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The usage of embedded hardware accelerators, such as field programmable gate arrays (FPGAs),
has become increasingly popular in the field of machine learning (ML). Traditionally, a ML model is
trained offline using dedicated hardware and then deployed on an embedded system for inference [1],
[2]. Goals cover energy efficient model execution, low latency, and real-time capabilities. However, the
training of ML models on embedded hardware accelerators is still a challenging and largely unexplored
task due to complex training algorithms and the lack of established rapid prototyping tools [3], [4].
Such an accelerated training can exhibit compelling advantages for task with low latency training
requirements, such as reinforcement learning (RL) control of highly dynamic systems (e.g., electric
drives or power electronics). In this domain, edge learning-based RL have been already proposed to
utilize the fast inference capabilities of embedded hardware accelerators for real-time control tasks
while utilizing dedicated hardware (including standard training routines from PyTorch, JAX,...) for
the training procedure [5]. However, this approach comes with the drawback of communication
overhead and delays negatively affecting the RL training. Hence, this thesis should explore the
potential of training RL policies directly on a hardware accelerated embedded device such that both
the training and inference can be executed locally on the same chip.
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Fig. 1. Schematic of the safeguarded DQ-DTC structure.

deep Q DTC (DQ-DTC). A practical validation of the described
concept as well as further methodological improvements are to
be presented within this article.

B. Contribution

Despite the aforementioned benefits of RL-based control,
there are still several issues to be investigated to establish safe
and fast applicability in the real world. Therefore, this article
proposes the following contributions in order to improve the
usability of the DQ-DTC.

1) A safeguarding layer that ensures adherence to all opera-
tion limits (i.e., current and voltage constraints) at runtime
in order to avoid corresponding plant system downtimes.
This is particularly important as RL algorithms require
(random) exploratory actions during the training process,
which could lead to overloading the drive systems.

2) An edge-computing, online-learning pipeline that enables
training of the DQ-DTC using test bench measurements.

3) A resource-efficient and online-reconfigurable field-
programmable gate array (FPGA) implementation of the
necessary artificial neural network (ANN), which enables
real-time capable policy inference on the control hard-
ware.

4) A fully automated, fast RL framework delivering an ex-
pedient, data-driven torque control policy in just a single
digit number of minutes without the need of any a priori
plant model knowledge [10].1

Most importantly, comprehensive test bench experiments are
performed in order to prove the feasibility of the DQ-DTC
in practice. Further, all scripts and programs created within
the scope of this investigation are openly published [11].2 A
schematic of the proposed control scheme is depicted in Fig. 1
with detailed explanations for each individual component in the
following sections.

1The training process is presented in this video: https://www.youtube.com/
watch?v=hQ49Mc6LV78

2The implementation details can be found in this open-source repository:
http://www.github.com/max-schenke/EdgeRL

II. DRIVE SYSTEM

The drive system under investigation features the utilization
of a three-phase two-level voltage source inverter and a PMSM.
The combination of these components is a standard setup that
can be found in many industrial and automotive applications [1].
Both are to be presented shortly in the following.

A. Permanent-Magnet Synchronous Motor (PMSM)

The PMSM is a standard component of modern drive systems.
Especially highly utilized PMSMs feature a high torque density
and are, therefore, prevalent in applications where lightweight
and space-saving motors are required [12]. Characterization of
the PMSM can be simplified by utilizing well-known coordinate
transformations
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Herein, the physical three-phase quantitiesxabc are reinterpreted
as 2-D, orthogonal coordinates that can either be viewed from
the stator-fixed αβ reference frame, or from the rotor-fixed dq
reference frame, which is defined by rotating the stator-fixed
quantities xαβ by the electrical rotor angle εel. Rotor-fixed
coordinates allow a compact definition of the PMSM’s dynamic
behavior3
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with magnetic flux linkages ψdq, stator currents idq, stator volt-
ages udq, angular velocity ωme =

1
p

d
dtεel, and generated drive

torque T . Further parameters of this ordinary differential equa-
tion are the stator resistance Rs and the number of pole pairs
p. The dependence between magnetic flux linkage and stator
current follows a nonlinear but static relation

ψdq(t) = ψdq (idq(t)) . (3)

The presented motor model incorporates several common vari-
ants as special cases, e.g., PMSMs with both, interior (IPMSM)
and surface-mounted magnets (SPMSM) as well as highly

3Bold lowercase letters x denote vectors and bold uppercase letters X denote
matrices.

Figure 1: Distributed edge learning for electric drive control [5].

Key research questions:

• Can we utilize embedded hardware accelerators for training ML/RL models on-chip?

• Is the deployment of training algorithms automatable in a rapid prototyping sense?

• What are limitations and challenges of on-chip training on embedded hardware accelerators?

Necessary requirements:

• Finished course work on embedded systems and machine learning

• Solid skills in scientific programming languages (e.g., Julia, JAX, PyTorch)
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WP 1: Literature research [3 weeks]
Scanning the scientific literature for relevant publications and patents related to training of ma-
chine learning / reinforcement learning algorithms and associated IP cores on embedded hardware
accelerators is the first step. Moreover, relevant (open-source) software work in the field should be
considered. This also includes the identification of relevant keywords as part of the search strategy.
Relevant work will be stored in a literature review software (e.g., JabRef) and summarized in the
thesis.

WP 2: Baseline implementation [7 weeks]
Based on the previous research findings, an IP implementation for training machine learning / rein-
forcement learning algorithms on an embedded hardware accelerator should be utilized and adapted
towards a baseline implemention

WP 3: Critic learning [7 weeks]
An important part of many RL algorithms is the training of a critic, that is, an approximate function
(typically an artificial neural network) that estimates the value function of the control policy. The
value is the discounted long term reward and encodes the usefulness of a certain state-action pair.
The critic can be used as a standalone decision-making agent as part of finite control set problems
or is utilized as part of an actor-critic architecture to update an explicit control policy (actor). The
critic training represents a classical supervised learning problem based on some experience tuples
obtained from interacting with the plant environment. Hence, the goal of this WP is to extend the
baseline implementation from WP2 to a full-fledged critic training algorithm.

WP 4: Empirical test [3 weeks]
Since a special focus of this thesis is on fast online training and inference, the hardware accelerated
algorithms should be deployed on an embedded system for software-in-the-loop tests. As a bench-
mark, dedicated compute hardware (CPU, GPU) should be used in order to evaluate the performance
in terms of training time and power consumption.

WP 5: Documentation [3 weeks]
All work packages should be reported in a structured way within the thesis. A LaTeX template
should be used for this purpose: https://github.com/IAS-Uni-Siegen/thesis_latex_template.
Writing instructions can be found within the provided template source files. Based on the previous
empirical findings, conclusions should be drawn, and future research directions should be outlined.

Gantt chart
The planned timetable is shown in the Gantt diagram below.
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Figure 2: Gantt chart for the thesis.
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