
EngiBench: A Framework for Data-Driven
Engineering Design Research

Florian Felten1 Gabriel Apaza2,∗ Gerhard Bräunlich1,∗ Cashen Diniz1,∗
Xuliang Dong2,∗ Arthur Drake2,∗ Milad Habibi2,∗ Nathaniel J. Hoffman2,∗

Matthew Keeler1,∗ Soheyl Massoudi1,∗ Francis G. VanGessel2,∗ Mark Fuge1
1ETH Zürich 2University of Maryland, College Park

ffelten@mavt.ethz.ch mafuge@ethz.ch

Abstract

Engineering design optimization seeks to automatically determine the shapes,
topologies, or parameters of components that optimize performance under given
conditions. This process often depends on physics-based simulations, which are
difficult to install, computationally expensive, and require domain-specific exper-
tise. To mitigate these challenges, we introduce EngiBench, the first open-source
library and datasets spanning diverse domains for data-driven engineering design.
EngiBench provides a unified API and a curated set of benchmarks—covering
aeronautics, heat conduction, photonics, and more—that enable fair, reproducible
comparisons of optimization and machine learning algorithms, such as generative
or surrogate models. We also release EngiOpt, a companion library offering a col-
lection of such algorithms compatible with the EngiBench interface. Both libraries
are modular, letting users plug in novel algorithms or problems, automate end-to-
end experiment workflows, and leverage built-in utilities for visualization, dataset
generation, feasibility checks, and performance analysis. We demonstrate their
versatility through experiments comparing state-of-the-art techniques across multi-
ple engineering design problems, an undertaking that was previously prohibitively
time-consuming to perform. Finally, we show that these problems pose significant
challenges for standard machine learning methods due to highly sensitive and
constrained design manifolds.2

...

problem.simulate(design, conds)

problem.optimize(design, conds)

problem.dataset

FIGURE 1: Overview of ENGIBENCH and ENGIOPT components.

∗Alphabetically ordered.
2Documentation: https://engibench.ethz.ch.
Benchmarks code: https://github.com/IDEALLab/EngiBench.
Datasets: https://huggingface.co/IDEALLab.
Learning and optimization library code: https://github.com/IDEALLab/EngiOpt.
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1 Introduction

Designing complex engineering systems has traditionally relied on iterative optimization processes
and computationally expensive simulations. Recent advances in machine learning (ML)—particularly
in inverse design (ID) and surrogate modeling (SM)—offer promising alternatives. Rather than re-
peatedly evaluating candidate designs through costly simulations, ID methods aim to generate designs
directly from desired conditions and performance speci�cations, while surrogate models approximate
simulation outputs. By signi�cantly reducing the number of simulation calls, these approaches enable
more ef�cient exploration of design spaces and lower computational costs. Engineering design
researchers have explored ML methods for accelerating design exploration and optimization in many
different directions: approximating optimal designs [9], comparing neural operators or surrogate
models [15], exploring design spaces/con�gurations [35], studying transfer learning [4], among many
others.

However, progress in data-driven engineering design has been signi�cantly slowed by the lack of
standardized simulation environments and publicly available, diverse datasets [60]. Most existing
datasets are not shared, making it dif�cult to reproduce results or compare methods fairly. Even
for datasets that do exist, different problem formulations often use different conventions or metrics,
making it dif�cult or time consuming to compare algorithms across problems. Lastly, generating new
datasets is not only computationally expensive, but also requires con�guring and deploying complex
simulation software—such as for computational �uid dynamics (CFD), �nite element analysis (FEA),
or circuit simulation—which can take weeks or even months and demands considerable domain
expertise. This complexity presents a barrier to entry for ML researchers without an engineering
background, narrowing research in these domains. As a result, researchers often focus on a single
application domain, limiting broader generalization and hindering cross-domain benchmarking of
algorithms.

To address this gap, we introduceENGIBENCH—an open-source library supporting multiple do-
mains in data-driven engineering design.3 It provides an intuitive and extensible Python API that
uni�es the modeling of diverse design problems and includes a suite of rigorously tested problem
implementations. EachENGIBENCH problem comprises a simulation engine and an associated
dataset—encapsulating designs, objective values, attributes, and conditions—accessible via a stan-
dardized interface (see Fig. 1). To showcase the possibilities of using our framework, we also
open-source a CleanRL-style [31] companion library calledENGIOPT, which contains a collection
of ML and optimization algorithms integrated with ENGIBENCH.

The key contributions of this paper are:

1. Novel challenging ML tasks that include hard constraints on what de�nes a feasible solution, and
domain-speci�c metrics going further than statistical similarity, see Section 2.1. We show that the
proposed problems are far from trivial, as these manifolds are highly sensitive to slight changes in
the design space (e.g., keeping the continuity of an airfoil spline), making them dif�cult to learn
with traditional methods, see Section 4.

2. A uni�ed API which can be used in various optimization or ML paradigms, including inverse
design, surrogate-based optimization, physics-informed neural networks (PINNs), etc. This API
eases testing algorithms on a diverse set of problems for the engineering design community, see
Section 3.1.

3. Easy access to a diverse collection of real-world engineering design problems and associated
physics simulators modeling different physical laws. The datasets collected on these problems are
also made publicly available. These include problems across aerodynamics, heat transfer, power
electronics design, photonics, etc., see Section 3.3.

4. A curated set of well-known generative and optimization algorithms implementations compatible
with our API. This allows for benchmarking of multiple baseline algorithms across various
design problems. In our proof-of-concept experiments, we observe that, contrary to popular
belief, unconditional generative adversarial networks (GANs) may outperform their conditional
counterparts and diffusion models on speci�c metrics relevant to engineering design; see Section 4.

3ENGIBENCH builds on the Maryland Inverse Design Benchmark (MIDBench) project (https://ideal.
umd.edu/midbench/ ), which served as an initial prototype but did not reach the maturity needed for publication
or widespread adoption.

2



2 Preliminaries and Related Work

ENGIBENCH aims at easing the work of researchers in ML for engineering design, but also proposes
new challenges for the ML community. This section �rst de�nes the problem, its solutions, and
how progress is generally measured in the �eld, it then discusses existing related works and how
ENGIBENCH differs from those.

2.1 Problem setting

The problem of �nding optimal designs in engineering, often approached computationally, can
be formulated as the following optimization problem. Letx 2 X � Rd represent the design
variables (e.g., spline parameters of an airfoil),a : X 7! A � Rk be attributes computed for each
design (e.g., mass),c 2 C � Rl represent the environmental conditions (e.g., cruising velocity),
f : X � C 7! F � Ro be a (multi-)objective function (e.g., drag and lift),� represent simulation
assumptions and limitations (e.g., numerical approximations), andg andh represent inequality and
equality constraints, respectively (e.g., a constraint ensuring the lift coef�cient must exceed a given
minimum). Then, without loss of generality,

minimize
x 2X

~f (x; c; � ) subject to
gi (x; a(x); c; � ) � 0; i = 1 ; : : : ; q;
hj (x; a(x); c; � ) = 0 ; j = 1 ; : : : ; r;

where ~f only approximates the true objectivef due to the simulation assumptions & limitations� .4

The solutionsto this problem depend on the speci�c context and can take different forms: a single
optimal design, a Pareto set of optimal designs when multiple objectives are considered, or a diverse
set of near-optimal designs, allowing the human designer to select the most suitable one when
exploring the design space.

Solving methods In engineering design, optimization methods such as genetic algorithms (GAs) or
adjoint solvers have traditionally been used to search for the optimal design variablesx � 2 X . How-
ever, this process is computationally expensive, as it requires running simulation software to evaluate
each design. ML approaches, such as inverse design and surrogate-based optimization, have emerged
as popular alternatives. These methods leverage datasetsD = f (x i ; a(x i ); ci ; ~f (x i ; ci ))gN

i =1 of exist-
ing designs, their corresponding properties, and performance outcomes to reduce the computational
burden of traditional optimization techniques.

Inverse designaims to learn a (generative) modelm : A � C 7! X that can predict the optimal
design variablesx � given desired attributesa and conditionsc. The output of such a model is rarely
optimal but is often used as an initial guess for the optimization process to speed up its convergence.
The model can also be used as an operator in a classical search algorithm [60].

Surrogate-based optimizationapproximates the objective function~f (x; c) using a surrogate model
m : X � C 7! F . This model is then used to guide the optimization process (e.g., Bayesian opti-
mization, GAs, or gradient-based methods whenm is differentiable), replacing the computationally
expensive simulations with faster approximations.

Performance metrics Depending on the context and application, engineers prioritize different
aspects of a model's output and often rely on performance metrics that go beyond mean squared
error. In some cases, they may even prefer models that produce less detailed but easier-to-optimize
outputs (e.g., blurry images) over sharper ones [25]. Below, we outline several metrics used in our
experiments. For a more comprehensive overview, we refer the reader to Regenwetter et al. [61].

Similarity: A model should generate results similar to the dataset. In inverse models, this means
matching the dataset distribution, while surrogate models aim for accurate predictions of the objective
values. A common metric ismaximum mean discrepancy(MMD, [23]), which measures the distance
between two distributions. Given a datasetD = f zi gN

i =1 and generated samplesDg = f ẑj gM
j =1 ,

MMD is de�ned asMMD2(k; D; Dg) = E[k(z; z0)] + E[k(ẑ; ẑ0)] � 2E[k(z; ẑ)], wherek(�; �) is a

4For conciseness, we often omit� and denote~f (x; c; � ) as ~f (x; c).
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kernel function (e.g., Gaussian).5 A lower MMD indicates better alignment between generated and
real distributions.

Diversity: In inverse problems, to allow for exploration of the design space, models should generate
a diverse set of designs.Determinantal point processes(DPP, [37]) quantify diversity by favoring
well-spread-out samples. Given a similarity kernelK 2 RM � M with elementsK ij = k(x̂ i ; x̂ j ),
diversity is measured asDPP(Dg) = det( K ). A higher determinant value indicates greater diversity.

Optimality: Engineers prefer models that generate high-performance designs. Thecumulative
optimality gap(COG) measures how far a generated design lags behind the best known objective
valuethroughoutthe optimization process. Letf � = max x 2X

~f (x; c) denote the optimal objective
value under conditionc, typically estimated using an adjoint solver. For a generated designx̂ = x0
that is re�ned throughT optimization steps yielding a sequencex0; : : : ; xT , the COG is de�ned as
COG(x0) =

P T
t =0 ( ~f (x t ; c) � f � ). A lower COG implies the optimization path remained close to

optimal throughout, and is thus preferred in practical settings.

Feasibility: Designs must be physically feasible and avoid constraint violations. Theratio of violated
constraints(RVC) measures how many generated samples fail to satisfy constraints on the designs. It
is de�ned as

RVC(Dg) =
1

M

MX

k=1

I (9i 2 [1; q] s.t. gi (x̂k ; a(x̂k ); c) > 0 or 9j 2 [1; r ] s.t. hj (x̂k ; a(x̂k ); c) 6= 0) ;

whereI (�) is an indicator function. A lower RVC indicates that the model tends to generate designs
that satisfy physical and problem-speci�c constraints more reliably. Another indicator used in this
work is theratio of failed simulations(RF), which measures the number of generated designs that
threw errors when trying to simulate.

2.2 Related work

Datasets and Benchmarks:A wealth of well-known datasets have been used over the years to
assess the performance of ML algorithms. Examples such as MNIST [39] and CIFAR-10 [36]
have streamlined the work of ML practitioners, enabling fair comparisons and reducing publication
workloads. However, most of these tasks primarily focus on maximizing the similarity between model
outputs and dataset labels, and are often unconstrained. In contrast, our problems require running
heavyweight simulations (e.g., CFDs) to validate designs. Recently, a few general benchmarks
have bridged new gaps in ML for complex physical systems. For example, PDEBench [66] and
LagrangeBench [68] propose a wide range of new datasets and metrics for ML applications in Partial
Differential Equation (PDE) �ow problems. While some valuable concepts are presented that may be
extended to other domains, these works are limited to the single-physics domain of �uid �ows. In
contrast,ENGIBENCH provides a much wider variety of engineering datasets encompassing both
single- and multi-physics domains. A few novel works thatdo include signi�cant multi-physics
data are BubbleML [28], which benchmarks different neural operators and UNets for capturing
phase change phenomena, and The Well [54], a large collection of numerical simulations for various
spatiotemporal physical systems to train and evaluate surrogate ML models. Although the scale
and variety of simulation data are impressive in both works, little emphasis is placed on generalized
metrics or analysis across different problems, and no APIs or extensions to generative modeling are
provided. In ML speci�cally for engineering design, most studies rely on custom datasets, often kept
private, limiting reproducibility and benchmarking. Fortunately, this trend is changing, and recent
efforts have made datasets publicly available for speci�c domains such as airfoils [10], beams [65],
bicycles [59], car bodies [15], among many others. However, these datasets remain problem-speci�c,
making cross-domain benchmarking dif�cult and slowing the study of the generalization of ML
methods across engineering tasks.

Simulation software in engineering design:Unlike conventional ML tasks, engineering design
requires evaluating solutions via physics-based simulations. Simulation software has been developed
for decades to evaluate designs, with open-source examples such as MachAero for CFD in airplane
design [72, 62, 43], Dol�n/FEniCS for FEAs [41, 42], and NgSpice [1] in circuit simulation, along

5Note thatz would denote designs (x) for inverse design models and objective values (~f (x; c)) for surrogate
models.
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FIGURE 2: Visualization of some of the implemented problems.

with many closed-source/commercial solver packages. However, these tools often present signi�cant
barriers to use: they can be dif�cult to install and parameterize, frequently involve long setup times,
may produce inconsistent results due to differences in simulator versions or simulation con�gurations,
or, in the case of commercial tools, cannot be easily adopted or scaled without signi�cant cost.
Moreover, their heterogeneous interfaces and problem representations further complicate integration
into ML or optimization work�ows, making it dif�cult to apply the same codebase across different
design problems to conduct cross-domain studies. Collectively, these challenges create a high barrier
to entry for ML practitioners, slow down research progress, and hinder reproducibility in the �eld.

3 EngiBench

To address these challenges, we proposeENGIBENCH, an open-source library designed for data-
driven engineering design across multiple domains. It provides an intuitive and extensible Python
API that uni�es the modeling of diverse design problems. Conceptually, eachENGIBENCH problem
consists of a simulation engine and an associated dataset containing designs, objectives, attributes,
and conditions, all accessible through a standardized interface; see Fig. 1.

ENGIBENCH abstracts away simulation complexities behind its user-friendly API. This allows ML
and engineering researchers to focus on modeling and optimization rather than spending weeks
con�guring simulation environments. Additionally,ENGIBENCH provides a repository of ready-
to-use problems and datasets generated from the supported simulators, see Fig. 2. Researchers can
directly leverage these datasets for training and validating models without needing to generate their
own, signi�cantly accelerating experimentation and enhancing reproducibility in ML for engineering
design.

3.1 Application Programming Interface

1 from engibench.problems.beams2d.v0 import Beams2D
2 problem = Beams2D(seed=42)# Instantiate problem
3 # Inspect problem
4 problem.design_space # Box(0.0, 1.0, (50, 100), float64)
5 problem.objectives # (("compliance", "MINIMIZE"),)
6 problem.conditions # (("volfrac", 0.35), ("forcedist", 0.0),...)
7 problem.dataset # A HuggingFace Dataset object
8 # inverse_model = train_inverse(problem.dataset)
9 desired_conds = {"volfrac": 0.7, "forcedist": 0.3}

10 # generated_design = inverse_model.predict(desired_conds)
11 random_design, _ = problem.random_design()
12 # check constraints on the design, config pair
13 violated_constraints = problem.check_constraints(random_design, desired_conds)
14 if not violated_constraints:
15 # Only simulate to get objective values
16 objs = problem.simulate(random_design, desired_conds)
17 problem.reset(seed=41)
18 # Or run a gradient-based optimizer to polish the design
19 opt_design, history = problem.optimize(random_design, desired_conds)
20 problem.render(opt_design)

L ISTING 1: API example.
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Listing 1 illustrates a high-level usage example of our API. Users can instantiate a problem (lines 1–2),
extract relevant training data (lines 4–7), generate new designs (lines 8–11), check constraints for
those designs (lines 13–14), validate or optimize these designs using a simulation engine (lines 15–19),
and render a given design (line 20). A key feature of the API is its �exibility: switching to a different
problem only requires modifying the �rst two lines of code, such as importingHeatConduction2D
instead ofBeams2D.

3.2 Features

ENGIBENCH introduces several features ensuring good reproducibility and ease of use.

Versioning: Similar to popular reinforcement learning libraries, such as Gymnasium and its vari-
ants [69, 17, 19], our problems' implementations and datasets are versioned (see line 1 in Listing 1),
ensuring traceability when changes affect results.

Problem metadata:Problems expose attributes such asdesign_space, objectives, andconditions,
containing information about the size, bounds, and shapes of the design components, the number
of conditions and objectives. These allow automatic extraction of information like input and output
dimensions for ML models, but also provide a generic way to extract relevant columns from the
datasets (lines 4–7 in Listing 1).

Constraint checking: The library can verify constraint violations for a given design and conditions
(line 13 in Listing 1). Constraints are categorized as theoretical (from the mathematical problem
de�nition) or implementation-based (arising from simulation assumptions). Severity levels include
errors (preventing simulation) and warnings (indicating possible inaccuracies). Although our imple-
mentations do not capture all possible kinds of errors, this allows users to pinpoint obvious issues
with designs or con�gurations; see Appendix B.2 for more information regarding error handling.

Virtualized environment: Some simulation software requires a native installation to run. To simplify
the deployment and execution of our library in such cases, we support integration with Docker,
Podman, and Apptainer. This drastically reduces the setup time for users as they can justpip install
and run.

Adjoint optimization: Most problems feature an adjoint optimizer (line 19 of Listing 1), enabling
gradient-based optimization starting from generated designs. These state-of-the-art methods scale
well to high-dimensional design spaces, though they may converge to local optima [45]. This is
notably useful to compute optimality-related metrics, such as COG.

Integration with ML/optimization libraries: ENGIBENCH seamlessly integrates with tools like
HuggingFace Datasets and Diffusers [70], PyTorch [56], BoTorch [3], and Pymoo [8], streamlining
ML and optimization work�ows. We provide several examples of ML and optimization algorithms in
ENGIOPT.

Distributed computing: ENGIBENCH supports distributed execution, enabling large-scale dataset
generation through parallel optimizations or simulations on high-performance computing clusters
using Slurm [76]—e.g., we generated our Photonics2D dataset in under 30 minutes using such a tool.

3.3 Implemented problems

As mentioned earlier,ENGIBENCH includes a collection of implemented problems conforming to its
API, listed in Table 1 and partly illustrated in Fig. 2. These were selected to re�ect the diversity of
real-world engineering design scenarios. They vary in design representation—ranging from vectors
(e.g., electrical circuit parameters) to 2D images (e.g., pixel-based topology optimization for beams)
and 3D tensors (e.g., voxel-based topology optimization for heat conduction)—as well as in physics
domain, including aerodynamics, structural elasticity, thermal diffusion, and power electronics. The
benchmark also covers both single- and multi-objective settings, and includes problems with a wide
range of computational costs, from fast prototyping tasks to more demanding simulations. This range
in simulation complexity is intentional: our goal is to provide a continuum of tasks that can serve
both small labs with limited resources and large-scale teams who wish to address more complex,
dif�cult, and realistic problems. Finally, several problems (and datasets) replicate setups from prior
publications [2, 24, 25, 13], facilitating reproducibility and comparison with existing work. Each
problem is brie�y described below and detailed explanations can be found in Appendix C.
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TABLE 1: Problems currently implemented in EngiBench. Simulation times have been averaged across 10 runs
on a MacBook Pro M3 Max (on the CPU cores).

Problem
Design
Repr.

Design
Space

Opt. class Physics
Simu.
time

(seconds)

Num.
Objs.

Airfoil
Vector +
Scalar Tuple

Cont. Shape Navier-Stokes 9.85 1

Heat-
Conduction2D

Image Disc. Topology Therm. diffusion 10.22 1

Heat-
Conduction3D

3D Tensor Disc. Topology Therm. diffusion 31.57 1

Thermo-
Elastic-
Beams2D

Image Disc. Topology
Therm. diffusion
& Lin. elasticity

0.22 3

Beams2D Image Disc. Topology Lin. elasticity 0.19 1

Photonics2D Image Disc. Topology Maxwell's eqs. 0.3 1

PowerElectronics Vector Mixed Tabular Electr. dynamics 0.66 2

Airfoil: The airfoil problem involves aerodynamic shape optimization based on the Reynolds-
averaged Navier–Stokes (RANS) equations. The design is parameterized by 192 control points
de�ning the 2D airfoil geometry, along with a scalar representing the angle of attack. The objective
is to match a prescribed lift coef�cient while minimizing drag. We use MachAero [72, 62, 43] to
perform the CFD simulations. A description of this problem and dataset is provided in Diniz and
Fuge [13].

HeatConduction2D/HeatConduction3D:These problems are a speci�c subset of topology opti-
mization (TO) problems aimed at placing highly conductive material to minimize thermal compliance
within a unit square (2D) or unit cube (3D), subject to: a constraint on the volume of material used,
and given conditions, particularly the location of the adiabatic region. Our code implementation is a
modi�ed version of the open-source Dol�n-adjoint example to solve the 2D and 3D heat conduction
topology optimization problems [52, 41, 42].

ThermoElasticBeams2D:The ThermoElasticBeams2D problem speci�es a multi-physics TO prob-
lem governed by linear elasticity and steady-state heat conduction. The goal is to �nd an optimal
placement of material such that both structural compliance and thermal compliance are minimized
while respecting a volume fraction constraint. Our implementation is based on the well-known
88-line MATLAB code for compliance minimization [2], adapted to Python and extended to the
thermoelastic multi-physics case.

Beams2D:Beams2D is a structural TO problem that optimizes a beam under bending. The beam has
a force applied at the top, which can be parameterized through conditions. The goal is to optimize
the distribution of solid material within a rectangular grid to minimize compliance while satisfying
constraints on material usage and minimum feature size. Our implementation is also based on the
88-line MATLAB code for compliance minimization [2], adapted to Python.

Photonics2D:Photonics2D is an electromagnetic waveguide optimization problem where the goal is
to demultiplex an incoming port such that light under two different wavelengths exits the device at
different locations [32, 57]. The goal is to maximize the electromagnetic �eld present at the desired
exit location for the target wavelength. Our implementation is based on the examples from the
ceviche �nite-difference frequency-domain (FDFD) library [33].
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PowerElectronics: This problem models a DC-DC power converter circuit with a �xed circuit
topology. The circuit comprises 5 switches, 4 diodes, 3 inductors, and 6 capacitors. We vary circuit
parameters, such as capacitance, then use the NgSpice simulator [1] to approximate the circuit and
compute performance metrics includingDcGain andVoltage Ripple. Despite the �xed topology,
optimizing the circuit parameters to minimize the objectives remains a challenging task for surrogate
models, as we show in Section 4.

3.4 Implemented algorithms in EngiOpt

We provide baselines that are well understood by ML practitioners—Generative Adversarial Networks
(GANs) [22, 51, 58] and diffusion models [30, 70] for inverse design, and MLP+NSGA-II [ 12] for
surrogate-assisted optimization. The implementations are single-�le (CleanRL-style [31]), easy to
debug, and avoid heavy simulator-speci�c dependencies or complex physics priors to maximize
reproducibility and pedagogical value. They also provide a baseline framework that can easily extend
to more complex algorithms in future versions of ENGIOPT.

For harder cases (Sec. 4.2), we also include more specialized algorithms when warranted: (i) Bézier-
GAN uses an airfoil-speci�c Bézier parameterization that enforces smoothness and reduces meshing
failures [11]; (ii) our surrogate stack combines robust preprocessing, Bayesian hyperparameter search,
implicit deep ensembles, and NSGA-II for multi -objective search. Notably, these models have
matched simulator Pareto fronts and were experimentally validated in turbomachinery [46, 47, 48].
Even with these advanced models, several problems remain challenging (e.g., PowerElectronics),
underscoring the intrinsic dif�culty of many engineering design tasks.

4 Proof-Of-Concept Experiments

In this section, we useENGIBENCH andENGIOPT to conduct a series of proof-of-concept empirical
experiments and discuss the corresponding results. Our aim is to illustrate the types of experi-
ments, comparisons, and analyses—across different algorithms, problem domains, and performance
metrics—that our framework supports. Given the potentially high computational cost of training,
optimization, and evaluation, we limit each algorithm-problem pair to 10 independent runs, reporting
the mean and standard deviation for each metric. While more extensive experiments with reduced
variance could be conducted, our focus here is not on providing a comprehensive benchmark of
existing algorithms, but rather on demonstrating the practical capabilities and �exibility of our frame-
work. A complete description of the conducted experiments, additional results, hyperparameters,
discussions, and illustrations is available in Appendix D.

4.1 Cross-domain study

We showcase a new type of experiment that was previously dif�cult to conduct: a comparative study
of different algorithms across multiple engineering design problems using a variety of performance
metrics. With our tools, this evaluation became straightforward—different problems could be explored
simply by changing theproblem_id argument from the command line for each algorithm. We
trained several generative models for inverse design over 100 epochs, including a deep convolutional
generative adversarial network (GAN2D), a conditional deep convolutional GAN (CGAN2D), and a
conditional diffusion model (CDiffusion2D).

Results are shown in Table 2. Interestingly, the unconditioned GAN model performs well overall
in terms of COG and MMD, despite not producing well-de�ned shapes (see Figs. 12 to 14 in
Appendix D). In terms of RVC—speci�cally, maintaining the volume fraction below the speci�ed
threshold for B2D and HC2D (P2D has no such constraint)—all algorithms perform rather poorly.
The CGAN model achieves the best performance, whereas the CDiffusion model performs worst,
which is somewhat unexpected. Regarding design diversity, the GAN model performs best on the
�rst two problems, likely because it does not restrict itself to condition-speci�c regions. In contrast,
the diffusion model excels on the photonics task, suggesting that the “best” generative model may
depend on the nature of the design problem at hand. Finally, raw model outputs are often not directly
usable in practice (e.g., disconnected beam members, Fig. 12) and typically require post-processing
or the injection of domain-speci�c priors, as illustrated in the next section—highlighting a common
limitation of current generative approaches.
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TABLE 2: Averaged metrics (mean� std) per problem and model over 10 seeds. Gradient colors indicate best by
linear interpolation between the min. and max. values across algorithms for a given metric on a given problem.

Each cell displays
COG (#) RVC (#)
MMD (#) DPP (" ) . B2D=Beams2D, HC2D=HeatConduction2D, P2D=Photonics2D.

GAN2D CGAN2D CDiffusion2D

B2D

1.56e+08�
6.92e+07

9.44e-01�
3.50e-02

1.07e-01�
1.95e-02

8.08e-07�
2.56e-06

1.51e+08�
1.74e+08

6.76e-01�
1.50e-01

1.25e-01�
1.02e-01

3.62e-19�
1.14e-18

2.45e+08�
1.09e+08

9.98e-01�
6.32e-03

1.90e-01�
4.17e-02

3.50e-19�
7.87e-19

HC2D

2.56e-03�
2.77e-04

9.60e-01�
1.89e-02

8.43e-02�
1.06e-02

7.73e-01�
1.30e-01

1.38e-03�
3.15e-04

7.52e-01�
1.68e-01

3.68e-01�
4.23e-02

2.65e-23�
7.57e-23

6.44e-03�
3.03e-03

1.00e+00�
0.00e+00

1.83e-01�
3.52e-02

3.70e-03�
6.58e-03

P2D

9.44e+02�
1.82e+01 N/A

3.11e-01�
1.22e-01

5.11e-07�
1.52e-06

9.74e+02�
7.72e+00 N/A

9.00e-01�
4.61e-02

6.24e-89�
1.97e-88

9.19e+02�
2.38e+01 N/A

5.30e-02�
6.58e-03

8.23e-01�
1.46e-01

GAN Diffusion BézierGAN

FIGURE 4: Example outputs of our generative models on the Airfoil problem.

4.2 Hard cases: Airfoils and PowerElectronics

FIGURE 3: Difference between the Pareto fronts
based on the surrogate models and the simulator.

Surrogate models for PowerElectronics: We
trained two robust-scaled MLP surrogates—one for
DcGainand one forVoltage Ripple—using Bayesian
hyperparameter search and implicit deep ensem-
bles [74, 20]. We then ran NSGA-II using our sur-
rogate models to �nd Pareto optimal designs. De-
spite careful tuning and the variance reduction af-
forded by the ensembles, all the surrogate-estimated
Pareto fronts diverge sharply from NgSpice when
re-evaluated (e.g., see Fig. 3); across our 10 runs, all
squared MMD tests rejected distributional equality.

We attribute the failure largely to the stiff, outlier-
proneVoltage Rippleresponse (see Appendix D for
more details), which remains dif�cult to approximate
even after log transformation. In contrast,DcGain exhibits smoother behavior. These results
underscore the dif�culty of substituting physical simulators with black-box surrogates in systems
with mixed time scales and sparse, high-variance regimes. Richer experimental design and physics
guided feature transformations may be essential for reliable optimization.

Generative models for Airfoil: We trained 3 generative models to perform inverse design for
airfoils: a standard GAN, a diffusion model, and a BézierGAN, which is speci�cally tailored to airfoil
parameterization. Each model was trained for 2500 epochs. For every algorithm and random seed, we
generated 50 candidate designs and attempted to simulate them, reporting the resulting ratio of failed
simulations (RF). The GAN yielded an RF of0:304� 0:167, the Diffusion model0:034� 0:038, and
the BézierGAN0:014� 0:027. Notably, the Diffusion models exhibited mode collapse, generating
highly similar designs across samples, which impacts RF (see Appendix D). These results support the
intuition that domain-informed generative models improve performance. Simulation failures were
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typically caused by issues during meshing. Such failures were often due to violations of geometric
continuity in the point-based spline representation (see Fig. 4).

5 Use Cases, Limitations, and Future Work of ENGI BENCH

While our experiments highlight only a few possibilities,ENGIBENCH supports a broader range
of research work�ows. For the ML community, these contributions can serve as new testbeds for
assessing ML model performance on problems that differ from traditional image- or text-based
datasets since our problems come from engineering applications, are backed by real-world physics,
and are constrained. For the engineering design community, it enables cross-domain algorithm
evaluation via a simpleproblem_id switch. Conversely, engineers can contribute new problems
conforming to the API and immediately bene�t from existing algorithm implementations inENGIOPT.
Several datasets include not only input–output pairs but also full �eld data (e.g., �ow �elds), making
them suitable for PINNs and neural operators. The framework also supports multi-resolution or multi-
�delity studies (e.g., we provide multiple Beams2D datasets with different resolutions), enabling
training on cheap data and generalization to higher-�delity scenarios. Additionally, it facilitates
transfer learning across problems and the development of a “foundation design model.” Finally,
the API can support latent-space optimization via autoencoders and integration with reinforcement
learning to guide optimization or data generation.

Despite its breadth,ENGIBENCH does not yet support unstructured meshes or grammar-based
representations. Additionally, our benchmarks focus on static simulations, whereas real-world
components are often dynamic—morphing or changing position during operation. Moreover, it may
be bene�cial to make problem con�gurations more �exible, such as varying the number of heat
sources or sinks in the heat conduction problem. We have begun addressing this in the Beams2D
problem by providing datasets at multiple image resolutions. Currently,ENGIBENCH does not
include multi-part or assembly-level design tasks, such as the joint optimization of interdependent
components within a mechanical system. Finally, simulator assumptions can introduce biases that
propagate to learned models, and quantifying these biases without physical experiments remains
challenging—a common limitation in simulation-based ML. However,ENGIBENCH's diversity of
problems and simulators helps reveal such issues: models exploiting simulator-speci�c artifacts tend
to regress to the mean in cross-task evaluations, exposing over�tting. Creating multiple versions of
problems with different simulators and �delities could further enable systematic bias assessment.
Addressing these gaps will guide future developments. We do not anticipate any negative societal
impacts of this work.

6 Conclusion

We introducedENGIBENCH andENGIOPT, two modular, open-source libraries for reproducible re-
search in engineering design.ENGIBENCH provides diverse physics-driven benchmarks and datasets
under a uni�ed interface, whileENGIOPT offers compatible implementations of ML algorithms
including GANs, diffusion models, and surrogate-based optimization. Through experiments, we
demonstrate how these tools enable rigorous comparisons of algorithms across domains for different
performance metrics and introduce new challenges for ML models when applied to constrained,
highly-sensitive, real-world design problems.
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A Useful Information

A.1 Links

The project's parts can be found at the following links:

• Documentation website:https://engibench.ethz.ch .

• ENGIBENCH code: https://github.com/IDEALLab/EngiBench . The code used for
this paper was tagged withv0.0.1 .

• ENGIOPT code: https://github.com/IDEALLab/EngiOpt . The code used for this
paper was tagged withv0.0.1 .

• Datasets:https://huggingface.co/IDEALLab .

• All hyperparameters, learning curves, Python version, OS version, hardware speci�ca-
tions, and run commands for all our experiments are available athttps://wandb.ai/
engibench/engiopt .

A.2 Licenses

Both our codebases are released under the GPL-3.0 license. All the datasets are released under the
CC-BY-NC-SA license.

A.3 Maintenance And External Contributions

The IDEAL Lab and ETHZ's Scienti�c IT Services (SIS) are committed to the long-term maintenance
of the project.

We also hope the open-source community will contribute to its ongoing development and improvement.
To support this, we provide detailed instructions for making contributions toENGIBENCH on our
website,e.g., https://engibench.ethz.ch/tutorials/new_problem/ .

A.4 Experimental setup

Our experiments were conducted on the Euler cluster from ETH Zurich's high-performance computer.
The compute nodes equipped with GPUs contain NVidia GeForce RTX4090 (24GB) and AMD
EPYC 9554 CPUs. We used Python 3.11.6, CUDA 12.5, and PyTorch 2.6. Each training job has
been allocated one GPU and 4 cores using Slurm [76]. All datasets have been generated on CPU
nodes of the UMD's high-performance computing cluster Zaratan equipped with 128 AMD EPYC
7763 CPUs, except for photonics, which was generated on Euler.

Training all algorithms across all problems with multiple random seeds for our experiments required
approximately 80 GPU-hours. Evaluations of the generated or optimized designs for our experiments
took 55 hours. Generating the datasets, however, was signi�cantly more time-consuming and took
place over the past few years, as we reused existing simulation data. We estimate that generating the
full set of datasets required several thousand CPU-hours in total. A per-problem estimation of the
dataset generation time is given below.

• Airfoil: � 5000hours.

• HeatConduction2D:� 1 hour.

• HeatConduction3D:� 300hours.

• ThermoElasticBeams2D:� 10hours.

• Beams2D:� 12hours (4 hours per dataset).

• Photonics2D:� 200hours.

• PowerElectronics:� 20hours.

B Features

In this section, we go through some of the features and design choices we have made for the library.
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B.1 Example usage

1 from engibench.problems.beams2d.v0 import Beams2D
2

3 # Create a problem
4 problem = Beams2D(seed=42)
5

6 # Inspect problem
7 problem.design_space # Box(0.0, 1.0, (50, 100), float64)
8 problem.objectives # (("compliance", "MINIMIZE"),)
9 problem.conditions # (("volfrac", 0.35), ("forcedist", 0.0),...)

10 problem.dataset # A HuggingFace Dataset object
11

12 # Train your inverse design model or surrogate model
13 conditions = problem.dataset["train"].select_columns(problem.conditions_keys)
14 designs = problem.dataset["train"].select_columns("optimal_design")
15 cond_designs_keys = problem.conditions_keys + ["optimal_design"]
16 cond_designs = problem.dataset["train"].select_columns(cond_designs_keys)
17 objs = problem.dataset["train"].select_columns(problem.objectives_keys)
18

19 # Train your models
20 inverse_model = train_inverse(inputs=conditions, outputs=designs)
21 surr_model = train_surrogate(inputs=cond_designs, outputs=objs)
22

23 # Use the model predictions, inverse design here
24 desired_conds = {"volfrac": 0.7, "forcedist": 0.3}
25 generated_design = inverse_model.predict(desired_conds)
26

27 violated_constraints = problem.check_constraints(generated_design,
desired_conds),!

28 if not violated_constraints:
29 # Only simulate to get objective values
30 objs = problem.simulate(design=generated_design, config=desired_conds)
31 problem.reset(seed=41)
32 # Or run a gradient-based optimizer to polish the generated design
33 opt_design, history = problem.optimize(generated_design, desired_conds)

L ISTING 2: API usage with automated column extraction for training.

Listing 2 presents a longer version of our API usage, showing how to automatically extract relevant
columns from the datasets (lines 13—17) to perform ID or surrogate-based optimization (lines
20—25).

B.2 Error handling

ENGIBENCH handles errors at multiple levels while preserving �exibility for advanced users. The
framework includes several mechanisms:

• Constraint checking: Each benchmark problem includes standardized validation for con�g-
uration and constraints (e.g., Listing 1, line 14). For instance, in the Beams2D task, setting
volfrac = 2.0 and checking for constraints returns:

– Config.volfrac: 2.0 =2 [0.0, 1.0] (Theory, error)
– Config.volfrac: 2.0 =2 [0.1, 0.9] (Implementation, warning)

These pre-simulation checks catch common issues early.
• User control: While errors are �agged, users can still choose to simulate invalid con�gura-

tions—for instance, to explore failure regions or generate negative data.
• Failure tracking: If a solver crashes (e.g., due to meshing errors or NaNs), the exception is

caught and surfaced, even in containerized runs.
• Failure rates and reporting: Simulation failure rates vary across tasks and methods. We

often track these to compare robustness—for example, the failure ratio for generative airfoil
models is reported in Section 4.2.

18



C Extensive Description of Problems

This section describes the implemented problems in more details.

C.1 Airfoil

FIGURE 5: An Airfoil design, plotted viaproblem.render .

Motivation

The �eld of aerodynamics has always been a challenging testbed for engineering problems. In fact,
many optimization and design methodologies were originally developed or perfected speci�cally
for aerodynamic design applications [45]. Part of the reason for this is that even relatively simple
aerodynamics problems can be complex, with slight changes in design parameters typically resulting
in large changes in performance. In addition, the potential applications derived from solving these
problems are quite practical, ranging from �xed-wing aircraft to hydrofoils used in ships, and wind
turbine blades [44]. Here, we present Airfoil, a simple yet suf�ciently realistic 2-dimensional
aerodynamics benchmark problem.

The airfoil problem presents a simple aerodynamic shape optimization routine based on Reynolds'
averaged Navier-Stokes equations (RANS). In this problem, the solver attempts to indirectly morph
the initial geometry to achieve a certain prescribed lift coef�cient (which could correspond to a
hypothetical loading requirement) while minimizing the amount of drag generated by the design.

Design Space

The design space is represented as a tuple containing 192 2D points describing the airfoil coordinates
and a scalar describing the rotation of the coordinates relative to the chord line needed to achieve

a certain incoming direction of �ow (the angle of attack,� ): X =
n

(x; y)192 ; �
o

. This speci�c
coordinate parameterization (192) and rotational scalar design parameterization have been previously
used in [10]. Another benchmark airfoil optimization problem, mentioned in [29],6 was also used to
internally validate the meshing and design parameterization. All training data, as well as the original
and complete formulation of this problem can be found in [13].

Objectives

The objective is to minimize the coef�cient of drag,cd, and the optimization problem is de�ned as
follows:

6Transonic RAE2822
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min
� y i ;�

cd

s.t. cl = ccon
l

� 0:025� � yi � 0:025
0:0 � � � 10:0
�

A
A init

�

min
�

A
A init

� 1:2

The terms used in the de�nition of the problem are described in Table 3. Note that some variables are
de�ned relative to a required initial design input.

TABLE 3: Optimization Problem Parameters

Category Parameter Quantity Lower Upper Units Description

Objective cd 1 - - Non-Dim./Counts Coef�cient of drag

Variable � yi 20 -0.025 0.025 m
Change from initial FFD cage y value:
� yi = yi � yinit

� 1 0.0 10.0 Degrees Angle of Attack

Constraint cl = ccon
l 1 0.0 0.0 Non-Dim. Coef�cient of lift

A
A init

1
�

A
A init

�

min
1.20 Non-Dim. Area fraction; relative to initial

Instead of directly parameterizing all (192) coordinates of the airfoil, a smaller set of 20 control
points is used. The collection of these control points forms what is known as a free-form deformation
cage (FFD). Changes in the values of the FFD cage smoothly deform the underlying coordinates. In
the airfoil problem, modi�cations to the geometry are parameterized by changes in the FFD control
point y coordinates,� yi . Figure 6b shows how these changes ini th FFD y coordinate in thenth

optimization iteration results in a smooth morphing of the underlying coordinates in the nextn + 1 th

iteration (in red). Figure 6a shows a sample FFD cage for an airfoil from the dataset, with the 20
different FFD� yi design variables (in blue).

(A) Sample airfoil FFD cage (B) FFD cage morphing process

FIGURE 6: Airfoil FFD design variables

Note that, for simplicity, in this de�nition we have omitted certain constraints pertaining to thickness
as well as those concerned with the shearing of the leading (front) and trailing (tail end) edges.

Conditions

The conditions for the airfoil problem are described in Table 4.
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TABLE 4: Airfoil Conditions

Category Condition Description

Flow Condition M Mach number
Re Reynold's number

Constraint ccon
l Coef�cient of lift�

A
A init

�

min
Minimum area fraction

Note that while it may be possible to constrain the design's area ahead of time, this is not typically
possible for the prescribed coef�cient of lift. In addition it may not be possible to achieve certain
combinations of prescribed area and coef�cient of lift constraints.

Constraints

Theoretical constraints (error)

X 2
n

(x; y)N ; �
o

� 2 [0; 10]
�

A
A init

�

min
2 [0; 1:2)

Theoretical constraints (warning)
�

A
A init

�
2

��
A

A init

�

min
; 1:2

�

Implementation constraints (error)

M 2 (0; 1 )
Re 2 (0; 1 )

Implementation constraints (warning)

M 2 [0:1; 1:0]

Re 2 [105; 109]

Simulator

All simulations used the open source and differentiable AD�ow solver [43, 34] as part of the MACH-
Aero framework.7 AD�ow was con�gured to run RANS simulations with the Spalart-Allmaras
model for turbulence effects. Furthermore, within AD�ow, the approximate Newton-Krylov method
was used to improve convergence and robustness [75]. pyHyp, a hyperbolic mesh generator [62]
was used to generate volume meshes automatically. For the optimization problem itself, we use
the sequential least squares programming algorithm as implemented in the sparse optimization
framework, pyOptSparse [73]. For geometry parameterization and deformation, module, we used the
pyGeo and IDWarp frameworks [26, 62].

7https://github.com/mdolab/MACH-Aero .
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