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Abstract. The optimization of complex cyber-physical systems is a cru-
cial task for their correct functioning, usability, and commercial viability.
Due to their complexity, scale and resource intensiveness, conventional
manual optimization is infeasible in many instances. We investigate the
combination of the Digital Twin paradigm and Reinforcement Learn-
ing framework to address the long response times, limited availability of
data, and the intractability of such systems. Here, the Digital Twin func-
tions as the training environment in different development phases of the
optimization. In this position paper we showcase our ongoing research
on developing a reference architecture of a Digital Twin-Artificial Intel-
ligence optimization system. This includes presenting the development
process of the optimization system in terms of phases, an architecture
from four viewpoints and an exemplary implementation.

Keywords: Digital Twin - Reinforcement Learning - System Optimiza-
tion - Cyber-Physical System - Reference Architecture - System Archi-
tecture - Training Data Generation.

* This version of the contribution has been accepted for publication, after peer re-
view (when applicable) but is not the Version of Record and does not reflect post-
acceptance improvements, or any corrections. The Version of Record is available
online at: |http://dx.doi.org/10.1007/978-3-031-66326-0 16. Use of this Accepted
Version is subject to the publisher’s Accepted Manuscript terms of use https:
//www.springernature.com/gp/open-research/policies /accepted-manuscript- terms.


http://dx.doi.org/10.1007/978-3-031-66326-0_16
https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms
https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms

2 E. Modrakowski et al.

1 Introduction

Complex high-tech Cyber-Physical Systems (CPSs) often have an unattainable
scale (e.g., number of controls, settings, and usage scenarios) with limited avail-
ability for tests combined with high costs. The optimization in terms of adjust-
ment of their configuration for proper functionality, usability, and commercial
viability is required. However, achieving optimization objectives, due to indirect
and long-term materializing optimization goals or complex high-dimensional sys-
tem states, usually is challenging for conventional automated methods. Conse-
quently, manual intervention becomes necessary which demands experts to spend
valuable time and resources.

Typically, this process is slow, costly, and inexperienced personnel may in-
advertently place the CPS in a non-optimal state, or disrupt the system. One
solution to these problems is to determine optimal system settings by the use
of Artificial Intelligence (AI), or more precisely, Reinforcement Learning (RL)
techniques [3T] which would yield these settings from system-generated data [7].
However, RL is known for demanding large amounts of training data making it
incapable of being parameterized using the high-tech CPSs directly and therefore
models and simulations are necessary for data generation [18].

To illustrate the challenge, let us assume a robot arm in a factory with a PID-
controller regulating one of the actuators. In this case, the RL optimizes the CPS,
i.e., the robot arm, by adjusting controller’s parameters, guided by higher level
objectives such as precise positioning of the robot arm’s attachment or minimiz-
ing the failure rates on factory level. A human operator would need to adjust
these parameters for every robot arm commissioned (as they all differ slightly
from each other) and readjust them over time (aging of the machinery, chang-
ing of the attachment or manufacturing product, etc.). New controller settings
may be suggested by the optimization AI and tested in simulation to minimize
the downtime of the robot arm. While this example is simple, it showcases the
potential of the idea as these optimizations may be done in an automated way.

In this position paper, we propose an approach of optimizing CPSs that in-
corporates two technologies; (i) Digital Twin (DT) to mitigate long response
times and limited availability of CPS; (ii) RL to address complex systems op-
timization. The expected result is a setup that performs the optimization of a
CPS quicker, safer, and less expensive compared to a human. More concretely,
we address the question: How does an architecture look like that leverages RL
training data generation using DT? This research is unique by outlining the key
factors on the DT side necessary for RL training throughout a CPS’s life cycle
in form of a reference architecture. It is directed to system developers search-
ing for a solution to slow, manual and expensive optimization of such systems.
Subsequently, we introduce a DT-RL optimization framework, a reference archi-
tecture supporting its development, outline the application to an exemplary use
case, and conclude by outlining the shortcomings resulting into future avenues
of work.
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2 Prerequisites and Related Work

2.1 Combining DTs and RL

Fig. [1] depicts the overall interactions during the DT-based optimization-RL
life cycle that shall be enables by the architecture. First, DT of a typical sys-
tem is modelled with the capability of representing variations of the system.
It represents the environment with which the optimization-RL Agent (RLA) is
then trained. In continuation, the optimization-RL is applied to actual system(s)
where further data can be collected for fine-tuning purposes. Consequently, we
derived three iterative phases:

Training phase In this phase, the RLA is trained using multiple varying in-
stances of a typical CPS. This is done to prevent the problem of overfitting
and to increase generalization to enable transfer learning (see [7125]).

Operational phase Once the RLA has matured enough, it is deployed on an
actual CPS to perform system optimization. Here, the RLA is assumed to
interact directly with the CPS or is part of the CPS. During this period,
data from the CPS is gathered for the next phase.

Fine-tuning phase Periodically, the RLA is fine-tuned using the CPS’s data
from the operational phase to improve and specialize the learned policy w.r.t.
the CPS instance by twinning the related real system. In addition, the variant
agnostic RLA (result of the training phase) is also further trained, e.g., by
using federated learning [20]. An extensive testing of the RLA adjustment
is necessary, yet the frequency of the fine-tuning phase depends on the use
case.

2.2 Fundamental considerations

A DT is defined as a virtual duplicate of a system built from a fusion of models
and data [32]. The essential role of DT is to represent the behavior of real system

Fine-tuning phase

r = R
Typical . . Actual
System Digital Twin Optimization-Al Systems
/ control ~ o
" / i)
modeling state > iz Vo
reward ‘
action
= measure
.
Training phase
(- J

T

Operational phase

Fig. 1: Overview of the development process of DT supported RL training.



4 E. Modrakowski et al.

by periodically adapting to the actual system. This differentiates a DT from a
digital model [5T12I29I32]. We adopt the notion of different integration levels by
[2]. Different phases of system optimization apply varying degrees of integration,
i.e., digital model up to DT. While a digital model of a generic CPS is sufficient
for the training phase, the operational and fine-tuning acquire higher levels of
integration, to the degree of twinning [I7]. It is important to note that in this
context, the DT encompasses the CPS itself and its surrounding environment and
how it imposes influence on the CPS. With respect to the robot arm example,
this would be the room temperature or properties of the manufacturing product
the arm should process.

RL [31] is broadly applied in various disciplines for the purpose of system
optimization or optimized control, e.g., [SII3I2T33]. RL is well-suited to the
problems that include learning from unlabeled data, e.g., due to long-term ma-
terialization of optimality [13].

Several challenges arise from the proposed DT-RL approach, aiming to estab-
lish simulation-based training capabilities and enable a continual enhancement of
optimization RL algorithm exploiting the advantages of DT5. It is crucial to meet
RL-specific demands, namely result accuracy, efficient execution, standardized
simulation input/output (state, action, reward) and managing variations for pol-
icy transfer into the real world. An additional focus lies in facilitating the model
re-usability throughout its life-cycle.

2.3 Literature on DT-based RL

Recent research has delved into combination of these challenges across diverse
domains. [25] introduces a RL training approach through simulations. The do-
main of application in this case are driving functions for automated vehicles.
Nevertheless, it lacks an architectural view and continuous RLA refining. [§]
emphasizes training RLA for fusion reactor control with architectural aspects
taking a backseat in training consideration. [3] adopts a DT strategy for robot
arm control including architectural specifications, akin to our proposal, but
overlooks the post-initial learning. [I8] and [11] provide insights into real-world
transfer of RL policies and DT-based RL scheduling strategy training, respec-
tively. However, architectural and, yet again, post-deployment learning aspects
are under-explored. Similarly, [27] advocates DT and RL fusion for unmanned
aerial vehicle control and proposes a DT-based "continuous evolution" in this
context [28]. However, the work is domain-specific and generalizable architecture
considerations are not present in this work.

In the field of "life-long" RL [19], scholars deal with continuous learning and
policy transfer (e.g., from simulation to real world or adjustments from one sys-
tem to the next). To the authors’ best knowledge, availability of training data is
assumed in most of the relevant studies. In context of continuous learning, Fed-
erated Learning (FL) [16] is a common practice for pre-training and consequent
fine-tuning of Al [30] showcases the combination of DT and FL but leaves the
design of these DTs open for interpretation. In general, application independent
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DT architectures are rare as a high percentage of solution-oriented architectures
[10] show that every application context requires their own interpretation.

From the cited research, it is evident that the comprehensive exploitation of
the DT paradigm’s capabilities has not yet been fully realized in RL training. In
all of the aforementioned literature, RL is utilized for system control, wherein
we see system optimization a sub-field. Our objective is to delineate the essential
considerations required on the DT side for RL training across the various stages
of its life-cycle. We aim to provide an architectural recommendation that goes
beyond mere building block descriptions.

3 Architecture

A multi-sided description is required to plan an architecture that considers a
multitude of aspects. Among various architectural view models like [14], we
have adopted four viewpoints similar as in SPES (Software Platform Embedded
Systems) [26]. In spite of minimizing the number of viewpoints, namely require-
ments, functional, logical and technical views, they are capable of covering all
relevant layers and aspects [6].

3.1 Requirements View

The main objective of our approach is to realize a self-optimizing solution for
complex CPSs which can be then applied to analogous systems without neces-
sitating extensive re-development, e.g., re-modelling of interfaces, or re-training
the AI from scratch. The specific requirements of our approach mostly derived
from the RL requirements on the training and fine-tuning data. All requirements
mentioned in this view are on the system. However, the fulfillment of some re-
quirements is facilitated by the architecture (see Table ).

The functional requirements of the DT in general include (i) to model the
components that contribute to the observable outputs / behavior sufficiently, (ii)
to model the potential influences of the CPS’s environment, and (iii) to possess
parameters that determine its behavior, analogous to the corresponding physical
counterpart.

Moreover, in the context of RL-training, the set of requirements of DT as
the training data generator model, need to be expanded by minimized calcu-
lation time (time to result) and satisfactory data accuracy. While the previous
comes naturally, defining "sufficient" accuracy is not straight forward. As a gen-
eral principle, more information with higher quality results in improved decision
making. However, machine learning algorithms can bridge the gap and transfer
whatever they learned from a less accurate model to the actual operating sys-
tem (see [II8]). As an example, the autonomous driving functions trained by
simulated data, can be applied successfully to the real-world use cases [25]. This
relaxes the constraints on DT’s requirements and improves execution efficiency
on the way. Therefore, the required accuracy level of DT within the proposed
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approach is highly dependent on the AI capabilities. As long as the RL model
can bridge the gap, the accuracy of the DT is sufficient.

To effectively train the RLA, it is important to mitigate the impacts of noise
and irrelevant information during training phase. Overfitting on these effects
can hinder the trained RLA’s adaptability and resilience to slightly changed
circumstances comparing to the training data [4]. To address this issue, one
approach is to train the RLA by higher-level features of the data, specifically by
“averaging out” system-specific behavior. To this end, we propose to use a fleet
of digital models or DTs representing the CPSs. These models should encompass
multiple variants, each incorporating slight differences to represent the variations
in real-world. The variation can be introduced by altering virtual environment
effects and configuration changes within a predefined valid parameter space.
This approach allows the RLA to learn from a spectrum of possible CPS variants
instead of only from one specific instances. By training on a diverse set, the RLA
is enabled to perform across multiple systems without requiring re-training [7].

The non-functional requirements can be summarized in footprint (minimiza-
tion of resource usage), integrability (the ability to integrate heterogeneous sys-
tems and IP-protection), re-usability, and maintainability.

Table 1: Overview of key requirements and considerations at a high level, assessing
their reflection by the architecture.

. o flected i
No. Requirement = Description Reflected in

architecture
1 Execution Calculation time needs to be minimized to make No
efficiency training time manageable.
The system must accurately enough simulate
Accuracy . .
2 of result real-world behavior for successful RL-driven No
optimization in the operational phase.
. The DTs must be able to represent real or virtual
Variants . . .
3 . variants of a system w.r.t. to its environment and Yes
representation

configuration.

The system must be able to retrieve data from its

4 Twinning physical twin and parametrize itself accordingly Yes
h .. finetuni
5 Footprint The resource usage for training and fine-tuning No
shall be minimized.
.. To reduce resource and time consumption, developed
6 Re-Usability models and infrastructure shall be reusable. Yes
7 Maintainability The system shall be easily maintainable. Yes
8 Integrability The integration of heterogeneous models Yes

and IP-protection shall be facilitated.
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3.2 Functional View

The functional view describes the specification of solution-independent func-
tional system, i.e., it describes the functionality that the system intended to
provide in order to fulfill its purpose. Fig. [2] shows the functional model of opti-
mization using data from DT and CPS during the training phase and operational
phase, respectively. As mentioned earlier, the model shall be used interchange-
ably for different phases without requiring major adjustments to the architecture
(requirement No. 6 in Table. Initially, operational goals and the twinning infor-
mation are given to the system which initializes and "controls" the optimization
by executing a scenario. An initial batch of parameters containing the param-
eters that shall be optimized as well as the parameters that define the model
variants (fulfilling requirement No. 3 in Table[l)) are given to an entity that per-
forms the optimization. This might be the actual CPS or its DT. Optimization
metrics and system defining information (e.g., previous parameter configuration)
in form of state and reward according to the RL paradigm shall be collected one
hand and also analyzed. Based on this and possibly the history of prior states,
an improved configuration is proposed and returned to be executed again. It
can be seen that the four major functionalities needed can be assigned to four
main sub-systems: A control system, a CPS/DT within its environment, a data
storage platform and an Al system.

Operation goals
Twinning information

ion goals and parameter settings-
> Control N
P 1 controk
optimization v
CPS settings,
F3|—Environment settings,
A Scenario settings Collect data
Optimization
F4 history Report

? Analyze and of status
determine next

parameter set

F1 E F2
x i *

Execute scenario Simulation re§ults (state and reward )—|

(action)

Optimization progress informatiol

Operation Control Physical Twin, or Digital Twin Data storage

System and il P Al system

Fig. 2: Generic functional model of the system’s optimization in form of IDEFO0 (Inte-
gration Definition for Process Modelling).

Regarding functional capabilities of the DT as represented in Fig. [3] it must
be able to control (Control simulation) and represent and execute simulation
of system features (Simulate features) to mimic the CPS’s behavior accurate
enough and output relevant simulation results for further training. The features
must be configurable to enable adaptation to a real or synthetic CPS variant.
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Fig. 3: Generic functional model of DT in form of IDEF0, exemplary with two simu-
lation features.

3.3 Logical View

The logical view describes the design solution, providing functional building
blocks by communicating components [26]. Due to the already stated variety of
RL training algorithms, we showcase the simulation environment and the con-
tained DT only. The simulation environment is not meant the context in which
the CPS is located in, but rather the digital infrastructure for performing sim-
ulations. Both modules’ structure is expressed in accordance with the SysML
language as internal block diagrams (ibd) in the following. The simulation en-
vironment in Fig. [4] consists of a flow of data from the action port via a pre-
processing component into the DT as a simulation input, and after computing
from the DT’s output via a post-processing component to the state and reward
output of the simulation environment. The pre- and post-processing components
serve the goal of conversion of the RLA/DT output to an adequate format. A
controller manages the processing and optional databases providing additional
information. In case of the operational and fine-tuning phase, a twinning block
is implemented to orchestrate the retrieval of CPS data as necessary according
to the requirements (requirement No. 4 in Table . During the training phase,
as no physical counterpart exists, it is replaced by a variation generator within
the DT mimicking the existence of multiple, slightly different CPS instances.
The simulation environment interacts through five ports: (i) control inputs from
controller that manages RL training, (ii) connection to the CPS and (iii) action,
(iv) reward and (v) state ports for the communication with RLA.

The DT represented in Fig. |5} consists of none or more submodule-DTs and
one or more logic block(s). The latter calculates the behavioral output of the DT
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ibd [Simulation environment] context [Fine-tuning phase]/

Simulation environment
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Fig. 4: Logical components and communication of the simulation environment.

State port

by using (i) simulation data input to the DT itself, (ii) and/ or simulation data
output of hierarchically nested sub-DTs, (iii) static configuration parameters
sourced from persistent databases, and (iv) dynamic configuration parameters,
obtained through the adaptation model.

Adaptation to changing behavior of the CPS is handled by the adaptation
model. It identifies any emerging differences DT and CPS data comparison and
compensate them via providing a set of dynamic configuration parameters to the
DT logic block. Hierarchically nested sub-DTs get their CPS output data via a
twinning port, to provide adaptation on multiple levels of the DT. It is impor-

ibd [Digital Twin] J

Digital Twin

Configuration
parameter port

Adaptation
model

Configuration [\
parameter

Twinning
port

Twinning data
passthrough port

=
Database
port

Processing Processing
- input port output port
[ - Digital Twin
Controller
Control
port
Submodule:Digital Twin [n] Simulation outpd
Control P
port Simulation
result port
y d : i ol Simulation
ata por
Simulation result port
data port

Fig. 5: Logical components and communication of the Digital Twin.
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tant to define the configuration parameters that can (and cannot) be changed by
every (sub-)DT to leverage the explainability and traceability provided by the
architecture. The digital twin controller is used to control the adaptation model
and the pass-through to sub-DTs. The logic of the adaptation model is hereby
dependent on the current phase while the remainder of the architecture persists.
During the training phase, the DT is used to create RL training data in a con-
trolled manner for specified variants of the CPS but without synchronization to
a CPS. Creating multiple instances of an adapted static DT representing a CPS
variant for parallel RL training is possible. Slight derivatives of the adapted DT
are possible to generate, via a configuration parameter generator. Generation of
these parameters can be sampled from parameter distributions. These parameter
distributions can either be estimated or measured based on one or more CPS
that have already been synchronized during the fine-tuning phase. This operat-
ing mode is depicted in Fig. [6al The fine-tuning phase sees a connected CPS,
leading to the ability to synchronize behavior of the DT again. The main logical
components can be seen in Fig. [6b] Twinning data from the CPS is used for cal-
culating respective configuration parameters. This is in contrast to the training
phase, where configuration parameters are generated or sourced from a param-
eter distribution. To realize the hierarchical DT structure, data pass-through is
also handled inside the adaptation model via the data distributor.

In context of the robot-arm example, during the training phase parameter
distributions are initially estimated e.g., for the room temperature, robot arm
attachments properties, and manufacturing product’s mass while the mechanical
and electronic characteristics of the arm itself would typically be quite invariant.
During the fine-tuning phase not only the optimization-RL can be improved with
the DT twinned with data specific robot arm, but also the above mentioned
parameter distributions can be adjusted with data from multiple robots arms.

The latter is relevant for the training phase of a next iteration of the generic
RLA.

ibd [Adaptation model] context [Training phase] J ibd [Adaptation model] context [Fine-tuning phase] ]

Configuration parameter for Configuration parameterl
Logic blocks for Logic blocks

- 5 Adaptation model
Adaptation model Data from the Physical
Twin Configuration

:l - parameter - d

]

Configuration|

Configuration calculator

Configuration Pa’la"‘e‘e’ - parameter
parameter | | por ool port
generator ysica

Twin data Data
port| e —{
- dlstnbutor ! :|
¢+ |Twinning
i |data

passthrough
port

L—Icontrol port
Control

port Data from physical twin for distribution to
the respective Digital Twins

(a) During training phase (b) During fine-tuning phase

Fig. 6: Logical components of the adaptation model.
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3.4 Technical View

The concrete technical solution for the combination of DT and RL mainly de-
pends on the specific demands of the use case. However, the integrability, re-
usability and maintainability are the biggest drivers for a standardized solution
on a technical realization level as well as execution-efficiency (requirements No.
2, 6, 7 and 8 in Table .

On the DT level (see Fig. , co-simulation is an ideal approach for sim-
ulating DTs of multiple system components to provide the possibility of cre-
ating a modular architecture where all models interact with a central control
unit. Examples are HLA [15], FMI [23] or proprietary software solutions such
as Model.CONNECTEl They can enable the execution of simulations and cal-
culations in a distributed computing manner using cloud-solutions and multiple
on-site workstations. A benefit is increased execution speed of training data
sampling which is, as already stated, a major requirement.

On a higher level, the development and integration of the architecture ben-
efits from containerization with tools such as Docker] It enables seamless and
consistent deployment of the components across diverse environments by encap-
sulating them along with their dependencies. As the communication between the
containers is via network and well defined thanks to the architecture, maintain-
ability and scalability (multiple simulation environments for parallel sampling)
is non-issue, and distributed computing between multiple workstations or in the
cloud is possible.

With respect to the linkage between the DTs and their physical counterpart,
infrastructure is needed that enables reliable and straightforward communica-
tion between the DT and the CPS. It is needed for (I) retrieval of physical twin
data and (II) execution of optimization configurations. The level of sophistica-
tion of the applied framework depends on the use case characteristics. For this,
an example is Basysﬂ where the communication between the physical asset
and digital applications is managed by an Asset Administration Shell (AAS)
which provides standardized communication interfaces (HTTP/REST interface)
via network to applications. This makes a cloud-based deployment of the opti-
mization RLA non-complex. In context of the presented architecture, the AAS
represents the "Twinning" block (see Fig. [4) while the simulation environment
can be seen as an application to the Basys4 framework. The simulation controller
(see Fig. [7)) can request from the AAS/Twinning block (which is connected to
the physical system via a sub model) to send data to the twinning port of the
DT. In principle, a profound integration of the Basys4 framework into the pro-
posed approach is possible when considering simulation models including their
sub-modules as the DT. However, this potential integration is not reflected in
the given architecture.

8 lhttps:/ /www.avl.com /en/simulation-solutions /software-offering /
simulation-tools-z/modelconnect
Y https:/ /www.docker.com/
10 https://www.basys40.de/| and https://github.com /eclipse-basyx
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4 Exemplary Application

The architecture is developed in conjunction with a use case from the highly-
automated vehicle testing domain that aims for automatic creation of a 3D-
environment for vehicle tests. The system to be optimized is the testbed including
a virtual environment in conjunction with a vehicle. For development of auto-
mated vehicle driving functions, critical scenarios are to be optimized to ensure
testing time is used for the most insightful tests in order to find e.g., weaknesses
in the functions. Also, this approach could be used as open-exploration to build
a database of scenarios. A scenario is usually characterized by specific criticality
metrics that indicate its significance and potential impacts [24]. The RLA pro-
poses concrete scenarios with concrete parametrization/state values from logical
scenarios with parameter ranges of state values (see [22]) which are executed on
the virtual or real testbed, and the results are then computed to evaluate the
scenarios.

Fig. [7] showcases the logical view on the optimization system during the fine-
tuning phase. Thanks to the reference architecture enabling hierarchical DTs, the
DT of the vehicle test setup contains a virtual environment simulating e.g., the
street as a logic block, and the DT of a vehicle enables a black-box integration of
this sub-module. The vehicle DT can also contain other DTs as submodules e.g.,
of sensors or the chassis. A database is integrated to hold libraries of the virtual
environment’s assets. The simulation environment is connected to a vehicle its
behavior it shall mimic. While in Fig. [7] the fine-tuning phase is depicted, the
only difference to the training phase is the substitution of the adaptation model
by a parameter generator as seen in Fig. [f] This results in the minimization
of necessary adjustments to the system including data formats as the variation
generator and the twinning function output data in identical format.

ibd [Optimization system] context [Fine-tuning phase],)

Simulation environment

Vehicle-in-the-loop test setup : Digital Twin

Sensor data ‘

Training
L]
RL system [ .
(] Action ™
port

- Virtual
Environment:Logic
—1

L]
[ Ivenicte:Digital Twin
L]

Visual assets:
Database

Container

. Controller: .

Simulation
Controller

e

AN

Model.Connect :

[ ] pigital Twin [ ]

Controller

| Scenario
configuration|

Fig. 7: Exemplary application of the architecture to a vehicle-in-the-loop test setup
during the operational and fine-tuning phase wherein scenarios are optimized and ad-
ditional data are gathered for further improvement of RLA.
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On a technical level, a Docker-based architecture is used for continuous devel-
opment and prototyping. As a DT’s co-simulation framework, Model. CONNECT
was selected due to its features designed for automotive domain. As this example
is a prototypical implementation, simple Python scripts are used to enable the
function of the twinning and adaptation model. The implemented RL algorithm
("RL System" block in Fig. [7)) is Maximum a Posteriori Policy Optimization
(MPO) [1] inspired by [8]: an off-policy actor-critic approach.

Although a comprehensive assessment of the architecture’s effectiveness and
efficiency in facilitating the creation of a system capable of training and fine-
tuning an optimization-RLA is ongoing, initial findings indicate favorable out-
comes in terms of maintainability and reusability (see Table. The development
process has been notably streamlined, for the incorporation of new features prov-
ing to be a straightforward task. However, a crucial aspect of the architecture
and the system yet to be validated pertains to the representation capabilities of
the variants, including the assessment of twinning.

5 Conclusion and Future Work

This position paper presents our work-in-progress regarding a reference archi-
tecture for DT-based Al-training for CPS optimization. In four viewpoints we
highlighted the necessary considerations and requirements on the simulation en-
vironment including the DT as the virtual representation of the CPS, a model
view of its functionality, a design-solution and technical considerations for the
implementation. The differences of the architecture over the life-cycle of RL op-
timization (training-, operational- and fine-tuning phase) are highlighted and
exemplary implementation in an automotive use case is shown.

In the future we will focus on improving the level of detail putting a strong
focus on the differences between phases. The current state lacks detail on the
requirements on data type and considerations of the twinning and variation gen-
erator. Further validation and integration are necessary in the above-mentioned
use case to evaluate the improvement of the approach beyond the state of the art
and verification of the broader applicability by utilizing it for the development
of an alternative use case is needed. In addition, we will increase the research on
behavioral modelling and the impacts on the architecture.
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