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Learning to optimize electric drive control during runtime

Controlling electric drives often comes with various real-time optimization needs, such as choos-
ing (steady-state) operation points (trying to minimize drive losses) [1] or model predictive control
(MPC) [2] for trajectory tracking. The underlying optimization problems are often formulated as con-
strained quadratic programs and sometimes even as nonlinear problems. Both classes can be solved
with numerical optimization methods such as interior-point methods or sequential quadratic pro-
gramming. However, these methods might computationally expensive and require tuning to achieve
good performance, in particular in the context of electric drives where control decisions must be
made in the sub-millisecond range. Hence, this thesis should investigate the potential of machine
learning algorithms which learn the optimization procedure, i.e., replace the numerical optimization
solver [3]. While solving the specific task offline and just deploying the result (e.g., via a look-up
table) is a typical standard approach nowadays, issues arise if the drive shows time-varying behavior
(e.g., due to temperature or aging effects) motivating an online optimization need. The intended
goal is to speed up the optimization process to enable more challenging control tasks in real-time.
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Figure 2: Predict-and-optimize framework; gradients of a solver out-
put (solution) must be computed with respect to its input (problem
parameters) in order to maximize empirical model performance.

from lower layers. Layer - wise policy optimization uses
the REINFORCE algorithm, training each layer in turn be-
fore fixing its weights and sampling actions to train the next
layer. Each policy is represented by a graph neural network
to produce context embeddings that capture inter-node rela-
tionships from node-wise inputs, and an attention-based de-
coder to predict distributions over candidate actions as in
prior works. When the direct output ui from layer i is pre-
dicted at a particular decoding step, it is combined with the
output of the lower layer i´ 1 to ensure mutual compatibility
in the policy distribution

pi “ softmaxpui ` αui´1q

where α is a trainable parameter.
Finally, Dai et al. [2018] adopted a different RL approach

based on a greedy heuristic framework which determines
approximate solutions by the sequential selection of graph
nodes. The selection policy is learned using a combina-
tion of Q-learning and fitted Q-iteration, by optimizing the
optimization objective directly. The graph embedding net-
work structure2vec is used to represent the policy of
the learned greedy algorithm. It is used to produce feature
embeddings for each node of the graph, which are updated
between actions and capture relationships between neighbor-
ing nodes, given the current state of a partial solution. It is
noted that this framework excels in combinatorial problems
that have a true graphical structure, as opposed to most pre-
vious previously studied applications (primarily the TSP and
VRP variants) in the underlying ’graph’ is typically fully con-
nected. The Minimum Vertex Cover, Max Cut, and TSP are
used as test test problems, and a strong ability to general-
ize over various problem sizes is advertised in comparison to
prior approaches.

7 E2E-COL: Predict-and-Optimize
A burgeoning topic in the intersection of ML and CO is
the fusion of prediction (ML) and decision (CO) models, in
which decision models are represented by partially defined
optimization problems, whose specification is completed by
parameters that are predicted from data. The resulting com-
posite models employ constrained optimization as a neural

network layer and are trained end-to-end, based on the op-
timality of their decisions. This setting is altogether differ-
ent in motivation to those previously discussed, in which the
goal was to solve predefined CO instances with increased ef-
ficiency. The goal here is the synthesis of predictive and pre-
scriptive techniques to create ML systems that learn to make
decisions based on empirical data.

The following constrained optimization problem is posed,
in which the objective function fy and feasible region Cy de-
pend on a parameter vector y:

Opyq “ argmin
z

fypzq subject to z P Cy. (8)

The goal here is to use supervised learning to predict ŷ the un-
specified parameters from empirical data. The learning task
is performed so that the optimal solution Opŷq best matches
a targeted optimal solution Opyq, relative to some appropri-
ately chosen loss function. The empirical data in this set-
ting is defined abstractly as belonging to a dataset χ, and can
represent any empirical observations correlating with targeted
solutions to (8) for some y. See Figure 2 for an illustration.

This framework aims to improve on simpler two-stage ap-
proaches, in which a conventional loss function (e.g. MSE) is
used to target labeled parameter vectors y that are provided in
advance, before solving the associated CO problem to obtain
a decision. Such approaches are suboptimal in the sense that
predictions of y do not take into account the accuracy of the
resulting solution Opyq during training.

We note that there are two ways to view the predictions
that result from these integrated models. If ŷ is viewed as the
prediction, then the calculation of Opŷq is absorbed into the
loss function Lpŷ,yq, which targets the provided parameter
vectors. Otherwise, the loss function LpOpŷq,Opyqq is con-
sidered separately from the decision model and aims to match
computed optimal solutions to targeted ones. One advantage
sought in either case is the opportunity to minimize during
training the ultimate error in the computed optimal objective
values fŷpOpŷqq, relative to those of the target data. This
notion of training loss is known as regret:

regretpŷ,yq “ fŷpOpŷqq ´ fypOpyqq.
Otherwise the optimal solution Opyq is targeted and one
can use regretpOpŷq,Opyqq, regardless of whether the corre-
sponding y is available. Depending on the techniques used,
it may be possible to minimize the regret without access to
ground-truth solutions, as in Wilder et al. [2019], since the
targeted solutions Opyq contribute only a constant term to the
overall loss. It is worth mentioning that because the optimiza-
tion problem in (8) is viewed as a function, the existence of
nonunique optimal solutions is typically not considered. The
implication then is that Opyq is directly determined by y.

Training these end-to-end models involves the introduction
of external CO solvers into the training loop of a ML model,
often a DNN. Note that combinatorial problems with discrete
state spaces do not offer useful gradients; viewed as a func-
tion, the argmin of a discrete problem is piecewise constant.
The challenge of forming useful approximations to BL

By is cen-
tral in this context and must be addressed in order to per-
form backpropagation. It may be approximated directly, but

(a) Learning to optimize (L2O) toolchain [3].
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with Vkc being defined in the appendix A and

T kc =
[
hψ,1[0] · · · hψ,1[kp]

]⊤
. (74)

Qkc and Rkc stay the same. Both solvers generate similar
results as Fig. 4 illustrates with a simulation example. The
mpcInteriorPointSolver, however, requires approximately 40
times more time for computation of the QP problem (about
161 ms on the hardware according to Sec. VIII) in comparison
to the mpcActiveSetSolver (about 4 ms) strongly motivating to
use the latter. The stated computation times apply to the steady
state in Fig. 4.

VII. OPTIMIZATION PROCESS WITH PARAMETER
TRACKING

In the following, the MPTC is carried out in an iterative
manner like in [25], [26]. Therefore, two terms are intro-
duced: The solution of the QP problem defined by (67), (72),
(73) including parameter prediction and linearization is called
subiteration. The optimization process denotes the calculation
of the reference current of the succeeding sampling time
i∗s [k+1] depending on the currrent reference torque T ∗[k] and
the last estimated rotor flux ψ̂rd[k]. This optimization process
consists of several subiterations.

The solution of the qLPV MPC problem requires the
knowledge of the future parameters Lm, Rs, Rr, ωr within the
prediction horizon as described in [25], [26]. Fig. 5 illustrates
the different steps of the first subiteration of an optimization
process including parameter prediction. For reasons of space,
only the control horizon is depicted. At the beginning of
a subiteration, the parameter trajectories, represented by the
vector

p[k] =
[
Lm[k] Rs[k] Rr[k] ωr[k]

]
, 0 ≤ k ≤ kc − 1

(75)
in Fig. 5, as well as the stator current trajectory iopts of
the previous subiteration and the estimation of the rotor flux
linkage ψ̂rd are given. A subiteration includes three steps:
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Fig. 5: Schematic illustration of the single steps of the first
subiteration of an optimization process: The dots indicate the
values of a quantity at certain time instants.
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Fig. 6: Flow diagram of an optimization process

1) Based on ψ̂rd, p and iopts from the previous subiteration,
the rotor flux linkage ψrd can be predicted for the new
control horizon using (27) – compare red arrows in
Fig. 5. The current iopts [kc − 2] and, for the sake of
computational efficiency, the parameters p[kc − 2] are
reused for the prediction of ψrd for the rest of the
prediction horizon.

2) The predicted rotor flux ψrd together with p and iopts

from the previous subiteration is then used to update
the parameters in every time step in the control horizon
(compare blue arrows in Fig. 5). Since the new control
horizon is shifted compared to the previous one, the old
current and parameters are extended constantly for one
step. The update of the parameters is carried out with
the equations that result from the ECD in Fig. 2.

3) The updated parameters can now be used to set up
the QP problem defined by (67), (72), (73) as shown
in Fig. 5 with the orange arrows. The OP is, ψrd of
the linearizations is defined by the predicted rotor flux
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Fig. 7: Exemplary illustration of the trajectory of the stator
current component ioptsd for different numbers of subitera-
tions: Nsub = 0 is the trajectory of the previous optimization
process, whereas Nsub → ∞ is the optimal and converged
trajectory.

(b) MPC example for electric drives [2].

Key research questions:

• Is learning the optimizer feasible for electric drive control (calculation speed)?

• Can, or must we learn specialized optimizers for specific control tasks?

• What are the differences in terms of performance and computational complexity compared to
standard offline /online approaches with established solvers?

Necessary requirements:

• Finished course work on machine learning or numerical optimization

• Ideally: finished course work on electric drives

• Solid skills in scientific programming languages (e.g., Julia, JAX, PyTorch)

Supervisor: O. Wallscheid 1 July 29, 2024
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WP 1: Literature research [3 weeks]
Scanning the scientific literature for relevant publications and patents related learning to optimize
(L2O) is the first step. Also, getting familiar with typical constrained optimization problems in
the drive control domain is part of this WP. Moreover, relevant (open-source) software work in the
field (e.g., NeuroMANCER) 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: Operating point selection [5 weeks]
A traditional optimization problem in electric drive control is the selection of the optimal oper-
ating point. This can be formulated as a constrained optimization problem: minimize the drive
losses while fulfilling the torque reference requirement as well as current and voltage limitations.
This problem can be typically well-solved for a given machine and operation conditions (e.g., fixed
temperature) such that standard numerical optimization solvers can be used to deliver benchmark
results. Nevertheless, the goal of this WP is to model the underlying optimization problem within
an end-to-end differentiable framework (e.g., PyTorch, JAX, Julia) and train a neural network to
learn the optimizer. The training data should be generated by solving the optimization problem
for a set of random operating points and different drive parameters. Finally, the trained optimizer
should be compared against the standard numerical optimization solver in terms of performance and
computational complexity.

WP 3: Optimal transient control [5 weeks]
Another typical optimization problem in electric drive control is the trajectory tracking problem.
This can be formulated as a model predictive control (MPC) problem: minimize the torque tracking
error while fulfilling the current and voltage limitations. Compared to the previous WP’s static
problem, this transient control problem considers the dynamical behavior of the drive plant. Hence,
building an end-to-end differentiable model for this problem is more challenging as an additional
ODE solver layer is required. The training data should be generated by solving the optimization
problem for a set of random trajectories and different drive parameters. Finally, the trained optimizer
should be compared against the standard numerical optimization solver in terms of performance and
computational complexity.

WP 4: Hyperparameters [4 weeks]
The learned optimizer and its training toolchain have several hyperparameters that need to be tuned.
The hyperparameter optimization (HPO) can be automated using available open-source toolboxes
and should also focus on the complexity vs. accuracy trade-off by identifying the Pareto front between
these two objectives. Depending on the computational load of this WP, the HPO can be parallelized
on a high-performance computing cluster. Furthermore, the question should be addressed if the
learned optimized structure should be adapted to specific control tasks or if a general optimizer can
be learned for all tasks.

Supervisor: O. Wallscheid 2 July 29, 2024

https://github.com/pnnl/neuromancer
https://www.jabref.org/


Thesis proposal
Prof. Dr.-Ing. Oliver Wallscheid IAS Interconnected 

Automation Systems

WP 5: Embedded deployment [4 weeks]
Since a special focus of this thesis is on online optimization, the trained optimizers should be deployed
on an embedded system (e.g, a dSPACE rapid control prototyping platform). This requires the
conversion of the previously learned optimizers and underlying models to a format that can be
executed on the embedded system. The performance of the embedded optimizer should be evaluated
in terms of calculation speed and accuracy based on a software-in-the-loop scenario.

WP 6: 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.

Weeks

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

WP 1: Literature research

WP 2: Operating point selection

WP 3: Optimal transient control

WP 4: Hyperparameters

WP 5: Embedded deployment

WP 6: Documentation

Figure 2: Gantt chart for the thesis.
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