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Abstract

Purpose — Computational design synthesis (CDS) provides a systematic means to explore the design space of
complex systems. However, the scope of exploration in many CDS studies is biased by limited parametrization,
where component parameters remain fixed or arbitrarily assigned. This paper investigates the influence of
configuration and parametric diversity on the effectiveness of design-space exploration in vehicle powertrain
synthesis.

Design/methodology/approach — A simulation-driven CDS framework is developed with an autonomous
control tuning mechanism integrated to ensure consistent evaluation of the synthesized topologies. Powertrain
topologies are synthesized by randomly interconnecting port-compatible components and assigning parameters
from predefined ranges. Two topology sets are generated, one emphasizing configuration diversity and another
emphasizing parametric diversity, to analyze their impact on exploration.

Findings — The results indicate that parameter initialization strongly influences perceived performance.
A topology’s parameter assignment defines its effective position in design space, and poor initialization can bias
evaluation outcomes even with structural diversity.

Research limitations/implications — The framework is limited to sequential topologies, which makes it easier
to explore the entire design space but also makes the results harder to generalize.

Practical implications — The groundwork established here impacts the development of generative topology
synthesis frameworks, enabling autonomous generation, control tuning and simulation of systems.
Originality/value — The novelty is the autonomous control tuning integrated in a CDS workflow, alongside the
investigation into the influence of configuration and parametric diversity on the effectiveness of design-space
exploration.

Keywords Generative design, Genetic algorithms, Computational design synthesis, Powertrain design,
Automatic control tuning
Paper type Research article

Nomenclature

n Efficiency of the transmission or gearbox

a Efficiency of the drivetrain

Tgen Efficiency of the generator

Tice Efficiency of the IC engine.

Mot Efficiency of the motor

Wice Rotational speed of the IC engine.

Wi Input rotational speed to a component (e.g. generator or transmission)

C
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EC WO max Maximum speed of the IC engine.

@rmot,base Base speed of the motor

@Dmot Rotational speed of the motor

Wout Output rotational speed from a transmission or gearbox
Wstall Stall speed of the IC engine.

p Air density

4 Road grade angle

A Frontal area of the vehicle

Cp Drag coefficient

fir Rolling resistance coefficient

ig Gear ratio

K, Proportional control constant

m Vehicle mass

Pelec Electrical power consumption or generation

Prpel Fuel power consumption

P ot abs,max Maximum absolute power output of the motor

re Effective wheel radius

SocC State of charge of the battery

Tice,max Maximum torque output of the IC engine.

Tice Torque produced by the internal combustion engine (IC engine)
Tin Input torque to a component (e.g. generator or transmission)
Tinot,abs,max Maximum absolute torque output of the motor

Tinot,max Maximum torque output of the motor

Tinot Torque produced by the motor

Toue Output torque from a transmission or gearbox

Treq Requested torque

Ty Torque transmitted to the wheels

v Vehicle speed

1. Introduction

Engineering design is a systematic process that combines scientific principles, technical
knowledge, and creativity to develop innovative solutions. However, evolving requirements,
designer bias, and complex interdisciplinary dependencies often restrict design-space
exploration and, consequently, innovation.

Computational design synthesis (CDS) methods aim to automate early-stage design by
generating and evaluating alternative system topologies. Yet, the scope of exploration in many
CDS frameworks remains constrained: while topologies are varied, their parameters (e.g.
component sizes, capacities) are often fixed or narrowly defined. In addition, the control
schemes when simulating the topology are basic and not adapted to the system. This limits the
diversity of candidate solutions and may bias the search toward certain architectures.

This paper integrates an autonomous optimal-control tuning module within a simulation-
driven CDS workflow for vehicle powertrain topologies. The module automatically adjusts
control parameters for each generated design before evaluation to ensure fair and consistent
evaluation of synthesized topologies. In addition, it investigates the relative influence of
configuration diversity and parametric diversity on design-space exploration. Two sets of
topologies are synthesized: one emphasizing distinct configurations, and another featuring
repeated configurations with varied parameters. Their performances are compared to analyze
how parametrization affects the perceived design space and synthesis outcomes. Based on this,
a strategy is proposed for balancing parametrization and configuration variation in
computational design workflows.
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The remainder of this paper is organized as follows. section 2 reviews related work on Engineering
computational synthesis and the treatment of design parameters within these workflows. Computations
section 3 describes the proposed framework, including the synthesis algorithm, simulation
architecture, and autonomous control-tuning module. section 4 presents the comparative
experiments, followed by discussion in section 5, and conclusion in section 6.

2. Literature review

2.1 Background

Formal engineering design usually involves multidisciplinary teams managing diverse
performance metrics, trade-offs, and customer needs. The increasing complexity of design
parameters and portfolio interdependencies limits manual exploration of the entire design
space. Reliance on the designers’ existing knowledge and prior experiences inadvertently
introduces design bias, restricting solution diversity and hindering innovation. In addition,
the design process involves tedious, cyclic, and repetitive tasks, which add to the
challenge.

Generative design is a computational methodology that seeks to address these challenges
by systematically generating a wide range of design options that adhere to user-defined
constraints (Ramesh et al., 2024). In contrast to traditional design processes, where designers
actively generate and refine solutions, it employs iterative optimization to find potential
designs (Kazi et al., 2017) independently. By automating the tedious task of design space
exploration, the error margin can be reduced, efficiency increased (Tkachenko and Wang,
2024), and time spared for more creative endeavors (Helms et al., 2009). However, human
designers remain crucial for defining parameters, making trade-off decisions, and addressing
subjective aspects such as aesthetic requirements (Demirel et al., 2023).

When aimed at assembling components to form topological networks, this automation
process is termed Computational Design Synthesis (CDS) (Gadeyne et al., 2014). Synthesis
involves configuration design, where only the arrangement of components is developed, and
components themselves are not designed. Once the configuration is fixed, setting optimal
specifications turns it into a skeletal design problem (Wielinga and Schreiber, 1997). As it
creates the basic structure of a product, synthesis is a creative step for generating novel
solutions (Cagan, 2001) and strongly overlaps with the conceptual design stage in the product
development process. As such, computational synthesis carries the potential of uncovering
innovative solutions beyond human biases (Chakrabarti et al., 2011).

2.2 State-of-the-art
A purely randomized approach to topology synthesis, sometimes referred to as naive creation,
can produce novel configurations but is computationally inefficient because most generated
solutions are infeasible or irrelevant (Helms et al., 2009). To achieve a better balance between
creativity and efficiency, CDS methods structure the generation process through systematic
procedures rather than random exploration.

Shea (2003) and Cagan et al. (2005) describe CDS as an iterative process built around four
key phases that define how design knowledge is encoded, explored, assessed, and refined
within a computational framework:

(1) Representation defines how design knowledge is captured for synthesis. It typically
includes a metamodel of components, functional hierarchies, and the rules or
constraints that describe allowable relationships.

(2) Generation produces candidate solutions based on the defined representation. This
can be done through rule-based or search-based strategies, depending on how domain
knowledge is encoded.
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EC (3) Evaluation assesses generated solutions to identify feasible and promising
candidates. Depending on the level of available knowledge, evaluation can range
from expert judgment to automated simulation-based performance analysis. When
large sets of designs are produced, embedding evaluation directly within the
computational loop is most effective (Shea, 2003).

(4) Guidance uses the outcomes of evaluation to inform the next cycle. This feedback can
be automatic or through designer intervention to steer exploration toward more
promising regions of the design space.

Representation and generation form the constructive core of the synthesis process, while
evaluation and guidance create an adaptive loop. No generation can occur without a proper
representation, and meaningful guidance requires evaluation. When the guidance phase is
absent, synthesis operates as an open-loop process in which designs are generated (sometimes
with evaluation) but without systematic refinement or feedback.

Rule-based approaches, such as design grammars, provide a structured way to generate
configurations by applying symbolic rules that define how components or functions can
combine (Chakrabarti et al., 2011). This is conceptually similar to natural language, where a
finite set of symbols and rules can yield diverse expressions. A metamodel typically defines
available components, constraints, and relationships, ensuring that generated designs
remain valid.

In topological CDS, grammar-based synthesis often begins with a functional
decomposition of the problem, from which structural concepts are derived (Pahl et al.,
2007). The Function—Behavior—Structure (FBS) framework (Umeda and Tomiyama, 1995)
extends this logic by deriving structures from functions through the behaviors that realize
them. It has been applied to the synthesis of electric and hybrid vehicle powertrain
architectures (Helms et al., 2009; Helms and Shea, 2012), using hierarchical graph grammars
that define rules linking functions, behaviors, and structures with each other and among
themselves. Application of these rules builds the functional topology, then assigns behaviors,
and finally instantiates concrete components until a complete design graph emerges.

While grammars provide expressive generative power, their combinatorial growth limits
scalability. To address this, Miinzer et al. (2013) reformulated synthesis as a Boolean
satisfiability (SAT) problem, where component types, ports, and interconnections are
expressed as logical constraints. Solving the SAT model yields all valid system topologies,
after which Constraint Satisfaction Problem (CSP) solving assigns consistent numerical
parameters. These topologies are automatically transformed into executable bond-graph
simulation models (Miinzer and Shea, 2017), evaluated under representative conditions, and
further refined through a Simulated Annealing loop to optimize performance (Miinzer and
Shea, 2016). This integrated pipeline, from topology generation to simulation-based
evaluation, covers the full CDS process and is domain agnostic, though it remains open-loop
and computationally intensive since all topologies are exhaustively generated and evaluated.

A related constraint-driven approach by Anderson et al. (2017) generated electronic
circuits and firmware from behavioral specifications. Rather than graph transformations, it
used a declarative model where components and behaviors were matched through dependency
resolution. This demonstrated that constraint-based reasoning can achieve generative
synthesis without formal grammar systems.

Beyond generating designs from scratch, several studies focus on deriving alternatives
from existing valid configurations. These methods emphasize iterative improvement and
search efficiency rather than full generative exploration. Bolognini et al. (2007) proposed a
stochastic, simulation-guided method called CNS-burst, where electro-mechanical designs are
represented as Connected-Node Systems. At each step, a design is randomly but selectively
modified, simulated, and retained only if it remains Pareto-optimal. Repeating this process
yields a diverse set of optimized configurations that balance exploration and performance.
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Starling and Shea (2005) introduced a more structured approach using parallel grammars that Engineering
define both function and geometry. Grammar rules are applied stochastically among valid Computations
options, and each generated configuration is automatically simulated and evaluated. A hybrid
pattern search algorithm then biases rule selection toward sequences that previously improved
performance, combining stochastic variety with directed learning.

Recent advances in artificial intelligence have introduced new directions for CDS,
particularly through machine learning (ML) techniques that enable data-driven modeling and
automated design exploration (Peckham et al., 2025). These methods generally serve two
complementary roles: as surrogate models that accelerate evaluation, and as generative models
that propose new design candidates.

To alleviate the significant computational effort associated with CDS, surrogate models —
also known as metamodels, response surface models, or emulators — are developed as
computationally efficient approximations of high-fidelity models. These surrogate approaches
span a wide spectrum, from machine learning techniques such as neural networks to classical
methods like polynomial response surfaces, radial basis functions, Kriging, polynomial chaos
expansions, and support vector machines (Simpson et al., 2001; Sudret et al., 2017). In recent
years, physics-informed and hybrid physics-machine learning models have further enhanced
surrogate modeling by embedding domain knowledge and governing equations into data-
driven architectures, improving generalizability and physical consistency even with limited
training data (Karniadakis et al., 2021). As an example of physics-informed machine learning
in the automotive domain, Tran et al. (2024) employed a nonlinear autoencoder to learn a
compact latent design space from car body geometries and their drag coefficients. The model
could predict aerodynamic performance directly from latent variables, thereby allowing for
faster evaluation of synthesized designs.

The application of AI to topological generation itself remains limited, as data-driven
models tend to reproduce existing design patterns rather than discover novel configurations.
However, significant progress has been made in geometric generative design, where design
spaces are continuous and novelty is more naturally defined. Zang et al. (2024) trained a
conditional GAN on vehicle silhouette data to generate body shapes consistent with stylistic
descriptors. Wang et al. (2025) combined a convolutional neural network with a multimodal
large language model (LLM) to generate car designs aligned with target brand identities and to
provide explainable feedback on stylistic features. Similarly, Oh et al. (2018) used GANSs to
generate concept images of wheel designs, which were then refined through topology
optimization to produce manufacturable, performance-oriented geometries.

Most recently, LLM-based frameworks have been introduced as agents within design
pipelines. Elrefaie et al. (2025) presented a multi-agent architecture where one agent translated
sketches or prompts into renderings, another constructed (or retrieved) 3D geometries based
on these renderings, and a third used surrogate simulations to provide aerodynamic feedback
on generated geometries. Massoudi and Fuge (2025) investigated the use of these systems for
improving early-stage engineering design. They compared a two-agent and a nine-agent
system for an end-to-end pipeline from requirement extraction to conceptual design, and from
there to simulation model generation, all embedded into a JSON-based representation. Both
showed strong adherence to syntax and format, but heavily struggled with requirement
coverage and physical correction. These approaches show how generative Al can go beyond
achieving tasks themselves by acting as an orchestrator of designated tools, but also indicate
their inability to properly understand the scientific knowledge and domain-specific heuristics.

2.3 Challenges and research gap

Across the body of work reviewed, it is clear that various CDS methods, ranging from rule-
based grammars to Al-driven techniques, have achieved considerable progress, especially
within the automotive domain. Yet several fundamental challenges persist that restrict their
scalability, generality, and practical applicability.
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EC (1) Human Dependence for Setup: Rule-based systems such as design grammars rely
on manually engineered rule sets that encode expert knowledge about components,
interfaces, and constraints within a narrowly defined domain (Chakrabarti et al., 2011;
Alber and Rudolph, 2003). Creating or extending such grammars demands substantial
effort to determine what constitutes a valid transformation and to formalize it
accordingly (Caldas, 2008; Kriegman et al., 2020). While limited attempts at self-
learning grammars exist (Orsborn et al., 2008; Yogev et al., 2010), these remain highly
task-specific. More recently, LLMs have been researched as a grammar development
and interpreting “partner” to reduce the extent of human effort required (Shea et al.,
2025).

(2) Lack of Generalization: Al-based approaches can reduce human dependence, but
inherit the same issue in a different form: the learned representations are constrained
by their training data and therefore generalize poorly beyond the domain from which
the data were drawn. Cross-domain transfer usually requires retraining on new
datasets or embedding explicit physics-based constraints, both of which raise
computational cost and model complexity (Peckham et al., 2025). Efforts such as
Miinzer’s Boolean satisfiability (SAT) formulation (Mtinzer et al., 2013) attempt to
define a domain-agnostic synthesis framework by expressing design constraints in a
unified logical form, but at the expense of extremely high computational demand and
extensive simulation requirements (reporting an overall time of 2,500 h for generating,
simulating, and optimizing all feasible powertrain architectures to produce around a
hundred optimal ones).

(3) Conversion to technical models: Although topology generation is central to CDS,
the resulting configurations must ultimately be converted into mathematical or
simulation-ready models for quantitative evaluation. This translation step remains
largely manual, as the exact transformation from the inputs to outputs within a
component, on a system-level, strongly depends on the domain, use-case, physical
phenomenon, utilized language/tool, and modeling fidelity. Each CDS
implementation incorporating simulation based evaluation requires predefined
component models and tool-specific libraries (Miinzer and Shea, 2017; Starling and
Shea, 2005; Bolognini et al., 2007). Wu et al. (2008) partially addresses this gap
through automated bond-graph construction, yet the approach is still tied to the
physical domain for which the component templates are defined. Consequently, there
is still no general mechanism for automatically deriving simulation-ready models
across different physical domains or fidelity levels. This missing link prevents full
automation of the synthesis—evaluation loop and reinforces dependence on human
intervention during the modeling phase.

(4) Balancing Novelty with Efficiency: There is a persistent difficulty in balancing
exploratory generation with guided optimization. Open-loop or exhaustive methods,
such as Miinzer’s SAT-based framework, guarantee coverage of feasible design
spaces but at extreme computational cost. Conversely, biased grammar rules or
heuristic guidance can improve efficiency but risk overlooking novel configurations
(Starling and Shea, 2005). Al-driven methods, when considered for generation
purposes, can also be biased towards existing solutions.

(5) Combined impact of configuration, parameters, and control: The evaluation
phase is often simplified (Starling and Shea, 2005). Most implementations fix or
randomly assign parameters and employ generic control strategies, meaning that a
topology may appear suboptimal simply because it was paired with non-ideal
parameter settings or control logic. In complex systems such as powertrains, topology,
parameter values, and control behavior are tightly coupled, and neglecting this
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coupling can lead to misleading assessments of design quality. Miinzer and Shea Engineering
(2016) included parametric optimization of generated powertrains via simulated Computations
annealing, but the control strategies were left static and simplistic. While the
comprehensive way would be to optimize each generated configuration in terms of its
parameters, tune a perfect control strategy, and then compare it with others, it would
overall be very inefficient. This imbalance between exploration, guidance, and
evaluation fidelity remains a central obstacle to efficient yet innovative computational
synthesis.

This research focuses on the complex inter-dependencies of topology configuration,
parameters, and control. In particular, we analyze the impact of parameterization during
simulation-based evaluation of computationally synthesized powertrain topologies. The goal
is to find out if parametric variation affects topological performance during the evaluation
phase, and if and where parametric optimization should be incorporated within a synthesis
workflow. Further, we present a methodology for incorporating autonomous optimal control
into simulation-driven synthesis workflows. This naturally builds on prior simulation-driven
workflows such as Miinzer and Shea (2017), which utilized a simplistic and constant-
parameter control loop for simulating their powertrain topologies. The novelty of the work lies
in the incorporation of automatic control tuning within a simulation-driven evaluation
framework for computational synthesis, alongside the utilization of MATLAB-Simulink for
simulation purposes.

3. Methodology

To investigate the influence of parameterization on performance evaluation within a CDS
workflow, a simulation-driven framework was developed that autonomously generates and
evaluates vehicle powertrain topologies. The framework also integrates autonomous control
tuning, representing the second contribution of this work.

The central question addressed in this study is: Given an automatically synthesized
topology, to what extent does its parameterization affect its evaluated performance relative to
its structural layout? In other words, within a synthesis loop, does a topology’s performance
ranking depend primarily on its configuration, or can suboptimal parameter choices cause
otherwise promising topologies to be overlooked? This question is significant because most
existing CDS workflows either fix parameters or optimize all candidates exhaustively, which
could lead to inefficiencies or biased evaluations. To address this, the framework is structured
around the following key objectives:

(1) Develop a topology generation strategy that allows controlled variation in both layout
and parameters, enabling comparative analysis of their respective effects on topology
selection.

(2) Establish a method for automatically converting generated topologies into executable
simulation models for quantitative performance evaluation.

(3) Integrate an autonomous control optimization scheme within the simulation process to
ensure consistent and realistic dynamic assessment.

(4) Define performance metrics and evaluation criteria for analyzing and comparing
simulated topologies.

This paper focuses on developing and demonstrating this framework using vehicle powertrain
architectures, a domain particularly suited to computational synthesis due to the modularity
and combinatorial diversity of its subsystems (Helms and Shea, 2012). The code for this entire
framework, alongside the utilized powertrain component library and parameter sets, can be
found in Malik et al. (2024).
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EC 3.1 Topology generation
For topological synthesis, the variation in layouts and parameters can be controlled through the
following strategy;

(1) If structural uniqueness is enforced, only distinct layouts are generated.

(2) Otherwise, repeated layouts can be produced, albeit with different parameters,
emphasizing parametric variation within the same topological structures.

To analyze the influence of topology versus parameterization on performance throughout the
design space, it should be explored exhaustively. However, since this is computationally
infeasible, we adopt a strategy that maximizes coverage rather than convergence. Within CDS,
the design space can be conceptualized as comprising two main dimensions: (1) topological
structure, and (2) system parameters. We constrain the topological dimension by considering
sequential powertrain layouts, a simplified subset that reduces combinatorial growth and
therefore a smaller design space, which can be fully explored easily. At the same time, we
enable broad exploration by adopting random parameter assignment and random
combination-based synthesis. This represents a basic naive generation approach (Cagan
et al., 2005) which allows maximum exploration of the design space. Not only does this
simpler approach prioritize evaluation functionality over advanced synthesis capabilities, but
it also avoids the complexities of integrating design grammars. In the following text, we
present the implementation details of this approach.

3.1.1 Ports as constraints. A primary characteristic of CDS is the modularity of constituent
components, which are defined as stand-alone structures with specified inputs and outputs,
commonly referred to as ports. These ports are characterized by attributes such as the type of
energy flowing through them, allowing only compatible components to interconnect. They
therefore reduce the solution space to a feasible region (Mittal and Frayman, 1989). Further,
representing designs as configurations of port-based objects is useful at the conceptual design
stage when the geometry and spatial layout are still ill-defined (Liang and Paredis, 2004).

Prior works on computational synthesis of electric (Helms et al., 2009) and hybrid (Helms
and Shea, 2012) vehicle powertrain topologies have used the nature of energy flow as the basis
of defining ports. Since engineering components generally involve energy conversion,
storage, or manipulation, this method is broadly applicable. Therefore, the same approach has
been utilized in this framework, with ports defined by the type and direction of energy flow
through them. Only ports with the same energy types and opposing flow direction can
interconnect, as illustrated in Figure 1. Table 1 provides detailed information on the ports and
other attributes of the considered powertrain components. These components are chosen as
they represent the most essential systems in common powertrain types (i.e. combustion,
electric, and hybrids).

3.1.2 Sequential synthesis. Since the layouts are sequential, they are represented as
sequences of words, with each word denoting a component. Each word also has mapped
metadata, which includes the type and direction of its ports. The synthesis process begins
with the selection of a vehicle block (the load block) from the library as the initial element.

N P oy S, M
= 5= =

Step 1: Arandom component is picked Step 2: Another random component is Step 3: Another random component s Step 4: The new component s attached
picked, and all its ports are checked for picked, and port compatibility checked. to previous one along compatible ports.
compatibility with all ports of previous Two ports are compatible The steps repeat for the free port
component. No ports are compatible,

0 this new component is rejected

Figure 1. Working of the randomized synthesis algorithm. Source: Authors’ own work. The arrows and their
color indicate direction and nature of energy flow (Blue is electrical, Green is mechanical, and Red is chemical

energy.)
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Table 1. Attributes of the component blocks in the library. Only ports related to energy flow are mentioned Engineering

Computations

Ports
Component D Class Ports Ports domain direction
Fuel Tank FT Storage 1 Chemical Output
Battery BAT Storage 1 Electrical Input
IC Engine ICE Actuator 2 Chemical, Mechanical Input, Output
Motor MOT Actuator 2 Electrical, Mechanical Input, Output
Generator GEN Generator 2 Mechanical, Electrical Input, Output
Transmission TR Transmitter 2 Mechanical, Mechanical Input, Output
Gearbox GB Transmitter 2 Mechanical, Mechanical Input, Output
Vehicle VEH Load 1 Mechanical Input

Port-compatible components are then sequentially added to each available port until no free
ports remain. Ports are considered compatible if they share the same energy domain and have
opposite energy flow directions. For each available port, the algorithm randomly selects a
component from the library and checks its compatibility. If compatible, the component is
placed adjacent to the previous one, and its free port becomes the next connection point. If not,
another component is randomly selected, and the process repeats. The algorithm is also
constrained to have the generated layouts contain at least one actuator. This, coupled with the
fact that the generation begins from the vehicle block, ensures that the generated topologies are
actually powertrain systems, e.g. avoiding a layout where two vehicle blocks are connected via
a gearbox.

3.2 Model generation

Once a topology has been synthesized, it needs to be converted into a mathematical model for
simulation and analysis. For this framework, the MATLAB environment is used, offering both
text-based (MATLAB) and visual (Simulink) programming tools. Simulink is suitable for
system-level design, and is widely utilized in powertrain modeling research (Tomar et al.,
2021; Gangurde et al., 2019) due to its dynamic system modeling capabilities. Furthermore, its
compatibility with MATLAB allows easy integration of the text-based generation algorithm.

3.2.1 Component modularity. Translating modular synthesis units with defined ports into
functional technical models presents several challenges. Mathematical models of components
often require complex and diverse input and output variables that may not align neatly with the
simplified energy-based notion of input and output ports. For instance, the model of an electric
motor may include several variables such as voltage, current, torque, speed, and control signal.
To address this, mathematical models must be adapted to group related variables under unified
energy flow ports.

Simulink’s Simscape package offers models for engineering components interconnected
through bond graphs, which provide a unified approach for representing energy transfer. The
package’s built-in compatibility across engineering domains also facilitates translating
synthesized topologies. However, the models’ complexity makes it more prone to errors,
especially for cases such as computational synthesis, where unconventional topologies may be
present. Furthermore, modifying or developing custom Simscape models is challenging due to
limited documentation.

To mitigate these issues, the framework uses custom Simulink-based mathematical models
developed from scratch for the component library. To unify related input and output variables
into single energy-based ports, a two-way connection block is utilized in the modeling process.
For instance, a motor providing torque to a vehicle requires feedback of the vehicle’s speed (or
the corresponding rotational speed at the motor shaft) to adjust torque output based on its
specifications. Although this approach is primarily necessary for mechanical energy ports, it is
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EC applied uniformly across all energy flow ports for consistency. For ports where one flow
direction is unused, the unused direction is terminated at both ends, as illustrated in Figure 2.

The component modularity is facilitated by modeling components as masked Simulink
blocks to allow seamless integration. Once developed and saved, they can then be utilized in a
system by requiring only essential parameter adjustments without internal mathematical
modeling. The component’s external attributes (detailed in Table 1, required for the top-level
configuration by the topology generation algorithm) are stored as a read-only parameter for
each component block.

3.2.2 Mathematical modeling. Component modeling is designed to support generation of
forward-facing powertrain models. These models simulate from energy source to sink (e.g.
from fuel to engine to wheels), followed by a feedback to control this energy flow. Since
physical causality makes models and simulations more realistic, they are more suited to
evaluate a vehicle’s performance and dynamic behavior (Mohan et al., 2013). This contrasts
with backward facing models, which pre-assume feasibility, and trace energy flow in reverse
(e.g. from vehicle to engine to fuel).

A basic summary of the components’ mathematical modeling for this framework, is given
in this section.

(1) Fuel Tank: Essentially a sink for power consumption output from the IC engine. Power
consumption is translated into fuel consumption through the fuel’s energy density.

(D

(2) Battery: A simple Thevenin model (Salazar and Garcia, 2022) with ideal battery
efficiency of 1. The relationship between battery’s open source voltage and State of
Charge (SOC) is modeled by scaled data from Panasonic NCR18650B (Li, 2024), a
lithium-ion battery cell used in older Tesla models.

Vbat - Voc,bal(soc([)) - Rinti (2)
1 t
SoC(f) = SoCy — / i dt 3)
Crated JO
Pclcc (4)
1= —
Vbat

(3) IC Engine: The simplified engine model works by limiting the demand torque
according to the maximum torque at the current speed from the engine torque curve.
The clutch is simulated by saturating engine speed at stall and maximum speeds, while

Torque Demand

Motor Speed Torque Input
Battery Power [€— m» <] = %qu Motor Power Vehicle Speed [/
Motor Torque Shat Speed

Battery Motor Vehicle

Figure 2. The two way connection strategy as utilized in an EV architecture. Source: Authors’ own work). The
two-way connection block (green) connects through a single connection (red) the EV components (blue)
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zeroing torque output. Braking is simulated by forwarding the negative torque demand Engineering
as manual braking force, but is not counted during power consumption calculations. Computations

_ STicc,maxv if Trcq > Oa
Tiee = {o, if Theq < 0. )
3 _ f(wice. max)7 lf Witall S Wice S Wmax s
Ticemax = { 0, otherwise ©
Pryet = ”ice”dTiceWicc (7)

(4) Motor: Similar to the IC engine, the motor works by limiting the requested torque
according to the torque-curve of the motor (Yang, 2022). The motor is assumed to
work at the maximum torque at speeds lower than a base speed, and then decaying
torque as speed increases. Braking is simulated by providing regenerative torque by
the motor and forwarding the remaining of the requested as manual braking force.

T STmOLmaxa if Treq > Oa (8)
t .
me Z - Tmol‘max; lf Treq < 0
Tmm,ahs,maxa lf Wmot S wmot,hase:
Tmot.max = P (9)
! mot,abs,max .
N if WOmot > wmol,base-
@mot
P mot,abs,max
Omotbase = 77— (10)
Tmot‘absﬁmax
Pelec - nmmr]dTmoleot (1 1)

(5) Generator: A simple generator model with the battery model incorporated. The
generator simply calculates the provided mechanical power and converts it into
electrical power at a constant efficiency.

Pclcc = ngc"Tinwin (12)
(6) Transmission and Gearbox: A simple multiplication of gear ratio with the provided

torque and feedback speed. The gear ratios are modified based on provided threshold
speeds. For gearbox, the model is the same but the gear ratio is fixed.

Tow = rligTin: Win = igwout (13)
(7) Vehicle: A simple longitudinal vehicle dynamics model with resistive and tractive

forces.

1
my = Tyr, — mgf, — 5pcDsz — mgsiné (14)
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EC (8) Driver: Essentially a PID (only proportional control is used) speed controller for the
provided drive cycle. The actuators are controlled by providing a proportional torque
demand proportional to the drive cycle speed. In case of a series hybrid layout, the
engine is controlled based on the SOC of the battery. It is only turned on once SOC
falls below a specified threshold, and then is kept on for a fixed time.

Tieq = K,v as)

3.2.3 Translation into model. Once models of all powertrain components have been developed
in accordance with the presented approach, they are saved in a local Simulink library, ready to
be used by the framework. After a topology is synthesized, it is translated into a Simulink
model by selecting and arranging blocks from this library. A script reads the generated
topology sequence and selects Simulink blocks based on the external attributes defined in
Table 1. The driver controller block is then added to complete the system model. Parameters
for each block are assigned by randomly selecting a parameter set from a predefined collection
and applying it to the corresponding components. Finally, global simulation parameters are
configured, preparing the system model for simulation.

3.3 Autonomous control tuning

After the formation of a forward-facing architecture, the PID controller is to be tuned to
develop an optimal control strategy for the developed powertrain model. This is the second
contribution of this paper, and ensures that an otherwise promising but novel topology is not
discarded due to a poorer (but universal) control scheme. For this purpose, we utilize genetic
algorithms, and this section details their implementation for this use case.

Genetic algorithms belong to the class of evolutionary algorithms and are inspired by
genetics and natural selection. They are primarily used to find approximate solutions to
optimization and search problems. Unlike Monte Carlo simulations, where the whole search
process is based on randomness and the likelihood of reaching optimal values diminishes with
increasing dimensions, the genetic algorithm has a structured approach, making them scale
well to high-dimensional search spaces. (Mantri and Kulkarni, 2013; Ahmmed et al., 2020;
Yusoff et al., 2015) Genetic Algorithms start with a random initial guess and then pivot
towards the optimal values as they converge.

A genetic algorithm starts by initializing a population of possible solutions (referred to as
individuals or chromosomes). Each individual in the population has a genome that encodes the
solution. For example, to optimize PID gains, a genome would be [10, 2, 5] or [4 1 1]. The set of
all the current solutions at a given point is called a generation. The starting generation is
populated randomly or based on some heuristic. Next, a fitness function is used to simulate the
process of natural selection, i.e. survival of the fittest. Each individual in the population is then
evaluated using a cost function, called the fitness function, which quantifies how close the
solution is to the optimal solution. Based on this evaluation, there are four phenomena through
which the next generation is populated from the previous one, visualized in Figure 3.

(1) Elitism: The individuals with the highest fitness, i.e. least cost, are chosen unaltered
for the next generation.

(2) Cross-over: Some individuals exchange values among themselves to create new ones
for the next generation.

(3) Mutation: Some individuals undergo random changes in their values and pass them on
to the next generation. It helps discover new solutions that were not possible otherwise
with the starting gene pool and also prevents premature convergence to a local
optimum.
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Figure 3. Working of a Genetic algorithm. Source: Authors’ own work

(4) Rejection: The individuals with the highest cost are rejected and not selected for the
next generation.

The algorithm loops either till the desired fitness score is achieved or until the maximum
number of generations is reached. While forming a generation, a probabilistic approach guides
operations following elitism. This makes each generation statistically more efficient than its
predecessor.

Utilization of a genetic algorithm for PID tuning of a control system first requires the
selection of a fitness function. Mirzal et al. (2012) used Integral square error (ISE), Integral
absolute error (IAE), Integral time absolute error (ITAE), and Integral time square error (ITSE)
to analyze different performance metrics (overshoot, settling time, rise time, etc.). ISE has a
faster response but requires more control effort, while IAE has a smooth but slower response.
ITSE leads to a fast response and easy control, but usually results in more oscillatory behavior.
In the context of the problem at hand, a fast response and settling time are suitable, so ITAE is
used. ITAE calculates the integral of the absolute error weighted by time and hence penalizes
errors that persist longer. ITAE was chosen because it not only minimizes the error but also the
time taken to minimize the desired response.

To improve computational efficiency for tuning, optimal input parameters for the genetic
algorithm need to be selected. These include the number of generations, populations, and
bounds for the values. For this purpose, the MATLAB Experiment Manager App was used to
design an experiment aimed at deriving optimal PI gains for a hybrid powertrain operating on
the WLTP cycle. 1728 parameter combinations were formed and evaluated based on average
percentage error and tuning time. Based on its results, another refined experiment was then
run. Details of parameters for both experiments are given in Table 2.

3.4 Evaluation
The evaluation process assesses the viability of the generated topologies and is a crucial step
within the whole framework. The topology’s Simulink model is simulated over the entire drive

Table 2. Parameter values for the genetic algorithm experiment

Parameter Experiment 1 Experiment 2
Drive Cycle Length (s) [30, 100, 200, 1800] [30, 150, 1800]
Lower Bounds for PID gains [0, 70] [0]

Upper Bounds for PID gains [No bound, 95, 100, 500] [250, 500]
Generations [2, 3,5, 10] [3, 5, 10]
Population [5, 10, 20] [5, 10]
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EC cycle, and its performance is first evaluated based on the desired requirement of Mean
Absolute Error (MAE). If the powertrain model achieves the provided drive cycle within an
acceptable range of MAE, its features are saved and then assessed based on two numerical
metrics: costs and emissions. These metrics are then visualized on a Cost vs. Emissions graph.

(1) Cost: For simplicity, only direct costs are considered, encompassing prices for
individual components. Each component is assigned a cost based on current market
prices and technical specifications. The total cost of the entire architecture is estimated
by summing the costs of all its constituent components.

(2) Emissions: The environmental impact of the powertrain layouts is evaluated by
calculating carbon emissions, which are divided into two categories:

o Cradle-to-Gate Emissions: These emissions are produced during the entire
production process of a component, from the extraction of raw materials to the
point of delivery. Each component is assigned a specific value, quantified in tons
of CO2 emissions, based on broadly accepted estimation ranges. The total Cradle-
to-Gate emissions for the overall architecture are determined by summing the
emissions values of all constituent components. For the sake of simplicity,
emissions associated with fuel production and battery charging are excluded from
this calculation.

« Tank-to-Wheel Emissions: These emissions result from fuel combustion within
the relevant powertrains. The simulation allows for the estimation of fuel
consumption per unit distance. By applying an average value for a typical road
vehicle’s lifetime (in terms of total distance traveled) and the emissions per unit
mass of fuel, the total emissions over the vehicle’s life cycle are calculated.

3.5 Overall workflow
The workflow of the resulting framework is visualized in Figure 4, and described below.

(1) Requirement Provision: The framework provides a driving cycle, and the
requirement is for a powertrain to achieve it within a certain range of Mean
Absolute Error (MAE).

(2) Topology Generation: The topology is generated in the form of a string sequence,
through a random, port compatibility-constrained combination of individual
components. If the uniqueness constraint is applied, the topology is checked if it is
distinct from the previously created ones, and discarded otherwise.

(3) Model Generation: A MATLAB script translates the topology to a mathematical
model by fetching Simulink blocks from the custom component library. The model is
forward-facing with PID control.

(4) Parameterization: Technical parameters are randomly assigned from a specified set
to Simulink blocks in the layout.

(5) Controller Tuning: The Simulink model’s PID speed controller is tuned using a
Genetic algorithm against the provided drive cycle.

(6) Evaluation: The powertrain topology model is simulated for the entire drive cycle,
and the results are presented in accordance with specified criteria. The topology is
rejected if it does not meet the criteria; otherwise, the model and results are saved. This
whole process iterates until the number of requested topologies is produced. Finally,
the performance of all topologies is presented in the form of a Costs vs. Emissions
graph.
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EC 4. Results

4.1 Optimal auto-tuning hyper-parameters

The first experiment results helped in identifying that genetic algorithm when trained on
smaller speed profiles and larger bounds for PID gains performed better in general. So, the
parameters were updated for a second experiment and 72 new input parameter combinations
were run (see Table 2). The results for the second experiment (Figure 5) showed that the
algorithm with only a 30 s snippet of the speed profile, gains between 0 and 500, with 3
generations and a population of 5 individuals per generation yielded the most optimal results in
terms of error minimization and computational efficiency (time).

Worldwide Harmonized Light Vehicles Test Procedure (WLTP) drive Cycle (1800s) was
then run with the obtained PID gains. The mean percentage absolute error observed was 0.31%
and it took 27 s for the algorithm to find the gains. It is to be noted that, the minimum error
(0.29%) is obtained when the parameters for the algorithm are set to 5 generations with a
population of 10 but the computation time is above 100 s. However, with the input parameters
of 3 generations with a population of 5 the error obtained was 0.31% but the computation time
was just 27 s. Therefore, the latter parameters were chosen.

Furthermore, the percentage error is higher for all the generations, population and
simulation time combinations when the bounds are between 0 and 250. The reason is that the
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Figure 5. Results of the genetic algorithm parameter optimization experiment
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values for optimal gains are above 250. Consequently, it is better to have bigger bounds to Engineering
make sure that the algorithm has the correct search space to finds the gains. Lastly, to validate Computations
the performance of the algorithm, the gains were determined for a different drive cycle (New

York City Cycle) and a simplified DC motor model. The resultant errors were 0.34% and

0.12% respectively.

4.2 Topology synthesis and evaluation

The developed framework was tested with WLTP drive cycle due to its widespread utilization
in designing different types of vehicle powertrains. The threshold for MAE for an acceptable
architecture was set to 10 km/h. Additional constraints include utilization of each item only
once, therefore preventing items to be repeated. This was done primarily to prevent generation
of complex series hybrid layouts e.g. a topology containing two generators, which would
require a much more complex controller. Two tests were conducted, once without the
uniqueness constraint (thereby allowing repeated topologies) and once with it.

The results in Table 3 show that while the uniqueness constraint increase processing time
(due to rejections of repeated layouts), the overall impact on simulation time is small since
duplicates are rejected and not simulated.

Table 4 and Table 5 show the accepted and rejected powertrain topologies from run 1 and
run 2, respectively. The table categorizes layouts based on included components as Internal
Combustion Engine Vehicle (ICEV), Electric Vehicle (EV), and Series Hybrid Electric
Vehicle (SHEV). Topologies labeled in parentheses were rejected due to simulation results for
one of two reasons:

(1) Failure to achieve the given drive cycle within acceptable MAE.
(2) Duplication (under the uniqueness constraint), ensuring distinct topologies.

Performance of select powertrain topologies as plots of reference and achieved vehicle speeds
is presented in Figure 6. Figure 7 presents the Cost vs. Emissions graphs for both runs,
allowing an overview of the generated architectures usability. The labeled points refer to the
corresponding accepted topology which can be located in Table 4 and Table 5. The green line
marks an approximate Pareto Optimal front that can be established for this design space, and
solutions below this front (i.e. lower costs and emissions) are not possible.

5. Discussion

5.1 Automatized control tuning

Efficient PID tuning with the genetic algorithm required balanced parameter bounds. Narrow
bounds restricted the search space, while overly broad or unbounded ranges increased
computation time and led to unstable or sub-optimal results. Choosing an appropriate

Table 3. Summary of the framework runs

Run 1 Run 2

MAE Requirement 10 10
Uniqueness Constraint No Yes
Generated Topologies 17 23
Rejected Topologies 2 8
Required Topologies 15 15
ICEV Topologies 4 9

EV Topologies 7 4
SHEV Topologies 6 9
Simulation Time (minutes) 35 41
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EC Table 4. Topologies generated during run 1 (without uniqueness constraint i.e. duplicate topologies possible).
Note that two same topologies may have different component specs

No. Powertrain topology Accepted Type
1 BAT-MOT- TR - VEH Yes EV

2 FT-ICE-TR - GB - VEH Yes ICEV
3 FT-ICE - TR - GEN - MOT - VEH Yes SHEV
) FT-ICE - VEH No ICEV
4 BAT-MOT- TR - VEH Yes EV

5 FT-ICE - GEN - MOT - VEH Yes SHEV
6 BAT - MOT - VEH Yes EV

7 FT-ICE - TR - GB - GEN - MOT - VEH Yes SHEV
8 FT-ICE - GEN - MOT - VEH Yes SHEV
9 FT-ICE - GEN - MOT - VEH Yes SHEV
10 BAT - MOT - TR — VEH Yes EV
(11) FT-ICE - VEH No ICEV
11 BAT-MOT- TR - GB - VEH Yes EV

12 FT-1ICE - TR - GEN - MOT - GB - VEH Yes SHEV
13 BAT - MOT- GB - VEH Yes EV

14 BAT - MOT- GB - VEH Yes EV

15 FT-ICE - VEH Yes ICEV

Table 5. Topologies generated during run 2 (with uniqueness constraint i.e. all accepted topologies are distinct)

No. Powertrain topology Accepted Type
1 BAT-MOT- TR - VEH Yes EV
() FT-ICE - VEH No, failed ICEV
2 FT-ICE - GB - VEH Yes ICEV
3 FT-ICE - TR - GEN - MOT - VEH Yes SHEV
4 FT-ICE - GEN - MOT - VEH Yes SHEV
5) BAT - MOT - VEH No, failed SHEV
5 BAT - MOT - VEH Yes EV

6 FT-ICE - TR - GB - VEH Yes ICEV
7 FT-ICE - GB-TR - VEH Yes ICEV
®) FT-ICE - VEH No, failed ICEV
8) FT-ICE - VEH No, failed ICEV
8 FT-1ICE - TR - VEH Yes ICEV
9 BAT - MOT - GB - VEH Yes EV

10 FT-ICE - TR - GEN - MOT - GB - VEH Yes SHEV
11 FT-ICE - GEN - MOT - GB - VEH Yes SHEV
12) FT-ICE - VEH No, duplicate ICEV
12) BAT - MOT - GB - VEH No, duplicate EV

12 FT-ICE - TR - GB - GEN - MOT - VEH Yes SHEV
13 BAT-MOT- TR - GB - VEH Yes EV
14) FT-ICE - TR - GB - GEN - MOT - VEH No, duplicate SHEV
14 FT-ICE - GEN-MOT- TR - GB - VEH Yes SHEV
(15) FT-ICE - GEN -MOT- TR - GB - VEH No, duplicate SHEV
15 FT-1ICE - TR - VEH Yes ICEV

population size and generation count was also critical. Larger populations improved diversity
and convergence but increased computational cost. In practice, starting with moderate values
and adjusting based on convergence behavior gave the best balance of performance and
efficiency. The control tuning is still limited by manual exploration and setting of the
hyperparameters, which therefore were considered in a limited range and granularity. Future
work could look into making this hyper-parameter tuning process more autonomous.
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marks the estimated Pareto-Optimality front

The complete framework, including automatic control tuning, was evaluated through the
generated powertrain topologies and their simulated performance. The cost—emission plots in
Figure 7 show the expected clustering for both runs. ICEVs occupy the lower-right region,
showing low cost but high emissions. EV's appear in the upper-left, with zero tank-to-wheel
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EC emissions but higher costs from battery systems. SHEVs, the only hybrid type allowed by the
topology constraint, lie between the two. They show lower emissions than ICEVs but a higher
cost due to combined engine and electric components. Some SHEVs appear as cost outliers
due to the random selection of oversized engines intended for ICE layouts.

Inrun 1, all failed topologies (Table 4, (4), (11)) and three of four failed topologies from run
2 (Table 5, (2), (8), (8)) were ICEVs without a transmission or gearbox. Their rejection is
technically justified: an engine directly coupled to the wheels cannot provide adequate torque
to meet the drive cycle. In simulation, such vehicles show severe under-performance: as seen
in Figure 6 (a) and (b), one moves slowly while the other remains nearly stationary.

An accepted topology in Figure 6 (c) includes an ICE with a gearbox but no transmission. It
allows propulsion but prevents the engine from operating near its efficient speed range,
resulting in high fuel use and emissions. This is reflected in Figure 7 (b), where Topology 2
appears far to the right, indicating inefficient operation.

Overall, the results align with expected technical behavior and confirm that the modeling
fidelity is sufficient for evaluating automatically generated powertrain topologies. The
successful operation of autonomous control tuning shows that control optimization can be
effectively embedded within computational design synthesis. Although the framework was
not benchmarked against an approach without tuning, the realistic and consistent simulation
outcomes support confidence in the integrated approach.

A comparison of the two synthesis runs (Figure 7, Table 3) reveals how parameter
assignment and structural diversity interact in simulation-driven design. In the unconstrained
run 1, results cluster around certain architectures, especially EV layouts. These configurations
are both simpler to generate and likely to satisfy acceptance thresholds, causing the algorithm
to resample the same structure with different parameters. The spread within each cluster
reflects performance variation driven almost entirely by parameter differences rather than
topological change. When the uniqueness constraint is introduced (run 2), these repetitions are
eliminated, forcing exploration of complex configurations such as ICEVs and hybrids
(Table 3). The resulting point cloud is more evenly distributed across the cost—emission space.
However, the apparently superior and lower Pareto front in this second case stems from a
favorable parameter draw for an existing EV topology rather than from discovering a new
structure.

This outcome highlights a broader issue in computational design synthesis: every generated
topology must be instantiated with a parameter set before it can be evaluated, and this choice
can dominate the perceived quality of the topology. In the joint topology—parameter design
space, parameterization defines the starting position of each candidate along a high-
dimensional performance surface. Poor parameter initialization can, therefore, misrepresent a
topology’s potential, while optimization for every candidate is computationally prohibitive.

To balance efficiency and fairness, a few practical directions can be considered:

(1) When the solution space is small, all possible topologies may be generated (even
exhaustively) and only structurally unique or promising ones simulated and
optimized. This reduces computational cost but introduces the risk of human bias,
since superficially “uninteresting” layouts might still offer high latent performance.

(2) Thetopologies which do not meet the error threshold should be evaluated by testing on
additional one or two sets of parameters to ensure a potentially good design is not
rejected due to an unoptimal set of parameters.

(3) Knowledge transfer between similar topologies offers a third, more scalable avenue.
As emerging Al and graph-based methods mature, parameter information from
previously evaluated layouts could inform the initialization of new, structurally
similar ones. This could be either through similarity metrics or learned embeddings.
Such approaches could ultimately enable efficient reuse of parametric knowledge
across large, combinatorial design spaces.
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Future research could extend this analysis to non-sequential or branched topologies to test the Engineering
observed trends in larger and more complex design spaces. In addition, the proposed strategies Computations
of evaluating topologies through enabling knowledge transfer between structurally similar
layouts should be implemented and tested to quantify their impact on synthesis efficiency and
bias reduction.

A key challenge in CDS research, as noted in subsection 2.3, lies in the manual translation of
synthesized topologies into simulation-ready models. Addressing this step through automated
model construction, potentially supported by emerging Al tools such as LLMs, represents a
promising direction for improving the scalability and autonomy of CDS workflows.

6. Conclusion

In this work, a MATLAB-based, simulation-driven, CDS workflow with an integrated genetic
algorithm-based PID control optimization module is proposed. The framework was applied to
the synthesis and evaluation of sequential vehicle powertrain topologies. The topologies were
constructed and parametrized randomly to encourage maximum exploration of the design
space. The work also investigated the relative influence of configuration diversity and
parametric diversity on design-space exploration by synthesizing and simulating sets of
topologies with and without enforcing structural distinction.

Key findings from this study include:

(1) The generated layouts perform as anticipated when assessed using cost and emissions
metrics, both collectively as a set and in terms of their individual performance. The
realistic and consistent simulation outcomes thus support confidence in the integrated
control tuning approach.

(2) A comparison of synthesis runs with and without a topology uniqueness constraint
revealed key patterns. Parameter variation dominated performance clustering in the
unconstrained case, while the uniqueness constraint promoted exploration of
structurally distinct configurations. Though the constrained case resulted in a more
favorable Pareto front, it resulted from more favorable parameter initialization. These
findings indicate that parameter initialization strongly influences perceived
performance. A topology’s parameter assignment defines its effective position in
the joint topology—parameter design space and poor initialization can bias evaluation
outcomes even when structural diversity is maintained.

Future computational design synthesis workflows could consider the following three strategies.
First, each rejected topology could be evaluated using multiple parameters to ensure a potentially
good topology is not rejected due to stochastic bias. Second, topology generation and parameter
optimization should be separated when possible. All topologies can be generated first, and only
promising ones are simulated and optimized in detail. This method is suitable for small or well-
bounded design spaces but may not scale efficiently. Third, parameter information should be
transferred between similar topologies. Similarity can be defined using graph-based metrics or
learned through data-driven methods. Such knowledge transfer can improve parameter
initialization for new designs. The hyper-parameter tuning process for the genetic algorithm for a
given application could be made more autonomous based on the reference drive cycle. In
addition, research should tackle the persistent challenge of manually converting synthesized
topologies into simulation models, potentially through emerging Al tools such as LLMs.

Data availability

In the interest of transparency, data sharing, and reproducibility, the author(s) of this article
have made the code and data underlying their research openly available. It can be accessed by
following the link here: https://github.com/rohailamalik/powertrain-cds-with-auto-
control-tune
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