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Abstract

Topology optimization (TO) techniques leverage the unique design space of additive manufac-
turing (AM) to help designers find high-performing, readily manufacturable parts. In addition
to geometric design, topology optimization with orientation (TOO) simultaneously optimizes
for the local orientation of anisotropic mechanical properties inherent to the material extrusion
AM process. However, these techniques tend to entail higher computational expense and po-
tential for increased local optimality. Separately, generative models been leveraged as efficient
surrogate models for conventional TO, creating opportunities for computational savings after
an initial training period. In this work, we study how a generative adversarial network (GAN)
could accelerate AM-specific optimization such as TOO. We compare GAN configurations and
loss functions, and quantify their impact on structural performance. Orientation predictions
typically show larger error than topology predictions, but overall performance is promising for
our problem class. These techniques could fit into ongoing efforts to increase generality in data-
driven approaches for TOO.

Keywords: Topology Optimization with Orientation, Machine Learning, Generative
Modeling, AI-Enabled Design

1. Introduction

Topology optimization (TO) describes a family of techniques that algorithmically determine
the distribution of material that minimizes an objective function (often compliance) under some
cost constraint (often a volume fraction). These processes produce highly organic design spaces
that synergize well with the geometric flexibility inherent to additive manufacturing (AM)
processes. However, common TO algorithms (e.g., solid isotropic material with penalization;
SIMP) do not accurately model the mechanical properties produced by many AM processes.
For instance, the mechanical performance of parts printed via the material extrusion (MEX)
process are highly toolpath-dependent due to the anisotropic behavior of each individual de-
position path [1]. To improve TO within the context of this phenomenon, significant research
has been performed to explore topology optimization with orientation (TOO), which serves to
simultaneously optimize material distribution and orientation.

Early investigations into TOO explicitly coupled material alignment to the shape of the
geometry via calculation of either principal stresses [2] or strains [3]. However, this formulation
can stymie geometric evolution, especially for complex loading conditions. A much more flexible
and generalizable solution is to allow the optimizer direct control of the orientation field through
separate design variables [4]. Often, each element is parameterized with an additional Euler
angle to describe the desired deposition direction within that element [5]. Jiang et al. used
this technique to optimize a planar Messerschmitt-Bölkow-Blohm beam; MEX toolpaths were
formed from the results using contour-based toolpaths [6]. The toolpaths using the optimized
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material orientations demonstrated a 30% increase in stiffness relative to toolpaths consisting of
uni-directional deposition paths. These Euler angle parameterizations of the orientation space
have also been extended to optimize 3D (i.e., non-planar) material orientations [7; 8].

While TOO has been shown to generate more performant designs relative to more conven-
tional TO, it is highly susceptible to initial conditions; if unaddressed, material orientations will
often converge to local minima such that the prescribed deposition direction is orthogonal to the
anticipated load path. To overcome this issue, works have presented naturalization techniques
for the Euler angle parameterization in both 2D [4] and 3D [9]. Other mechanisms have been
introduced such as free material optimization (which features direct optimization of material
properties [10]) and discrete material optimization (which reduces the orientation search to a
set of discrete values [11]). While each of these improve final design performance by reduc-
ing convergence to local minima, they all add additional design variables that can significantly
increase computational cost.

To improve performance of TOO without increasing the number of design variables, we
investigate an alternative solution leveraging machine learning. The hypothesis is that, by taking
on an up-front training step, the presented method can generate structures and orientation
fields that closely match the gradient-descent TOO algorithm, with a dramatic per-problem
runtime acceleration. Similar approaches have shown considerable promise in conventional TO.
Deep neural networks such as convolutional neural networks (CNN) [12], generative adversarial
networks (GAN) [13], and diffusion models [14], among others [15], have produced excellent
results in terms of matching optimal topologies ordinarily produced by TO, including additive-
focused TO constrained against overhangs [16]. Interestingly, in some cases, models have been
observed to generate designs with stronger mechanical performance (lower compliance) than the
TO process it was trained on [17]. Although these approaches are often restricted to operating
within a single class of TO problem types within a single design domain, recent work has studied
how to make these approaches more general. Particular ways of breaking down the problem into
sub-modules, for example, may accelerate generalization to some degree [18], and some recent
architectures including neural operators have shown strong transfer learning capabilities [19].

In this paper, we investigate whether the benefits of one such model, the GAN, carry into
TOO. This entails significant additional complexity, as orientation data presents an entirely new
field to predict with different characteristics not present in topology fields seen in previous neural
network-based TO. This paper investigates techniques for operating on two complementary fields
(topology and orientation), methods for helping the model focus only on important regions of
the orientation field, and the overall achievable accuracy and computational acceleration relative
to TOO.

2. Methods

2.1. Topology Optimization with Orientation

The general TOO problem statement is shown in Equ. 1. Broadly, it is stated to minimize
the compliance of the structure relative to the specified loading and boundary conditions. Each
element in the design space is assigned a pseudo-density (ρ) and orientation (θ) design variable
that describes material placement and orientation, respectively.
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min
ρ,θ

: c(ρ,θ) = UTK(ρ,θ)U

subject to :
V (ρ)

V0
≤ f

: K(ρ,θ)U = F

: 0 < ρmin ≤ ρ ≤ 1

: −π

2
≤ θ ≤ π

2

(1)

U is the global displacement vector, K is the global stiffness matrix as defined in Equ. 2.
V (ρ) is the mass of the current solution, V0 is the mass of a fully dense design space, and
their ratio must be less than or equal to a maximum allowable value f . F is the forcing vector
acting on the design space and ρmin is the minimum allowable element pseudo-density. This is
established to be larger than zero to prevent singularities inK. The bounds on θ serve to address
the rotational symmetries in the orientation design space; fibers are considered undirected (e.g.,
an orientation of 0 is equivalent to π and vice versa). Therefore, orientations are condensed
to the range [−π/2, π/2] by flipping orientations via the addition or subtraction of π where
necessary.

K(ρ,θ) =

Ne∑
i=1

ρηiL
T
i

∫∫∫
Ωi

(BTT T (θi)E0T (θi)B)∂ΩiLi (2)

Ne is the number of elements in the design space, and Ωi is the volume of element i. Li

is the locator matrix that places the element stiffness matrix into the global stiffness matrix,
and B is the strain-displacement matrix for the specified element type (in this work, four-node
quadrilaterals). The strain transformation matrix T (θi) is written in terms of the rotation ma-
trix R(θi) as defined in [20]. E0 is the matrix of linear elastic constitutive properties describing
the fully dense material, and η is the SIMP penalty factor.

The density field was initialized to the selected volume fraction, and the orientation field
was initialized to the principal strains acting on the design space when considering isotropic
material properties. To create a mesh independent solution and prevent checkerboard patterning
in the density field, the Heaviside projection method [21] was imposed. A similar blur filter
was applied to the orientation field to prevent rapid changes in fiber direction [8]. Both filters
were applied using a neighborhood radius of rmin = 3. The SIMP penalty factor used in Equ. 2
was initialized at η = 1 and increased by 1 every 50 iterations to a maximum value of 3. The
Method of Moving Asymptotes [22] was used as the optimizer.

2.2. Visualization

An example TOO solution is included in Fig. 1. The first row shows raw density (ρ) and
orientation (θ) for the entire rectangular design domain, while the second row only shows solid
regions, identified as those elements for which ρ > 0.5. As indicated in the example, the
majority of the design domain exists at ρ ≈ 0, representing void regions. However, orientation
is highly variable throughout the entire design domain, especially in the void regions, even
though orientation is only practically meaningful in solid regions. This will create challenges for
machine learning (ML) approaches and surrogate model types originally studied for application
to density data.
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Figure 1: Example TOO solution. Both density ρ and orientation θ fields are shown for one example
problem. In the second row, fields are masked to show only solid regions (ρ > 0.5).

2.3. Machine Learning Architecture

The objective of the surrogate models explored in this work is to predict ρ and θ that
collectively minimize c in Equ. 1. As element values, these terms can be represented as 2D
images whose pixel intensities correspond to element densities or orientation angles, respectively.
This renders the prediction task a good fit for image-based neural networks, such as GANs. In
this work, we consider a conditional GAN shown in Fig. 2, based on the pix2pix architecture [23]
for image translation. To act as the input, a given TOO problem definition, P , is represented as
a three-channel image, with a channel for each component of an applied load and a channel for
the boundary conditions. All pixels are set to 0, except where the load or boundary condition
is applied. On x- and y-load channels, the pixel in the same location as the point force is
assigned an intensity value equal to the load’s magnitude on the corresponding axis. On the
boundary condition channel, pixels corresponding to elements with fixed nodes are assigned a
value of 1. An optional fourth input image channel is included in some GAN configurations, as
explained further below. The output image is either a one- or two-channel image representing
the quantity(ies) of interest (ρ and/or θ).

The inputs are passed into a CNN known as the generator, whose task is to predict the final
desired output (ρ and/or θ). An additional network known as the discriminator is alternately
shown either an output from the generator or a ground truth output directly from the train-
ing dataset, with the goal of predicting which type of image it was shown. Its loss function
is the binary cross entropy between its prediction and the correct response. Traditional back-
propagation is used to update the learnable parameters within the discriminator, and this can
be backpropagated further through the generator to update its learnable parameters. For the
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Figure 2: Overview of the general GAN architecture, in the context of TOO. The problem definition
P can be represented as a 3-channel image. This is used as input to an adversarial training routine, where the
generator attempts to create realistic ρ and/or θ as solutions to P , and the discriminator tries to discern real
vs. generated solutions, to support the generator’s training.
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Figure 3: Overview of the GAN configurations considered for TOO. The problem definition P can be
used as the sole input to a model that predicts both ρ and θ (a). Alternatively, ρ could be used as an additional
input to predict θ alone (b).

generator, a per-pixel loss function is also calculated and added to this loss with a weighting
factor. Multiple per-pixel loss functions were considered, as explained below.

Multiple GAN configurations and loss functions were tested in this work to handle the ad-
ditional complexities presented by the orientation field, as summarized in Fig. 3. The first con-
figuration consisted of providing only the three TOO problem definition channels P (boundary
condition, horizontal load, and vertical load) as input, and taking both density ρ and orienta-
tion θ as output. This represents the most straightforward mapping as it directly mimics the
desired inputs and outputs in practice. An additional test case was examined in which the den-
sity ρ was moved to the input side, to test the model’s ability to generate accurate orientation
fields for a given design. This could be useful, for example, in cases where a design is already
determined and the designer wants to prescribe a deposition orientation field.

For each configuration, multiple per-pixel loss functions were tested for the generator, again
driven by the added complexity of θ. First, mean absolute error (MAE) was calculated as

L0 =
1

n
Σn
i=1|e| (3)

and used as the loss function for both ρ and θ channels, to encourage the model to match
its predictions to the entire ground truth images as closely as possible. For density, eρ could
be calculated as the difference between ground truth and predicted density as ρi − ρ̂i. For
orientation, eθ was calculated using the angle between the Euler angles in the ground truth and
prediction for a given element. In practice, this meant calculating

eθ = arccos(
θi · θ̂i

||θi|| ||θ̂i||
) (4)

This calculation considers equivalence of θ values exactly π radians from each other. For exam-
ple, when θ = −3π/4, a θ̂ = π/4 would be assessed eθ = 0, which is consistent with the physical
equivalence of such angles during MEX deposition. Note that the term within the inverse cosine
was clipped to the range (−1, 1) to prevent numerical difficulties.

Uniform calculation of MAE throughout the design domain for ρ makes intuitive sense,
as the density field throughout the entire design domain is necessary for fully describing the
design. On the other hand, orientation θ only matters in practice in regions where ρ is greater
than the threshold (e.g., 0.5) necessary to trigger printing solid material in the MEX context
considered. In other words, while L0 draws the GAN’s attention to the entire orientation field,
orientation only practically matters in solid regions. In practice, during printing, θ is ignored
in void regions. To encourage the GAN to attend to θ primarily in solid regions, a weighted
MAE term is calculated by scaling eθ proportionally to the density at a given element.

Lw =
1

n
Σn
i=1ρi|eθ| (5)
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Figure 4: Overview of the space of TOO problems considered. The space of problems included four
possible boundary conditions types, and a single point load applied at any angle anywhere in the domain beyond
a small radius (10 elements) of the boundary condition. The volume fraction was nominally taken as 0.30, but
scaled by the distance between the load and the side with the boundary condition.

The range of ρ is naturally [0, 1], making this a convenient scaling factor without further nor-
malization. For all calculations, θ was linearly scaled from its range in the raw training data of
[−π, π] to a more ML-appropriate range of [−1, 1].

2.4. Problem Domain and Training Data

The TOO problem domain of interest in this work consisted of a rectangular design domain
of size 64 by 128 elements, as illustrated in Fig. 4. One of a set of four boundary conditions
was selected, which involved fully constraining either the full left hand side or the full bottom
side, or constraining 5 nodes on the ends of either of those two sides. A load was applied at
any node outside of a small radius of 10 elements of the boundary conditions. The nominal
volume fraction f was set at 30%; however, to ensure that typical bracket-like TO geometries
resulted rather than large blocks of solid material, f was linearly scaled down to a minimum of
20% based on the distance between the load and the side with the boundary condition relative
to the overall domain size.

Training data were collected by randomly selecting problems from this space and performing
the TOO process described in Section 2.1. The problem definition (including the loads, bound-
ary condition, and scaled volume fraction) was saved along with the corresponding optimized
density and orientation fields. A total of 9,754 samples were collected, with 1,000 reserved for
validation and testing. Each sample was optimized using 4 cores of an AMD EPYC 7702, and
the average time to generate each sample was 950 ± 317.4 s. The literature frequently cites
datasets in the tens of thousands of samples for similar TO problems [13; 16; 24], which are
even simpler than the TOO problems considered here. However, this amount was considered
sufficient for exploration of GAN configurations and loss functions, and initial demonstration
of capabilities.

3. Results

Four GANs were trained: (1) one that predicts ρ and θ using only L0, (2) one that predicts
ρ and θ using Lw for θ, (3) one that predicts only θ using L0, and (4) one that predicts only
θ using Lw. Training for each took place on an Nvidia V100 GPU and ran for 100 epochs
to give a good picture of convergence trajectory. During the training process, which required
under 2 hours per model, training was overall stable. Shown in Fig. 5, the loss curves indicate
at least some degree of overfitting. This likely stems from the relatively small training dataset
size. Additional data, or augmentation of the existing dataset, could be considered to reduce
these effects. The GAN that predicted θ with the weighted loss function Lw is intuitively the
simplest mapping, and it showed the least degree of overfitting. After training, designs could
be queried from the GAN extremely efficiently depending on hardware. For example, a Core i7
laptop CPU averaged around 0.01 s per GAN design.
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Figure 5: The GAN training curves. Training curves are plotted for each of the 4 GANs, with training loss
in gray and validation loss in red. Note that loss functions are raw values, representing a sum of the loss for ρ
and θ. The loss type used for θ (unweighted as L0, or weighted as Lw) is shown above each plot.

A single validation sample is thoroughly represented in Fig. 6, for the GAN that predicts
both ρ and θ trained using L0. In this particular example, the density prediction is generally
qualitatively similar to the groundtruth from TOO, but it misses some structural pixels in the
right hand strut - a known occurrence with image ML-based TO surrogates. The second row
shows raw orientation values, as they came from the GAN, after being linearly rescaled from
the range that the GAN trained on, [−1, 1], to the range in the training dataset, [−π, π]. Even
visually, significant deviation is noticeable here between the groundtruth and the GAN outputs,
including perhaps the majority of the entire image. Interesting, the lower half of the GAN
prediction includes a checkerboard-like pattern that alternates between positive and negative θ
values. In practice, portions of the rescaled GAN-output range of [−π, π] are redundant: for
example, θ = π/4 is functionally equivalent in θ = −3π/4 as the two orientations imply identical
material properties. This fact was considered in the GAN’s orientation loss function definition,
as described in Sec. 2.3. Both the true and predicted θ fields are included as a third row in
Fig. 6, after flipping orientations by addition/subtraction of π where necessary to condense
the orientation range to the range of [−π/2, π/2]. The much closer match here indicates that,
while the GAN was not tasked with matching the exact numerical values in the training set, it
demonstrated learning of the underlying trends in orientation distributions, such that it could
perform a reasonable mapping in the physically-meaningful θ space.

Figure 6: An example output from the GAN that predicts density and orientation (unweighted
loss function). The TOO design features a solid, singular main truss member. The GAN qualitatively captures
the overall density distribution to some degree, though it does not properly resolve the support on the right-hand
side. The raw orientation field is predicted quite differently from the ground truth data, as shown by the raw
image in the second row. When orientation values are condensed to the proper range of [−π/2, π/2] however, the
orientation fields are much more similar.
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Figure 7: Several outputs from the GAN that predicts density and orientation, along with ori-
entation error heatmaps. Orientation error happens mostly at the transitions, suggesting that the overall
orientation maps match the overall shape (on a strut-by-strut basis) well, with error confined to transitions
between regions.

A set of randomly-selected validation samples are shown in Fig. 7 for the GAN that predicts
density and orientation, trained with the unweighted loss function. The entire ρ fields are shown,
with 0 as white. The θ channel is shown only in regions where the ground truth design is solid
(ρ > 0.5). Considerable error exists for some ρ samples, including especially disconnected struts,
likely resulting from the relatively small number of training samples. Orientation predictions
tend to capture overall trends in orientation well, with deposition orientation often aligned with
the expected load path. A fifth column in the figure illustrates the spatial distribution of error
in orientation predictions for solid regions. In most cases, error is most prevalent in areas of
transition between two regions of relatively constant orientation. Although the model often
struggles to perfectly locate transitions between regions, these examples suggest that it has
learned the proper overall trends in orientation fields.

To quantitatively evaluate results, the error in structural compliance, c, was calculated on all
1000 validation predictions for each of the four GANs. Because some predictions contained some
ρ values outside of [0, 1], all density values were clipped to this range. A relative comparison of
cGAN to ctrue was made, according to

ce =
cGAN − ctrue

ctrue
(6)

Positive values indicate higher (less desirable) compliance in the GAN design than the design
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Table 1: Average errors for each GAN. Error metrics are shown for the four GANs which predicted either
both ρ and θ or just θ, and either used a unweighted or density-weighted orientation loss function. MAE for ρ
and θ are shown in the first two rows, followed by the relative compliance error, c̄e from Eq. 6.

ρ & θ
ρ & θ

(Weighted Loss) θ
θ

(Weighted Loss)

ρ .061 .061 - -

θ .143 .117 .093 .074

c̄e .327 .188 .105 .070

from TOO. A small number of outliers with ce > 1 were identified (∼ 3% for the GAN predicting
both ρ and θ with unweighted loss function, and less than 1% for all others). Table 1 shows
the average of ce for each GAN, along with the MAE on both the ρ (if applicable) and θ
output channels. For orientation predictions, MAE values here were calculated on the condensed
(properly flipped to fit the range [−π/2, π/2]) θ data. The calculation also only considers regions
that are solid (ρ < 0.5). The ground truth density was used to determine solid regions for this,
so that a direct per-pixel comparison could be made. All values of ce are also included in the
histogram of Fig. 8.

Across both MAE and ce metrics, GANs predicting only θ gave better performance. In-
tuitively, this mapping is more straightforward: it involves only a single output channel, and
receives an additional input channel in ρ. Rather than generating a density layout, in some
sense, it is performing a task more similar to image translation (grayscale density image-to-
density colored by orientation), which has shown excellent results in non-TO contexts and was
the original motivation behind the pix2pix architecture from which the GAN architectures here
were developed.

Weighting the loss function on the orientation channel showed a positive effect regardless of
GAN configuration. This suggests that the proposed weighting led to GAN parameter updates
more focused around important (solid) regions without being bogged down by attempts to
match θ in less important (void) regions. Improvements from this loss function were significant,
on the order of 30-40% in c̄e.

≥

Figure 8: Histogram of relative compliance error, ce For each of the four GANs considered in this work,
ce is plotted across the 1000 validation samples. GANs predicting only θ show higher peaks near 0 error than
those predicting both ρ and θ. Note that ce is clipped at +/- 1. Densities in GAN-generated designs were clipped
to the range [0, 1] before compliance calculation.
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Figure 9: An example output from all the GANs. For each GAN tested, the first row shows the density
(if applicable), and the remaining rows show the orientation (raw after rescaling, after flipping all angles to lie
in the range [−π/2, π/2], and the same plot after masking by the ground truth ρ > 0.5.

A validation example is shown across all GANs in Fig. 9, for density, raw orientations,
reflected orientations, and reflected orientations after hiding void regions. This sample was
particularly challenging in terms of density for both relevant GANs. In terms of orientation,
however, each GAN properly predicted the overall trends, as evidenced by the bottom two
rows. On the raw θ predictions in the second row, in every case, lower-magnitude angle values
were generally preferred over the higher magnitude equivalent (e.g., π/6 instead of −5π/6),
representing a possible general preference by the GAN for lower magnitude values when there
are multiple options. Finally, on the θ-only GAN with the weighted loss function, a series of
dots of high error are present in a grid pattern. These small dots could likely be removed by
image processing techniques.

4. Discussion

As shown in the results, GAN performance is promising when predicting either ρ and θ
given the TOO problem P (Fig. 3(a)), or just predicting θ when given P and ρ (Fig. 3(b)).
Performance was better in the latter configuration, which aligns with intuition that predicting a
single output channel from more informative input (i.e., including ρ) is at least a slightly simpler
task, reminiscent of image colorization - a known strong point of the ML model type considered.
Weighting the loss function to help the model focus more on learning relevant (i.e., solid) regions
of θ also boosted results, giving noticeably better compliance errors, c̄e. This points to a general
challenge in surrogate modeling for TOO: orientation data fills the entire design domain but
does not necessarily have physical meaning throughout. In this work, weighting the loss function
to focus on solid regions was valuable; future work may reveal additional means of confronting
this challenge.

To understand the regions of the problem space where the models struggled the most,
heatmaps were created to show GAN error as a function of load and boundary condition loca-
tion. Shown in Fig. 10, these plots indicate that, for ρ, the model struggles most when the load
is far from the boundary conditions, while, for θ, the greatest struggle is when the load is near
the boundary conditions. Ordinarily, additional training data collection could target errors of
high error, but in this case, because the error is spread nearly oppositely for the two channels,
future work should take care in sampling further training data.
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Figure 10: Heatmaps of error as a function of load location. While ρ error tends to be higher farther
from the boundary conditions, θ error tends to be higher closer to the boundary conditions. These plots are from
the GAN that predicts both ρ and θ, with unweighted loss function L0.

With this mix of promise and unique challenges, a strong future use case for ML surrogates
could be as tools for warm-starting costly TOO routines. TOO entails significant computational
burden beyond that of density-only TO, which usually only involves half the number of design
variables. A compelling use case is also suggested by the configuration in this work that predicts
orientation only, given the loading condition and the optimal density (Fig. 3(b)). In principle, a
TO problem could be solved without consideration for orientation, which could then be rapidly
predicted in a secondary step by a ML surrogate. Both approaches warrant further investigation
and thorough evaluation on problem domains and datasets beyond the present work.

5. Conclusion

Surrogate models, based on the GAN architecture, were tested for their ability to map to
optimal densities and orientations in a TOO routine that calculated both optimal density and
optimal AM deposition orientation. Multiple alternative configurations were considered, in-
cluding prediction channels and loss functions. Even with a limited dataset size due to TOO’s
relatively high computational expense, model performance was fairly strong across configura-
tions, with improvements from both reducing the output channels and utilizing a custom loss
function that pays greatest attention to regions of high material density. The models explored
here show promise for use as, for example, warm-starting tools for TOO, or for assigning AM
orientation fields on already-optimized density fields. For AM routines that induce anisotropy,
this could become a convenient tool for further integration of manufacturing into the design
process.
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