perturbed state observations.
However, for problems suffering from topological obstruc-
tions, such as the problem of stabilizing a disjoint set or
the problem of globally steering to a target with obstacle
avoidance, the policies resulting from RL methods are often
not robust to small measurement noise, as we illustrate in
this paper.

To illustrate that RL methods yield policies that are not
robust, consider the problem of steering an autonomous
vehicle to move past an obstacle so as to reach a target.
After successfully training the autonomous vehicle, a policy
is found that steers the vehicle either left or right past the
obstacle to clear it, rendering a location past the obstacle
(the target) asymptotically stable. In Figure 1, the policy
and trajectory of the autonomous vehicle are shown in the
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presence of small measurement noise. The policy is simple:
the vehicle steers left when in the green area (M0) and right
when in the blue area (M1). However, when the vehicle is
near the boundary between the two areas (M∗), the vehicle
can physically be in M0 but, due to noise in the measure-
ments of position, perceive itself to be in M1. As a result,
the vehicle turns right instead of left. Vice versa, the vehicle
can physically be in M1 but perceive itself to be in M0 and
turn left instead of right. Repetition of this occurrence causes
the vehicle to drive straight into the obstacle, as shown in
Figure 1. This behavior is unfavorable because, for a small
amount of measurement noise, the vehicle can crash into
the obstacle with such a policy, making it not robust against
small measurement noise. In fact, such unfavorable behavior
can arise under arbitrarily small measurement noise.

Motivated by this issue, we propose a new hybrid RL
algorithm, which we call Hysteresis-Based RL (HyRL). The
algorithm is designed to prevent solutions from getting stuck
around critical points in the presence of small measurement
noise. The set of points from which solutions evolve in
opposite directions is referred to as the set of critical points,
e.g., the set M∗ in Figure 1. HyRL implements a hysteresis
effect with the use of a hybrid system, see Section IV. In
Section III, we present two examples with critical points
where the resulting policies from Proximal Policy Optimiza-
tion (PPO) [5] and Deep Q-Network (DQN) [6] are not
robust to small measurement noise. The ideas in this paper
can be naturally extended for other RL methods that have
a similar policy parameterization, such as Soft Actor-Critic

Fig. 1: Trajectories of the autonomous vehicle example. The
vehicle is depicted by the gray arrow, the obstacle by the
gray block, and the target by the cross. The green and blue
arrows represent the trajectories obtained with the policy
derived from the used RL method when the vehicle is in M0

and M1, respectively. The dotted line represents the set of
critical points M∗. The red arrow depicts the trajectory of
the vehicle in the presence of small measurement noise. The
red area represents the set of points the vehicle can observe
along the trajectory due to small measurement noise.



(SAC) [7], Deep Deterministic Policy Gradient (DDPG) [8],
and both Advantage Actor-Critic (A2C) and Asynchronous
Advantage Actor-Critic (A3C) [9]. The HyRL algorithm is
employed to obtain a hybrid closed-loop system that is robust
against small measurement noise. In Section V, the two
examples from Section III are revisited to show that the
hybrid closed-loop system obtained with the HyRL algorithm
is indeed robust against small measurement noise.

II. PRELIMINARIES

In this section, the used mathematical notation, Markov
decision processes, the DQN and PPO algorithms, and hybrid
systems are introduced.

A. Notation

The following notation is used throughout the paper. The
n-dimensional Euclidean space is denoted by Rn. The real
numbers are denoted by R. The nonnegative real numbers are
denoted by R≥0, i.e., R≥0 := [0,∞). The natural numbers
including 0 are denoted by N, i.e., N := {0, 1, 2, ...}. The
open unit ball, of appropriate dimension and centered at the
origin, in the Euclidean norm is denoted by B.

B. Markov Decision Processes

In this paper, Markov decision processes (MDPs) are used
as a formalism for RL [10]. In an MDP, the learner/controller
is referred to as the agent. The agent is deployed in an
environment and interacts with it. These interactions con-
tinually occur. At each time step k, the agent receives some
representation of the state of the environment Sk ∈ S , where
S is the state space, in the form of an observation ok(Sk),
and uses it to select an action Ak ∈ A, where A is the action
space. At the next time step, the agent has transitioned into
a new state Sk+1 as a result of Ak, and perceives a reward
Rk+1 ∈ R ⊂ R, where R is the reward space and R the
Euclidean space. The goal of RL is to train an agent how
to behave so as to maximize a numerical reward quantity.
The numerical reward quantity is the expected (discounted)
return

Gk :=

∞∑
l=0

γlRk+l+1, (1)

which is the (weighted) sum of all rewards the agent ex-
periences during a training episode, where γ ∈ [0, 1] is the
discount factor. As γ approaches zero, the agent becomes
myopic and is only concerned with maximizing immediate
rewards. As γ approaches one, the agent becomes far-sighted
and takes into account the value of future rewards more
heavily.

In this paper, the example problems are formulated as
continuous-time problems with dynamics ξ̇ = f(ξ, u), re-
ward function R(ξ), and observation function o(ξ), where
ξ is the state and u the control input, both parameterized
by ordinary time t. The equivalent system in an MDP
formulation is obtained by substituting ξ for Sk, u for Ak,
R(ξ) for Rk+1(Sk+1), o(ξ) for ok(Sk), where k is the time
step associated to t. The state-transition model is given by
Sk+1 = Sk + f(Sk, Ak)∆t, where ∆t is the sampling time.

C. Reinforcement Learning Methods

In this paper, two different RL methods are used, namely,
PPO and DQN. PPO is used for the first example problem
where the action space is continuous, and DQN is used
for the second example problem where the action space is
discrete.

PPO is a policy-based method, hence the goal is to approx-
imate the stochastic policy πs(u|o(ξ)) : S × A → [0, 1]. A
stochastic policy returns the probability of selecting action u
given observation o(ξ). A control policy π∗(o(ξ)) : S → A
is derived by sampling an action u from the stochastic policy
given an observation o(ξ), that is π∗(o(ξ)) ∼ π∗(u|o(ξ)).
The stochastic policy is parameterized by a multivariate
Gaussian distribution given by

πs(u|o(ξ)) = N (µ(o(ξ)),Σ2(o(ξ))), (2)

where µ(o(ξ)) denotes the mean vector and Σ(o(ξ)) the co-
variance matrix of the multivariate Gaussian distribution N .
Neural networks are used to estimate the mean vector and
covariance matrix.

DQN is an action-value-based method, hence the goal is
to approximate the action-value function Q(o(ξ), u). The
action-value function is an estimate of the expected (dis-
counted) return when starting in state ξ, taking action u, and
following the target policy afterwards, that is, the policy used
to update the weights of the network. The function can be
seen as a measure of how beneficial it is to take an action u at
a state ξ. A control policy π∗(o(ξ)) : S → A is derived from
the action-value function by taking the action that maximizes
the action-value function (greedy action), that is

π∗(o(ξ)) = argmax
u∈A

Q(o(ξ), u). (3)

A neural network is used to estimate the action-value func-
tion.

D. Hybrid Systems

A hybrid system H = (C,F,D,G) is defined as

H :

{
ż = F (z) z ∈ C
z+ = G(z) z ∈ D

, (4)

where z ∈ Rn denotes the state variable, z+ the state
variable after a jump, F : C → Rn is a function referred
to as the flow map, C ⊂ Rn is the set of points referred to as
the flow set, G : D → Rn the jump map, and D ⊂ Rn the
jump set. When the state is in the flow set, the system evolves
continuously and is described by the differential equation
defined by the flow map. When the state is in the jump set,
the state is updated using the difference equation defined by
the jump map. In this way, with some abuse of notation,
the solution to (4) is given by a function (t, j) 7→ z(t, j)
defined on a hybrid time domain, which properly collects
values of the ordinary time variable t ∈ R≥0 and of the
discrete jump variable j ∈ N. The hybrid system H allows
for the combination of continuous-time behavior (flow) with
discrete-time behavior (jumps). For more details on hybrid
dynamical systems, see [11],[12].



III. MOTIVATION

In this section, two examples, one pertaining to robustly
stabilizing a set-point on the unit circle (continuous action
space) and another to robustly avoiding an obstacle (discrete
action space), are presented where the resulting control poli-
cies from PPO and DQN are not robust to small measurement
noise. These examples motivate the design of HyRL in
Section IV. For the unit circle example, a control policy is
derived with the use of PPO1 and for the obstacle avoidance
example DQN2 is used. We utilize the implementations
provided by the Stable Baselines3 library for the PPO and
DQN algorithms [13]. For the unit circle problem, we show
that PPO can lead the system to get stuck away from the set-
point in the presence of small measurement noise. For the
obstacle avoidance problem, we show DQN can cause the
system to crash into the obstacle in the presence of small
measurement noise.

Example 1 (Continuous action space problem). The unit
circle problem, as discussed in [14], is considered. The
objective is to robustly globally asymptotically stabilize the
set-point ξ∗ = [1 0]⊤ for the constrained system

ξ̇ = f(ξ, u) := u

[
0 −1
1 0

]
ξ ξ =

[
x
y

]
∈ S1, (5)

where u ∈ [−1, 1] is the control input, ξ the state vector,
and S1 the unit circle defined as S1 :=

{
ξ ∈ R2 | |ξ| = 1

}
.

This model describes the evolution of a point on a circle
as a function of the control input u. For this problem the
observation function o(ξ) is equal to the state ξ of the system,
namely, o(ξ) = ξ.

To globally stabilize the set-point ξ∗, a reward function is
required that has a global maximum at the set-point ξ = ξ∗.
One such reward function is given by

R(x, y) = − 1

π
| arctan2(y, x)|, (6)

where arctan2(y, x) is the four-quadrant inverse tangent of
(x, y). The angle is divided by π to normalize the reward
function such that R(x, y) ∈ [−1, 0]. The reward function
has a global minimum at ξ = [−1 0]⊤, and is symmetric
in the sense that R(x, y) = R(x,−y). Therefore, it is
expected that for a small change in ξ around the point
ξ = [−1 0]⊤, different control policies are found, e.g.,
u = 1 for y > 0, and u = −1 for y < 0. The stochastic
policy πs(u|o(ξ)) found numerically is visualized in the left
figure in Figure 2. In the left figure in Figure 2, it can be
seen that the policy, roughly speaking, pushes the system
clockwise for y > 0 and counterclockwise for y < 0. In the
right figure in Figure 2, the system is simulated for initial
conditions ξ10 = [−0.81 0.59]⊤, ξ20 = [−0.95 −0.31]⊤, and
ξ30 = [−1 0]⊤. For this simulation, a small amount of noise of
magnitude 0.1 is added to the measurement of the state ξ. In
the right figure in Figure 2, it can be seen that the solution

1Code at github.com/HybridSystemsLab/UnitCircleHyRL
2Code at github.com/HybridSystemsLab/ObstacleAvoidanceHyRL
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Fig. 2: (Left) Visualization of the found PPO policy. The
magnitude of the control input u is represented by the colors
shown in the colorbar. (Right) Simulations of the control
policy for initial conditions ξ10 , ξ20 , and ξ30 in the presence
of small measurement noise of magnitude 0.1. The red ‘◦’
represents the initial state and the red ‘×’ the state reached
after 4 seconds of simulation.

starting from ξ10 , i.e., y > 0, moves clockwise to the set-
point ξ∗ and the solution starting from ξ20 , i.e., y < 0, moves
counterclockwise to the set-point ξ∗. However, the solution
starting from ξ30 gets stuck nearby its starting point as a
result of the small measurement noise. The found policy is
not robust against small measurement noise, meaning that
for a small amount of noise the system can get stuck around
this point, as can be seen in Figure 2. The point ξc = [−1 0]⊤

is considered a critical point for this problem.

Example 2 (Discrete action space problem). An obstacle
avoidance problem, similar to the problem discussed in [15],
is considered. A vehicle has to move to a specific location,
but to do so it has to steer past an obstacle. The dynamics
of the vehicle are taken to be simple because the focus is
on the obstacle avoidance task and not on the control of
systems with complex dynamics. The dynamics of the vehicle
are given by

ξ̇ = f(u) :=

[
1
u

]
ξ =

[
x
y

]
∈ S , (7)

where u ∈ [−1, 1] is the control input, x is the horizontal
position of the vehicle, y is the vertical position of the
vehicle, and S :=

{
ξ ∈ R2 | x ∈ [0, 3], y ∈ [−1.5, 1.5]

}
.

The control input is discretized and given by u ∈
{−1,−0.5, 0, 0.5, 1}. The goal of the vehicle is to steer either
left or right past the obstacle in order to avoid it and reach
the set-point ξ∗ = [x∗ y∗]⊤ = [3 0]⊤. An overview of the
environment is shown in Figure 3. The reward function used
has a global maximum at the set-point and is symmetric
in the sense that R(x, y) = R(x,−y). The control policy
π∗(o(ξ)) found numerically is visualized in the left figure
in Figure 3. In the left figure in Figure 3, it can be seen
that the policy, roughly speaking, steers the vehicle left past
the obstacle when y > 0, and right past the obstacle when
y < 0. In the right figure in Figure 3, the system is initialized
at ξ10 = [0 0.15]⊤, ξ20 = [0 0]⊤, and ξ30 = [0 −0.15]⊤.
For this simulation, a small amount of noise of magnitude
0.1 is added to the measurement of the state y. In the right
figure in Figure 3, it can be seen that the solution starting
from y = 0.15 steers left past the obstacle, and the solution
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Fig. 3: (Left) Visualization of the found DQN policy. The
magnitude of the control input u is represented by the colors
shown in the colorbar. In red, the critical points are marked.
(Right) Simulations of the control policy for initial conditions
ξ10 , ξ20 , and ξ30 in the presence of small measurement noise
of magnitude 0.1. The obstacle is denoted by O, the initial
state by the red ‘◦’, and the terminal state by the red ‘×’.

starting from y = −0.15 steers right past the obstacle.
However, the solution starting from y = 0 crashes into the
obstacle in the presence of small measurement noise. The
found policy is hence not robust against small measurement
noise, meaning that for a small amount of noise the system
can crash into the obstacle, as can be observed in the right
figure in Figure 3. The area around the point ξc = [0.4 0]⊤

is considered a set of critical points for this problem.

IV. HYSTERESIS-BASED RL
The examples in Section III, show that the control policies

derived from PPO and DQN may not be robust against
small measurement noise. To guarantee robustness to small
measurement noise, an algorithm is proposed that uses logic
with an existing RL algorithm. We refer to it as HyRL
and the outcome is a hybrid closed-loop system that is
robust against small measurement noise. In this section, we
propose the HyRL algorithm and illustrate it in the unit circle
example.

A. Outline

To achieve robustness against measurement noise of a
given magnitude, an algorithm needs to be designed to pre-
vent solutions from getting stuck around the critical points.
The following conceptual procedure is proposed:

• The environment is split up into two overlapping sets
where the intersection is the set of critical points.

• The overlapping sets are extended by means of back-
wards propagating the system around the set of critical
points.

• The RL method of choice is used to find two new
control policies for each of the extended overlapping
sets.

• A hybrid system is build that incorporates a hysteresis
switching effect between the two newly found control
policies, thereby inducing robustness against measure-
ment noise with the given magnitude.

B. Class of systems

The focus is on systems where optimal control policies
generate trajectories evolving in opposite directions from

some region of the state space for a small change in the state.
These systems arise in the context of RL when the environ-
mental rewards are symmetric. Environmental rewards are
symmetric with respect to some hyperplane H if for states
x, χ ∈ S , where x ̸= χ and S is the set of all states in
the environment, that are positioned on opposing sides of
the hyperplane H and have equal distance to the hyperplane
H , the vector spanned from x to χ is orthogonal to the
hyperplane H and the reward function R : S → R is a non-
injective surjective function, i.e., R(x) = R(χ). Then, two
trajectories evolving in opposite directions can be found from
some region of the state space. For instance, in Example 1,
environmental rewards are symmetric with respect to the
hyperplane H := {ξ ∈ S | y = 0}. From the initial condition
ξ0 = [−1 0]⊤, two unique optimal trajectories exist, namely
a clockwise and a counterclockwise trajectory to the set-point
ξ∗. Both trajectories obtain equal rewards, however evolve
in opposite directions from the initial condition. Due to the
symmetry of the environmental rewards, trajectories evolving
in opposite directions are indeed found.

With the use of the set of critical points, the state space can
be partitioned into two halves by imposing that trajectories
do not leave the partition they start in. A set of critical points
M∗ ⊂ S exists for a closed-loop system ξ̇ = f(ξ, π(ξ))
when the following property holds:
(⋆) there exists ρ > 0 such that for each state ξ ∈ M∗

there exist initial states z0, z1 ∈ {ξ} + ρB such that
solutions ξ0, ξ1 to ξ̇ = f(ξ, π(ξ)) starting from z0, z1,
respectively, satisfy

ξ0(t) ∈ M0 and ξ1(t) ∈ M1 for all t ≥ 0, (8)

where M0 and M1 are partitions of the environment S
with properties M0∪M1 = S and M0∩M1 = M∗.

For instance, in Example 1, we have shown that the policy,
roughly speaking, steers solutions clockwise when in the top
half of the circle and counterclockwise when in the bottom
half of the circle. Hence, (⋆) holds. We denote the critical
point for which solutions evolve in opposite directions from
as ξc. For Example 1, the critical point is given by ∠ξc = π,
where ∠ξ denotes the angle of ξ in radians, as can be seen
in the left figure in Figure 2. The set of critical points is
defined as M∗ := {ξ ∈ S1 | ∠ξ = ∠ξc}. The state space is
then partitioned in two halves: the set of states where solution
travel clockwise and counterclockwise given by M0 := {ξ ∈
S1 | ∠ξ ∈ [0,∠ξc]} and M1 := {ξ ∈ S1 | ∠ξ ∈ [∠ξc, 2π)},
respectively. For Example 2, we have shown that the policy,
roughly speaking, steers solutions left past the obstacle when
y is positive and right past the obstacle when y is negative.
Due to this, it can be shown that (⋆) holds for Example 2 as
well.

C. Proposed HyRL algorithm

An overview of the steps of the design of the HyRL
algorithm is given below. For illustration purposes, the steps
are elaborated for Example 1.

Step 1) Run an RL algorithm of choice on all states ξ in
the environment S to find a control policy π∗(o(ξ)).



For Example 1, PPO is used to find a control policy; the
policy is visualized in the left figure in Figure 2.
Step 2) Determine the set of critical points M∗ present

in the control policy π∗(o(ξ)).
For the examples in this paper, an algorithm is used to
automatically find M∗. More details on this algorithm
can be found on the aforementioned GitHubs.
Step 3) Define two new sets of states M0 and M1,

where M0 ∪M1 = S and M0 ∩M1 = M∗.
For Example 1, the partitions are given by M0 := {ξ ∈
S1 | ∠ξ ∈ [0,∠ξc]} and M1 := {ξ ∈ S1 | ∠ξ ∈
[∠ξc, 2π)}.
Step 4) Define two control policies, π0(o(ξ)) and

π1(o(ξ)), in which πi(o(ξ)) := π∗(o(ξ)) for ξ ∈ Mi and
each i ∈ {0, 1}.

For Example 1, the policy π0(o(ξ)) := π∗(o(ξ)) for ξ ∈
M0 moves the system clockwise and policy π1(o(ξ)) :=
π∗(o(ξ)) for ξ ∈ M1 moves the system counterclockwise.
Step 5) For each i ∈ {0, 1}, backward propagate the

closed-loop system for a horizon T ∈ R>0 in the neigh-
borhood of the critical points by using πi(o(ξ)) for ξ ∈ Mi.
The states reached outside the domain Mi are stored in the
set Xi. The extended set is then defined as Mext

i := Mi∪Xi.
For Example 1, the two control policies render the set
M∗ stable for the backward in-time system, meaning that
during backward propagation, the system moves toward
the critical point. The backward in-time system is obtained
by switching the sign of the dynamics of the system. The
backward in-time system of (5) is ξ̇ = −f(ξ, u). A horizon
time T of 0.5 seconds is used. The resulting sets Mext

0 and
Mext

1 are given by Mext
0 := {ξ ∈ S1 | ∠ξ ∈ [0, 1.13π]}

and Mext
1 := {ξ ∈ S1 | ∠ξ ∈ [0.87π, 2π)}.

Step 6) For each i ∈ {0, 1}, run the same RL algorithm
for Mext

i to find policies π∗
i (o(ξ)) for each ξ ∈ Mext

i .
For Example 1, the PPO algorithm is run for each of the
two new environments Mext

0 and Mext
1 , to find policies

π∗
0(o(ξ)) for ξ ∈ Mext

0 and π∗
1(o(ξ)) for ξ ∈ Mext

1 .
π∗
0(o(ξ)) moves the system clockwise and π∗

1(o(ξ)) moves
the system counterclockwise.
Step 7) Build the hybrid system H = (C,F,D,G) with

state z = (ξ, q) ∈ S1 × {0, 1}, as discussed in Section II-D.
The hybrid system is given by[

ξ̇
q̇

]
= F (z) :=

[
f(ξ, π∗

q (o(ξ)))
0

]
z ∈ C, (9)

[
ξ+

q+

]
= G(z) :=

 ξ{
1 if q = 0
0 if q = 1

 z ∈ D, (10)

where C :=
⋃

q∈{0,1}

(
Mext

q × {q}
)

and D :=⋃
q∈{0,1}

(
(S \Mext

q )× {q}
)

.

For Example 1, the results of the hybrid system are
discussed in Section V.

The hybrid system H, given by (9) and (10), flows when
in the set Mext

i with the corresponding logic variable q,

and jumps when this condition no longer holds. At each
jump, the logic variable jumps from 1 to 0 or vice versa.
By construction of this hybrid system, a hysteresis effect
is implemented because the sets Mext

0 and Mext
1 overlap

over the critical points M∗. The system can no longer
switch between opposing control inputs near M∗, because
the system has to flow a certain distance away from M∗

before a jump (switch in control policy) can occur. The
minimal width of the overlapping region has to be greater
than the expected magnitude of noise on the measurement
of the system. Then, the resulting control policy is robust
against the expected measurement noise.

The computational cost of Step 6 is equal to or less than
the cost of training the original policy (Step 1) for two
reasons. Firstly, the training done in Step 6 starts with the
agent found in Step 1. The new policies can be obtained by
slight tweaks to the original agent. Secondly, the RL problem
is simplified by splitting up the environment. The agent in
Step 1 had to learn discontinuous behavior, that is, opposing
control inputs for a small change in the state. This training
is computationally challenging because the underlying pa-
rameterization is generally continuous. However, in Step 6,
two agents are used to realize the opposing control inputs.
Therefore, each agent only learns one part of the opposing
control inputs. Hence within one agent, no discontinuous
behavior has to be learned. For example, in Example 1,
one agent moves the system clockwise while the other agent
moves it counterclockwise.

V. EXAMPLES

HyRL, as introduced in Section IV-C, is applied to the
unit circle and obstacle avoidance problems in Examples 1
and 2, and the results are compared to those of PPO and
DQN to show the added value of the HyRL algorithm.

Example 3 (Continuous action space problem revisited). The
steps of HyRL for the unit circle problem are discussed in
Section IV-C. Measurement noise of magnitude ϵ = 0.1
is applied to the angle measurement of the system. The
resulting trajectories of HyRL and PPO for initial conditions
∠ξ0 ∈ {0.75π, 0.9π, π, 1.1π, 1.25π} are shown in Figure 4.
In Figure 4a, the hybrid system is initialized with q0 = 0.
In Figure 4b, the hybrid system is initialized with q0 = 1.
For these simulations, HyRL and PPO are applied in the
presence of the same measurement noise signal. In Figure 4,
it can be seen that for the initial conditions ∠ξ = π, i.e.,
ξ = [−1 0]⊤, the PPO policy gets stuck at the critical
point. However, it can be seen that for the same initial
conditions and measurement noise signals, HyRL moves
the system away from the critical point and stabilizes the
system around the set-point. Notice that the solutions for
initial conditions ∠ξ0 = 0.9π and ∠ξ0 = 1.1π move
clockwise/counterclockwise depending on the initial value of
the logic variable q. Therefore, the width of the overlapping
region is larger than 0.2π and also larger than the magnitude
of the noise on the measurement of the system, i.e., 0.2π > ϵ,
and thus the system obtained by HyRL is robust against
measurement noise of magnitude ϵ.
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Fig. 4: HyRL and PPO applied to the unit circle problem for
initial conditions ∠ξ0 ∈ {0.75π, 0.9π, π, 1.1π, 1.25π} in the
presence of measurement noise ϵ = 0.1. HyRL is shown by
the blue lines and the PPO by the red lines.
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Fig. 5: HyRL and DQN applied to the obstacle
avoidance problem for initial conditions ξ0 ∈
{[0,−0.15], [0,−0.055], [0, 0], [0, 0.055], [0, 0.15]} in
the presence of measurement noise ϵ = 0.1. HyRL is shown
by the blue lines and the DQN by the red lines. The obstacle
is denoted by O, the initial state by the red ‘◦’, and the
terminal state by the red ‘×’.

Example 4 (Discrete action space problem revisited).
Measurement noise of magnitude ϵ = 0.1 is ap-
plied to the measurement of the state y. The result-
ing trajectories of HyRL and DQN for initial conditions
ξ0 ∈ {[0,−0.15], [0,−0.055], [0, 0], [0, 0.055], [0, 0.15]} are
shown in Figure 5. In Figure 5a, the hybrid system is
initialized with q0 = 0. In Figure 5b, the hybrid system is
initialized with q0 = 1. For these simulations, HyRL and
DQN are applied in the presence of the same measurement
noise signal. In Figure 5, it can be seen that for the trajectory
near ξ = [0.4 0]⊤, the DQN policy crashes into the obstacle.
However, it can be seen that for the same initial conditions
and measurement noise signals, HyRL steers the system past
the obstacle and to the set-point. Notice that solutions for
initial conditions ξ0 = [0 −0.055]⊤ and ξ0 = [0 0.055]⊤

steer left/right past the obstacle depending on the initial
value of the logic variable q. Therefore, the width of the
overlapping region is larger or equal to 0.11 and also larger
than the magnitude of the noise on the measurement of the
system, i.e., 0.11 > ϵ, and thus the system obtained by HyRL
is robust against measurement noise of magnitude ϵ.

VI. CONCLUSION

In this paper, the problem related to critical points for RL-
based control policies is discussed. We have shown with the
use of two example control problems that the derived policies
from PPO and DQN lack robustness guarantees. Motivated
by these issues, we proposed a new algorithm, named HyRL.
HyRL gives rise to a hybrid closed-loop system that is robust
against small measurement noise. We have demonstrated
its stability and robustness properties in two examples for
which PPO and DQN fail. With HyRL, the robustness of
other existing RL methods can be improved by making them
hybrid, and this is part of future research.
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