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ABSTRACT

Projection multi-photon lithography (PMPL) is a high-throughput, layer-by-layer nanoscale 3D printing method that can offer
orders-of-magnitude higher fabrication speed than conventional direct laser writing techniques. Achieving precise geometric
accuracy with PMPL requires accurate control of both in-plane patterning and the height of each printed layer, both of which
are strongly affected by nonlinear polymerization kinetics and optical exposure conditions. We present a Bayesian optimization
framework that integrates grayscale patterning with in situ quantitative phase imaging to autonomously correct layer-height
deviations during PMPL. A simplified mechanistic model of the projection and polymerization process is incorporated, providing a
physics-informed parameterization of grayscale exposure. Then, both the model’s key parameters and specific process variables for
grayscale patterning are optimized by the Bayesian framework to minimize layer-height error. Tests on representative 2D structures
demonstrate that the method achieves more uniform, accurate layers in under 300 prints, substantially reducing experimental
effort compared with conventional trial-and-error approaches. By integrating physics-informed parameterization, in situ optical
metrology, and data-efficient machine learning, this approach enables precise and repeatable layers in PMPL and provides a
broadly applicable strategy for optimization of other micro- and nano-fabrication processes.

for fabricating complex 3D microstructures [10, 11]. Ongoing
efforts in MPL increasingly focus on improving both throughput
and geometric accuracy by understanding and tailoring the
optical and photochemical processes that govern multi-photon

1 | Introduction

Additive manufacturing at the micro- and nanoscale has become
a critical enabling technology for applications ranging from

micro-optics and photonics [1-3] and mechanical metamateri-
als [4-6] to microscale biomedical devices [7, 8]. Light-based
3D printing methods are particularly attractive at these length
scales, as they can provide high-speed non-contact processing,
truly three-dimensional patterning freedom, and resolution and
feature sizes beyond the diffraction limit [9]. Among these
approaches, multi-photon lithography (MPL), also called two-
photon polymerization, has emerged as a versatile platform

polymerization.

In MPL, a high-peak-intensity ultrafast laser is tightly focused to
induce multi-photon absorption in a photosensitive resin. The
nonlinear intensity dependence of this process confines pho-
topolymerization to a small focal volume, enabling sub-micron
resolution and feature sizes [12, 13]. This same confinement,
however, limits volumetric printing rates. Recent efforts in MPL
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have focused on improving this throughput by parallelizing the
printing process. This has been achieved by increasing the num-
ber of foci through use of metalens arrays [14], diffractive optical
elements [15], and holography [16]. Projection multi-photon
lithography (PMPL) is another recently developed approach that
addresses this limitation by printing entire layers of a structure
simultaneously, increasing volumetric printing rates by several
orders of magnitude over single-point line scanning [17, 18].

Projection-based printing methods have long been used at the
macro-scale [19, 20], but they typically rely on interfacial printing,
which avoids the issue of intensity hot-spots away from the image
plane, an issue inherent to coherent optical imaging. PMPL avoids
sacrificing the truly three-dimensional design freedom of MPL
by employing spatiotemporal focusing of ultrafast laser pulses.
In this approach, a digital micromirror device (DMD) provides
spatial amplitude modulation while its diffractive properties
disperse the spectral components of the laser pulse, temporally
stretching it. A 4f imaging system then recombines these com-
ponents at the image plane, restoring a short pulse duration and
enabling high-speed, layer-wise printing with sub-micron axial
confinement.

PMPL therefore lies at a unique intersection between serial MPL
and macro-scale projection-based 3D printing methods. Many
of the challenges associated with projection-based approaches,
such as image blurring due to diffraction and shape-dependent
process parameters, are also present within PMPL [21]. However,
these effects occur at much smaller length scales, approaching
those of oxygen and photoinitiator diffusion, which are known
to strongly influence MPL processes [22, 23]. Furthermore, the
spatiotemporal focusing and 1D dispersion from the DMD pro-
duce a complicated 4D intensity profile (three spatial dimensions
plus time) unique to each layer [23]. Together, these factors give
rise to a complex process parameter space unique to PMPL, often
necessitating time-consuming trial-and-error optimization for a
given structure.

Pre-compensation methods have become an important tool for
improving geometric accuracy in micro- and nanoscale 3D print-
ing [24-27]. In the context of MPL, these approaches typically
involve iteratively refining input designs or process parameters
using simplified physical models and feedback measurements,
often leveraging the fact that systematic deviations can be linked
to local optical and photochemical processes at the voxel scale.
In projection-based printing, similar pre-compensation concepts
have been explored, but the simultaneous polymerization of an
entire layer introduces additional challenges, including spatially
varying exposure conditions and shape-dependent interactions
[23, 28-30]. As a result, data-driven and machine-learning-based
pre-compensation strategies have increasingly been explored,
both in MPL [31-33] and projection-based additive manufactur-
ing [34-36] to enable more flexible, adaptive, and generalizable
pre-compensation strategies.

In PMPL, accurate fabrication requires control over both in-
plane exposure and the effective height of each printed layer.
Layer-height errors can accumulate over multiple layers, leading
to significant geometric deviations despite good lateral pattern
accuracy. Recent reaction-diffusion modeling work has shown
that these errors arise from oxygen inhibition and diffusion and

optical exposure nonuniformity and that there are promising
routes for correction [23]. The shape dependence of these inter-
actions, however, makes them difficult to correct using fixed
process parameters or simple pre-compensation rules. While full
reaction-diffusion models can provide useful physical insight,
their usefulness is often limited by computational cost. Con-
versely, purely data-driven approaches typically require a large
number of experiments.

Bayesian optimization provides a highly effective alternative that
bridges this gap by efficiently navigating complex, black-box
experimental spaces without the need for exhaustive parameter
sweeps [37]. Unlike more common machine learning techniques,
such as deep learning, which often require large datasets to
achieve reliable convergence [38, 39], Bayesian optimization
utilizes a probabilistic surrogate model to balance the exploration
of uncertain parameter regions with the exploitation of known
favorable conditions. In the context of PMPL, we have previously
demonstrated that Bayesian optimization can achieve superior
2D geometric accuracy with four to five times less experimental
data compared to convolution neural network-based approaches
[21].

To leverage this efficiency for layer-height control, this work
introduces a Bayesian framework that combines physics-
informed parameterization, in situ measurement, and
data-efficient optimization. First, a simplified mechanistic
grayscale pattern generation method is developed to parameterize
the projection exposure in terms of a small set of physically
interpretable input parameters. Layer-height deviations are
then measured using in situ quantitative phase imaging,
providing consistent output metrics for evaluating layer
accuracy. These input and output parameters are integrated
within a Bayesian optimization framework that autonomously
explores the process space to minimize layer-height error. The
performance of the framework is demonstrated on representative
two-dimensional layer structures, showing convergence to
more uniform and accurate layers with substantially reduced
experimental effort.

2 | Parameterization of Projection Multi-Photon
Lithography
2.1 | Mechanistic Grayscale Pattern Generation

Grayscale exposure strategies provide a practical means of con-
trolling photopolymerization by adjusting the local optical dose
delivered to a resin. In digital light processing (DLP) systems, this
concept is implemented by varying the time-averaged illumina-
tion intensity across the projected image, allowing spatial control
over crosslink density during curing [40, 41]. Such approaches
have been used to tune mechanical and functional material
properties [42, 43], as well as to improve dimensional accuracy
and effective resolution in DLP [30]. Although these methods
are typically developed for macroscale DLP platforms, their
underlying principles are relevant to PMPL, which similarly relies
on DMD-based projection.

Applying grayscale patterning to PMPL introduces both oppor-
tunities and challenges that differ from those encountered in
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conventional grayscale DLP (g-DLP) systems. One advantage is
that the projected DMD pixels are strongly demagnified at the
printing plane and are significantly smaller than the diffraction-
limited spot size, enabling fine spatial control of exposure.
However, PMPL operates with ultrafast pulsed laser illumination
at relatively low repetition rates, rather than continuous-wave
sources. Because the DMD provides only binary amplitude
modulation, grayscale exposure for g-DLP and PMPL must
be achieved by projecting sequences of binary patterns whose
cumulative dose approximates the desired grayscale distribu-
tion. During continuous, high-speed layer printing in PMPL,
individual patterns may receive only a small number of pulses
and are projected at different axial positions within the resin.
As a result, the effective polymerization produced by a given
grayscale pattern depends on a combination of optical exposure
conditions, polymerization kinetics, and process parameters,
making direct determination of suitable patterns nontrivial.
To address this challenge, a simplified mechanistic model is
used to relate projected binary patterns to an estimated printed
heightmap, providing a physics-informed basis for grayscale
pattern generation. The objective of this approach is to estimate
the printed result of a binary DMD pattern and to generate a
compensating grayscale pattern that corrects deviations relative
to the target layer geometry prescribed by the original binary
pattern.

The optical intensity distribution within PMPL can be efficiently
and accurately calculated using a Fourier optics model of the
projection system [18, 23]. While detailed reaction-diffusion
models of multi-photon polymerization have been reported [23],
their computational cost inhibits their use in iterative pattern gen-
eration. Instead, the dominant effects of oxygen inhibition and
diffusion are approximated by convolving the dose distribution
with a Gaussian kernel [24, 44]. Assuming two-photon absorption
is the dominant initiation mechanism, the normalized dose
distribution D corresponding to a given 4D intensity distribution
I, obtained from a Fourier optics model of the projection system
[18, 23], is given by,

D — min (D)

max (D) — min (D) ®

T
D (x,y,2)=/ I(x,y,2z,6)’dt ,D =
0

where T is the exposure period. The 2D printed layers studied
in this work are printed on the substrate surface. This surface
influences the reaction-diffusion process by acting as a no-flux
boundary for diffusion processes, reducing oxygen inhibition
near the substrate [23]. This effect can be approximated dur-
ing the Gaussian-kernel-convolution [24] process by using an
asymmetric kernel along the z-axis,

xt+y?+ 22

1
K (x,y,z;0) = ————— exp ( 257

@) o3

) H(-2), (2)

where o is the sole free parameter of the kernel and represents
an effective diffusion length scale and H(—z) is the Heaviside
function causing the upper half of the kernel to be zero. Then
by only padding the upper portion of the dose during the
numerical convolution process, diffusion-limited polymerization
on the substrate can be reasonably approximated. The output
polymerization heightmap P is then simply the maximum z value

that the Gaussian filtered normalized dose exceeds a threshold
value 7 or,

P(x,y;r):mzax{(f)(X)K)ZT} , 3)

where ® denotes a convolution operation. This max{-} operation
reduces the mechanistic model results down to the 2D grayscale
image space. The threshold 7 is a tunable parameter, but 7 =19.5%
was found to work well for all results in this work.

Figure 1 shows the different components of the grayscale pattern
generation method. Figure la shows the printed result mea-
sured by quantitative phase imaging [45] for an unmodified
6.75 X 6.75 um single binary butterfly pattern. Figure 1b pro-
vides an example of the prediction of a printed layer for the
same 6.75 um binary butterfly pattern. The 3D normalized dose
distribution calculated by the Fourier optics model (shown after
thresholding at 19.5% only for visualization purposes) exhibits an
irregular distribution with prominent features along the top and
bottom but softer edges along the sides due to 1D dispersion of
the DMD [23]. The asymmetric kernel is shown with a cutout for
visualization purposes and is not to scale. Convolving the dose
with a o = 0.8 um kernel and thresholding with 7 = 19.5% yields
a simulated layer with smooth features that closely approximates
the experimentally measured result in Figure 1a.

Once a heightmap has been calculated from Equation), a
grayscale error map can be generated by subtracting the normal-
ized simulated heightmap from the normalized target heightmap.
An example error map is shown in Figure Ic. This error map
serves as the starting point for the grayscale pattern. From here,
several further variations can be made. The grayscale error map
predicts the undesired effects of inhibition and diffusion during
projection of the binary pattern. To account for these same
processes during the projection of the grayscale compensation
patterns, a diffusion compensation parameter, «, can be defined
as,

I

(l—oc)+<l;(1in®K) ’ @

Loy (@) =

where I, is the input grayscale pattern, I, is the diffusion-
compensated grayscale pattern, and K is now a 2D Gaussian
kernel with the same effective diffusion length o used during
generation of the grayscale error map [46]. Scaling the grayscale
error map by the inverse of its Gaussian-blurred self leads to
increased brightness at the edges and around smaller features,
where under-polymerization due to oxygen diffusion will be
greater. The degree of compensation for diffusion/oxygen inhi-
bition during projection of the grayscale pattern can then be
controlled by adjusting o between zero and one, where zero is
no compensation, and one is full compensation. Figure 1d shows
the diffusion-compensated pattern for the error map in Figure 1c
with o =0.8 um and o =1. Lastly, the nonlinearity of the grayscale
pattern can be adjusted using the common gamma correction
operation, or I, = Il.yn, where y is the nonlinearity parameter.
This is used to further tune this difference in exposure between
darker and brighter portions of the pattern.

Once the grayscale compensation image has been generated,
it must be converted into a sequence of binary patterns for
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FIGURE 1 | Grayscale pattern generation method. (a) Printed result for binary 6.75 um butterfly pattern, measured using quantitative phase

imaging. (b) Mechanistic-model-based layer prediction. The 3D dose distribution, computed via a Fourier optics model, for a binary butterfly pattern is

convolved with the bottom half of a Gaussian kernel to predict a polymerized layer on the substrate surface. A heightmap is generated by removing all
polymerization less than 19.5%. (c) A grayscale error map is generated by subtracting the normalized simulated height map from the target layer height
map. (d) The diffusion-limited effects during projection of the grayscale pattern can be compensated for by scaling the grayscale error map by the inverse

of its diffusion-convolved self. (e) The resulting grayscale pattern is then sliced such that the original binary pattern is projected for a period of T}, and

then a sequence of compensation patterns is each projected for a period of T'.

projection on the DMD. While conventional grayscale DLP often
relies on bit-plane slicing, this approach is poorly suited for
PMPL due to the limited temporal sampling inherent to pulsed,
high-speed projection. Bit-plane slicing produces granular, high-
spatial-frequency binary patterns that can lead to polymerization
artifacts when only a small number of laser pulses are delivered
per pattern during continuous motion. To avoid these effects, this
work employs a linear slicing strategy in which the grayscale
intensity range is divided into n,, linearly spaced levels, and
a binary pattern is generated for each level by thresholding the
grayscale image. Prior to slicing, all nonzero pixels are rescaled
such that the lowest slice corresponds to the original binary
pattern used to generate the simulated heightmap, referred to
here as the base pattern. This base pattern is projected with
an exposure duration T, while the remaining np,— 1 slice
acts as a compensation patterns and is projected with a separate
exposure duration T for each pattern. These compensation
patterns are ordered such that larger-area patterns are projected
later in the sequence, farther from the substrate, where greater
compensation is typically required. An example of the gray-level
sliced patterns generated from the result in Figure 1d is shown
in Figure le. The grayscale pattern generation parameters used
in this work and their optimization ranges are summarized in
Table 1.

2.2 | InSitu Quantitative Phase Imaging for
Layer-Height Measurement

In situ quantitative phase imaging (QPI) is used to measure
the printed layer geometry during PMPL without removal and
development of the sample, thereby significantly increasing the
throughput of the optimization method. QPI provides a spatial
map of the optical phase delay introduced by the printed struc-
ture, which is directly related to the accumulated optical path
length through the polymerized material. In this work, phase
maps are reconstructed from a set of intensity images acquired at
multiple defocus planes using the transport-of-intensity equation
(TIE), which relates the axial derivative of intensity to the trans-
verse Laplacian of the optical phase [45]. For a weakly absorbing,
predominantly phase object with slowly varying intensity, like a
thin polymer printed layer, the TIE can be approximated as,

0 A
1= —EIOVizj;, )

where I is the measured intensity, I is the in-focus intensity, ¢ is
the optical phase, 4 is the illumination wavelength, and V| is the
transverse gradient. Approximating the intensity derivative with
multiple defocus images equally spaced above and below the focal
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TABLE 1 | Input parameter descriptions.

Input parameter Range Description

w +1.25 um Maximum width of the projected shape

h +1.25 um Maximum height of the projected shape

o [0.001, 1.5] ym Effective diffusion length of the Gaussian kernel

y [0.2,5] Gamma correction nonlinearity parameter

a [0,1] Diffusion compensation parameter

Mpar [0,22] Number of binary patterns for grayscale image slicing
Thase [398,1198] us Exposure period of the first, base pattern

T [398,1598] us Exposure period of remaining compensation patterns

o

~

ESN
Thickness (um)
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FIGURE 2 | Quantitative-phase-imaging-based output metrics. (a) Surface plot of heightmap measured with quantitative phase imaging. (b) Width
and height measurements taken from the bounding box of the heightmap after Otsu-thresholding. (c) Hausdorff distance is measured between the
target shape and the printed result after thresholding. (d) Color plot of absolute thickness error between the target shape and the printed result. The

total volume of this error divided by the top area of the target provides the mean thickness error metric.

plane, denoising using the optimal frequency selection method
[47], and solving this equation yields a smooth quantitative
phase map of the printed layer [45]. For thin printed layers,
the measured phase delay can be interpreted as layer thickness
through the relation t = ¢$1/27wAn, where An is the refractive
index difference between polymerized and unpolymerized resin.
In the context of PMPL in this work, where the target geometry
for each layer is nominally planar, this 2.5D measurement is
sufficient to quantify deviations from the desired layer thickness.

Figure 2 summarizes the QPI-derived output metrics used in
this work. The measured phase maps are converted into layer-
thickness heightmaps, from which scalar error metrics are
extracted to guide optimization. Figure 2a shows a heightmap of
a printed result for a 6.75 um binary butterfly pattern. For this
work, four metrics are measured from this heightmap relative to
a target geometry: width error AW, height error AH, Hausdorff
distance dj, and mean thickness error ¢,. These metrics are
straightforward extensions of the 2D shape metrics used in

previous work [21] to the present 2.5D QPI measurements. The
width and height are taken from the bounding box of the shape
after Otsu-thresholding. The bounding box for the heightmap
in Figure 2a is shown in Figure 2b. The Hausdorff distance
was computed between the 3D point clouds extracted from
the measured and target heightmaps. This metric captures the
largest local deviation between the printed and target structures,
providing a measure of the worst-case surface mismatch. This
typically occurs between the upper edge of the printed and target
shapes and can therefore be thought of as an edge sharpness
measurement. Extracting a point cloud for this measurement
requires that a boundary be defined for the printed shape. There-
fore, the measurement is performed after Otsu-thresholding.
This thresholding process inherently favors sharper printed
edges for planar targets. Softer edges will have more material
below the threshold thickness removed, leading to poor printed
dimensions. As edges become sharper and closer to the target
shape, less printed material is below the threshold thickness,
leading to less removal during thresholding and more accurate
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TABLE 2 | Output metric descriptions.

Output

metric  Unit Description

w um Maximum width of printed shape after

thresholding
H um Maximum height of printed shape after
thresholding

Hausdorff distance between the target
surface and the printed surface after
Otsu-thresholding. Typically serves as an
edge sharpness metric.

dy um

A um  Mean thickness error, computed by taking
the absolute error volume between the
printed and target surfaces and dividing

by the area of the top target surface.

printed dimensions. For non-planar targets, a more rigorous edge
detection method may be necessary to avoid removing more
subtle (softer edge) boundaries. Figure 2c shows the Hausdorff
distance in green between the 1 um thick target shape (blue)
and the Otsu-thresholded print (red). Finally, Figure 2d shows
the absolute thickness error map between the 1 um thick target
and the printed result. The mean thickness error is computed by
taking the volume of this error and dividing by the area of the
target surface. This metric serves as a measurement of the overall
quality of the printed geometry. Table 2 lists the output metrics,
their units, and their descriptions. Because QPI measurements
can be acquired rapidly and non-destructively after each printed
layer, these metrics provide an efficient and reliable output
for closed-loop Bayesian optimization of grayscale exposure
parameters.

2.3 | Bayesian Optimization Framework

Bayesian optimization (BO) is well-suited for optimizing exper-
imental processes that are expensive to evaluate and exhibit
stochastic variability [37]. For optimization of geometric accu-
racy in 3D printing, each evaluation corresponds to a full
print and measure cycle, and the process parameter spaces
are typically large and strongly coupled, making exhaustive
parameter sweeps often impractical. BO addresses this chal-
lenge by combining a probabilistic surrogate model with an
acquisition strategy that sequentially selects new experiments
to efficiently explore the parameter space in order to improve
a chosen objective. In this work, BO is used to minimize
layer-height error by adaptively tuning the grayscale pattern
generation parameters described in Section 2.1 based on in situ
QPI metrics introduced in Section 2.2. The framework presented
here is based on previous work, where additional details on
Bayesian optimization can be found [21]. The framework is
implemented within Python using the Ax open-source platform
[48].

The surrogate model is constructed using Gaussian process (GP)
regression. A GP defines a distribution over functions, such that
any finite set of function values follows a multivariate normal
distribution. For an input parameter vector x, the latent response

function f(x) is modeled as
f® ~ GP(m(x),k(x,x)), (6)

where m(x) is the mean function and k(x,x’) is the covariance
function [37]. The choice of the mean and covariance functions
controls the shape of the distribution predicted by the GP. Exper-
imental observations are assumed to be noisy measurements of
this latent function,

y=f®+s 9

where y is the experimental observation and ¢ ~ N(0,02)
is the experimental noise, which follows a zero-mean normal
distribution with variance o2. Conditioning the GP on observed
data yields a posterior prediction distribution characterized by
a mean u(x) and variance o*(x), which together quantify both
the predicted result for a given input parameter set and the
uncertainty of the model for that predicted result. In this work,
independent single-task (one output) GP models are used for each
of the four QPI output metrics, and each model has a constant
mean function and a radial basis covariance function (RBF) [37].
The four predicted output metrics are then combined into one
scalar metric via a weighted summation of the normalized values,
orU (x) =— Z:;l w; f1;(x), where y; is the model’s predicted mean
for the i output metric. A negative sum is used because the objec-
tive of this work is to minimize error, but BO is typically treated
as a maximization problem. Since the metrics used here are
strongly positively correlated, any minor tradeoffs can be tuned
via the weights w;. For metrics that exhibit stronger tradeoffs, or
where a suitable w; is not easily determined, optimization of the
Pareto frontier [37] can be easily implemented in the Ax platform,
where the optimal tradeoff is learned during optimization. This,
however, slows optimization due to the additional computational
cost.

The acquisition function governs the selection of the next param-
eter set to experimentally observe by using the GP posterior
to balance exploration and exploitation. This work uses an
acquisition function based on the commonly used Expected
Improvement (EI) function, defined as

EI (x) = E[max {0, U (x) — U*}] (8)

where E is the expectation operator and U* is the best observed
value thus far. This expression can be evaluated analytically
under the GP posterior and naturally favors parameter regions
with either low predicted error or high uncertainty. In this
study, two acquisition functions are used. The Parallel Log Noisy
Expected Improvement, or qLogNEI [49], serves as the primary
acquisition function for identifying the next best experiments
to run to improve the model. The qLogNEI function is based
on Expected Improvement but implements several changes to
improve numerical performance. The Parallel Simple Regret, or
gSR [37], is used to evaluate the performance of the current
model by selecting points within the parameter space that the
model expects to perform well, regardless of the uncertainty.
The parallel or “q” in each of these names denotes the use of
parallel candidate acquisition. The GP formulation allows for
efficient parallel computations, but calculation of expectation
within the acquisition function is no longer closed form, therefore
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FIGURE 3 | Flowchart for the Bayesian optimization framework.

the solution is approximated via Monte Carlo sampling from
the GP model’s predicted posterior [49]. The complexity of these
acquisition functions highlights the benefits of the Ax platform, in
that they can be easily implemented without rigorous derivations.

Figure 3 illustrates the overall Bayesian optimization workflow
developed in this study. The process begins with the collection
of an initial training dataset consisting of 24 quasi-random
grayscale pattern samples uniformly distributed across the input
parameter space defined in Section 2.1, a single point centered
within the domain, and a small number of user-defined manual
sampling locations. These manual samples, typically four to
eight per optimization run, are chosen based on prior experience
or from favorable parameter sets previously identified through
trial-and-error and serve to accelerate early model convergence.
A Gaussian process surrogate model is then trained using all
available data and used to inform the qLogNEI acquisition
function. The candidates returned by the acquisition function
are experimentally evaluated through printing and in situ QPI
measurement, after which the resulting metrics described in
Section 2.2 are added to the training set. The model is retrained
and used to inform the qSR acquisition function. These additional
candidates are similarly printed and measured. The optimization
then iterates between EI-driven exploration and regret-driven
exploitation until a stopping criterion is met. A number of
stopping criteria can be used, but for this work, the optimization
process is simply stopped after 300 prints, as suitable convergence
and result quality were consistently observed within this number
of iterations.

3 | Results

The framework was used to optimize layer accuracy for five
different 1 pm thick target shapes. The target layer height of 1 ym
was selected because it is near the minimum axial feature size

achievable with PMPL [18] and therefore represents a stringent
test case for layer-height control, though the framework itself is
not restricted to this target thickness. A 6.75 ym square, circle,
and right isosceles triangle were optimized for demonstration
on simple representative shapes and a 6.75 pm butterfly and
13.5 X 6.75 um Purdue-P logo were optimized for demonstration
on more complex shapes. For each shape, the following param-
eters in Table 1, were optimized by the model: w, h, o, ¥, Tjuse»
and T. For the simple shapes, no diffusion compensation was
used, or a =0, and the number of patterns was fixed at n,, =
12. For the butterfly and Purdue logo, diffusion compensation
was necessary to achieve uniform thickness across the more
complex geometry, as these compensation patterns contain more
features of varying size and spacing that experience different
levels of diffusion-limited polymerization. Therefore, a was fixed
at 1, and n,,,, was optimized by the model. While optimization
of all parameters for each shape is feasible, using prior knowl-
edge to fix certain parameters helps increase the efficiency of
optimization.

For all shapes, the negative weighted sum of the four normalized
output parameters, or U(x), was maximized. Weights of w =
[1,1,5,10] were assigned respectively to the output parameters,
[AW,AH,d;;,e,]. These were determined via trial-and-error.
Since the Hausdorff distance and mean thickness error exhibit
asymptotic behavior above zero while the width and height errors
can approach zero, larger weights for the former two metrics
helps avoid local minima where the width and height errors
are very small, but shape quality is poor. To better evaluate the
impact of grayscale pattern optimization, some baseline results
were gathered using only binary patterns. For these binary results,
the model optimized the binary target pattern’s exposure period
and the z-axis translation speed during exposure to try and
achieve a 1 ym thick layer. For all grayscale prints, the z-axis
translation speed was calculated so that the total duration of
all patterns occurred within the target thickness of 1 um. The
optimization results for each shape for binary and grayscale
patterning are shown in Table 3. For AW and AH, a negative
value means undersized, and a positive value means oversized.
The optimal grayscale patterning parameters determined by the
framework and used to obtain the results in Table 3, are shown in
Table 4.

The optimization results for the 6.75 pm butterfly are shown in
Figure 4. The results for the Purdue-P, square, circle, and triangle
are shown in Figures S1-S4, respectively. Figure 4a,c show the
surface plot of the QPI measurement for the optimal binary
patterning and optimal grayscale patterning results, respectively.
The color bar for these plots is scaled from zero to the maximum
thickness, and the target thickness of 1 um is bolded. Figure 4b,d
show a color plot of the thickness error, or the difference between
the target heightmap and the printed heightmap, for the binary
and grayscale patterning results. The color bar for the thickness
error map in each of these figures is scaled from —1 pym to
1 um to provide a to-scale comparison between results. Negative
thickness error occurs when the printed result is thinner than the
target, and positive thickness error occurs when the printed result
is thicker than the target. The maximum and minimum thickness
error for each result is labeled on the color bar and bolded. The
optimal grayscale pattern and an ordered and expanded view of
its binary slices are shown in Figure 4e.f.
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TABLE 3 | Optimization results for binary and grayscale patterning.

AW AH dy g
Binary Grayscale Binary Grayscale Binary Grayscale Binary Grayscale
Shape [pum] [um] [um] [um] [um] [um] [um] [um]
Butterfly —-0.54 —-0.057 1.23 —0.057 1.221 0.381 0.389 0.230
Purdue-P —0.873 0.024 0.012 0.012 0.946 0.710 0.313 0.249
Square —0.678 0.081 -0.471 0.081 0.941 0.416 0.287 0.197
Circle —0.816 —0.057 —0.609 0.012 0.681 0.377 0.283 0.193
Triangle —1.437 —0.057 —1.437 0.081 1.451 0.466 0.369 0.318
Binary
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FIGURE 4 | Optimization results for 6.75 um butterfly shape. All axes are in units of um. (a) Surface plot of optimal result for binary patterning.
The color bar is scaled from zero to the maximum thickness, with the target thickness of 1 ym bolded. (b) Color plot of thickness error for the binary
patterning result. The color bar is scaled from —1 ym to 1 um. The minimum and maximum errors are labeled in bold. (c) Surface plot of optimal result
for grayscale patterning. (d) Color plot of thickness error for the grayscale patterning result. (e) Optimal grayscale pattern. (f) Expanded view of binary
slices of optimal grayscale pattern.

4 | Discussion and Conclusions mization framework consistently achieves sub-100 nm accuracy
in both the width and height of the printed layers, with the
These results demonstrate that grayscale patterning provides  Hausdorff distance reduced by an average of 580 nm, from
substantial improvement over binary patterning alone. The opti- approximately 1.05 pm for binary patterns to 470 nm for grayscale
patterns. By comparison, the reduction in mean thickness error
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TABLE 4 | Optimal grayscale patterning parameters.

TABLE 5 | Innerand outer error of binary and grayscale results.

w h o Tpase T
Shape  [pm] [pm] [pm] y  [ps] [us] n,, «

Butterfly 6.760 6.833 0.878 1572 598 610 18
Purdue-P 13.966 6.738 1.039 1.558 598 424 22
Square 7.020 7.003 0.496 2.339 637 398 12
Circle 6.843 6945 0.423 2932 598 684 12
Triangle 7.494 7.614 0.301 3.208 598 487 12

SO O O =

is more modest. However, inspection of the thickness error maps
in Figure 4b,d, as well as Figures S1-S4, shows that despite the
smaller numerical change, there is a clear qualitative improve-
ment in layer uniformity and edge definition. This apparent
discrepancy can be understood by separating the mean thickness
error into inner and outer errors. Table 5 reports these values
for both binary and grayscale results across all tested shapes.
The inner error, defined as the mean thickness error within the
target geometry, shows a stronger improvement for grayscale
patterning, with average values near 130 nm, whereas binary
results remain closer to the total mean thickness error. In con-
trast, the outer error, defined as the mean thickness outside the
target boundary, is slightly larger for grayscale results. For binary
patterns, width and height are not optimized, and edge sharpness
remains diminished, resulting in minimal polymerization outside
the target boundary. Grayscale optimization improves dimen-
sional accuracy and edge sharpness, but proximity effects lead to
increased polymerization around the target boundary, resulting
in larger outer errors. All these tradeoffs are captured within the
mean thickness error metric used in our BO framework, yielding
a more subdued improvement relative to the other metrics.
This behavior highlights a key advantage of separating print
accuracy into multiple complementary metrics, which allows
different tradeoffs to be explicitly quantified and weighted during
optimization.

A variance-based Sobol sensitivity analysis (Note S2) was per-
formed on the 6.75 um butterfly surrogate model to evaluate the
influence of the mechanistic pattern generation parameters on
the printed layer geometry. The results reveal that the metrics
are heavily impacted by the grayscale patterning parameters,
specifically the effective diffusion length, nonlinearity factor, and
number of binary patterns for grayscale slicing. Furthermore, the
substantially larger total order indices compared to first-order
indices for these variables indicate a highly coupled parameter
space characterized by strong interactions. The complexity of
this coupled parameter space demonstrates the need for machine
learning-guided exploration.

As with any optimization problem, there is an inherent tradeoff
between the number of degrees of freedom and computational
efficiency. Several parameters in the framework, such as the dose
threshold 7, were fixed based on prior observations that they per-
formed well across all tested geometries. Other constraints arise
from experimental and hardware limitations and represent clear
opportunities for future improvement. All results in this work
were obtained at a fixed laser power, as the current experimental
setup does not support autonomous power control. A power of

Inner Error Outer Error

Binary Grayscale Binary Grayscale
Shape [nm] [nm] [nm] [nm]
Butterfly 0.334 0.142 0.047 0.075
Purdue-P 0.254 0.146 0.062 0.103
Square 0.270 0.113 0.026 0.091
Circle 0.266 0.118 0.020 0.072
Triangle 0.327 0.157 0.031 0.088

270 mW (~135 W cm~2) was chosen so that printing the ~6.75 um
binary base patterns at the minimum exposure period yields
maximum layer thicknesses just below 1 um, allowing the remain-
ing patterns to focus entirely on compensation. Laser power
directly influences the balance between edge sharpness and
thickness uniformity: higher powers reduce oxygen inhibition
for small features but increase the risk of over-polymerization
in larger regions. Allowing the optimization framework to tune
laser power alongside grayscale parameters may enable improved
trade-offs. Similarly, the number of binary slices per grayscale
pattern is limited by the DMD image buffer size and pattern
switching time. Increasing the number of slices while reducing
the minimum exposure duration per pattern would improve
temporal resolution. Within existing hardware limits, additional
flexibility could be achieved by extending the exposure model
beyond the two exposure periods used here (T, and T), enabling
more refined temporal weighting of the grayscale compensation
patterns.

Beyond the single-field, layer-wise demonstrations presented
here, the framework naturally suggests pathways for extension
to both larger-area and fully 3D structures. For lateral scaling,
because diffusion-induced deviations are predominantly local-
ized near the structure boundaries [21], the need for grayscale
compensation remains mostly localized even for larger patterns.
When stitching multiple fields, interface errors could be captured
by the existing QPI metrics, meaning they could be directly
addressed by the Bayesian framework by introducing a stitching
overlap or spacing input parameter. Axially, although in situ
QPI provides a phase map that does not uniquely determine
the underlying 3D geometry, the measured phase profile still
encodes integrated thickness and material distribution infor-
mation that is highly relevant for optimization. In a fully 3D
context, expected or target phase profiles could still provide
meaningful optimization targets, allowing Bayesian optimization
to correct systematic deviations even when the exact geometry
is not uniquely observable. More generally, the combination of
physics-informed parameterization, in situ optical metrology, and
data-efficient optimization provides a flexible foundation that
can be adapted to more complex geometries, alternative feedback
signals, and additional process parameters.

In summary, this work demonstrates an autonomous machine-
learning-based optimization framework for improving layer-
height accuracy in projection multi-photon lithography by inte-
grating mechanistic grayscale pattern generation, in situ quanti-
tative phase imaging, and Bayesian optimization. Compared with
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single-pattern binary exposure, the grayscale exposure strategy
enables finer spatial control of dose delivery, allowing correction
of thickness nonuniformity and systematic edge deviations that
cannot be addressed using a single binary pattern per layer.
Optimizing these grayscale parameters enables the Bayesian
framework to achieve more uniform, sharper, and repeatable
layers within 300 prints, substantially reducing experimental
effort compared with manual tuning. Beyond PMPL, the frame-
work provides a general strategy for closed-loop optimization in
micro- and nanoscale additive manufacturing processes where
physical models are incomplete, measurements are indirect, or
experiments are costly.

5 | Experimental Section/Methods

The printing system was based on a Ti:sapphire regenerative
amplifier (Coherent Legend Elite Duo USX) producing ~50 fs
pulses at a repetition rate of 5 kHz, with a center wavelength
of 800 nm and a spectral bandwidth of approximately 30 nm.
Laser power was adjusted using a half-wave plate (Thorlabs
AHWP10M-580) in combination with a polarizing beam split-
ter cube (Thorlabs PBS25-780). The beam was collimated and
expanded to an approximate diameter of 12 mm using a concave
lens (f = —125 mm, Edmund Optics #49-539) followed by a convex
lens (f = 150 mm, Thorlabs LA1417-B). To mitigate speckle effects
in the projected beam during printing, a piezo-actuated tip-tilt
mirror (PI S-330.8SL) was used to translate the beam in a circular
pattern at high speed. The beam profile was converted from a
Gaussian to a flattop intensity distribution using a beam-shaping
optic (AdlOptica #Shaper 12_12_TiS_HP). The shaped beam was
then incident on a digital micromirror device (DLP4500NIR) at
an angle of 24° relative to the surface normal.

Light diffracted from the DMD in the blazed mode along the
surface normal was collected by an achromatic doublet (f =
180 mm, Thorlabs AC508-180-AB; CL in Figure S6) and focused
at the back focal plane of the microscope objective lens (OL in
Figure S6). A Nikon 100x objective with numerical aperture NA
=1.49 was used for printing and data collection. A dichroic mirror
reflective over the wavelength range 760-840 nm (Eskma Optics,
045-800) redirected the printing beam by 90° while transmitting
a helium-neon (He-Ne) laser used for focus detection.

For in situ imaging of the sample plane, a 50/50 beam splitter
(Thorlabs BSW27; BS in Figure S6) was placed after the dichroic
mirror and before the objective lens. The imaging path consisted
of an imaging lens (f = 100 mm, Thorlabs LA1509-B; IL in
Figure S6) and a CMOS camera (FLIR GS3-U3-32S4M). Sample
positioning was controlled using a three-axis air-bearing trans-
lation stage (Aerotech ABL100O series). The objective lens was
immersed directly into the photoresist deposited on a precleaned
microscope slide.

The photoresist used in this work was (2E,6E)-2,6-Bis (4-
(dibutylamino) benzylidene)-4-methylcyclohexanone (BBK)
mixed into the monomer pentaerythritol triacrylate (PETA)
at 0.38 mol% [50]. BBK is a highly efficient Norrish Type II
photoinitiator which, after undergoing multi-photon absorption,
typically generates a radical via intermolecular hydrogen atom
transfer with the monomer. This radical then reacts with

the monomer, initiating free-radical chain growth. The exact
mechanisms of this highly efficient BBK + PETA photoresist
system are still an active area of research [23, 51].

Printing was automated through serial communication with the
DMD controller using MATLAB and LabVIEW, with synchro-
nized motion control implemented via Aerotech’s Automationl
software. Fine axial positioning of the objective lens was achieved
using a piezo-actuated stage (PI P-725.4CD). Prior to printing
each sample, an automated focusing routine was executed in
LabVIEW, in which the objective lens was positioned to bring the
He-Ne laser into focus with an axial precision of ~100 nm.

All samples were printed at a fixed laser power of 270 mW, which
corresponds to an average intensity of ~135 W cm™ at the printing
plane. After printing each sample, 61 images were recorded at
different z-positions within a range of 12 um with a step size of
200 nm. These images were processed to generate the quantitative
phase map [45, 47]. A 660 nm LED (Thorlabs M660L3-C3) was
used as the illumination source. The LED was collimated with
a collimating lens, (f = 25 mm, Thorlabs LA1252; CoL in Figure
S6). A 600 um diameter aperture (A in Figure S6) was placed
approximately 1 mm from the bottom of the substrate to provide
sufficient coherence for quantitative phase imaging. Calculation
of the phase map was performed in MATLAB using a refractive
index of 1.517 for PETA and a An = 0.025 [45]. Measurement of
the output metrics was performed in Python.
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