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ABSTRACT: Diffractive deep neural networks (D2NNs) provide a
promising pathway toward high-speed, energy-efficient optical
computing. However, a substantial discrepancy between simulation
and experiment remains when devices are fabricated by two-photon
polymerization (TPP) for visible/near-infrared operation. This
discrepancy is primarily due to fabrication constraints. In particular,
the finite voxel size of the writing focus and the layer-by-layer slicing
quantization attenuate high-spatial-frequency phase features and distort
the designed wavefront. Here, a fabrication-aware training (FAT)
strategy is introduced to incorporate these dominant constraints into
the optimization loop through a differentiable model, thereby
improving the experimental performance of two-photon polymerized
D2NNs. In a handwritten digit recognition task, FAT increases the
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average experimental energy concentration ratio (ECR) from 6.15% to 11.50%. This reduces the simulation-to-experiment
discrepancy by 79.03% while preserving the classification accuracy. These results demonstrate that fabrication-aware optimization

substantially improves the functional fidelity of micro/nanoscale diffractive optical computing devices.
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Artiﬁcial intelligence (AI) has profoundly transformed
modern information processing, while the escalating
demand for throughput and energy efficiency is pushing
conventional electronic hardware toward physical limits.' ™
Optical neural networks (ONNs) have therefore attracted
increasing interest by leveraging the inherent parallelism and
ultralow latency of light.”™” Among ONN architectures,
diffractive deep neural networks (D2NNs) perform inference
and other computational tasks through passive diffractive layers
that sculpt the optical wavefront.'’"* These diffractive layers
require no active power during operation, although optical
illumination and detection remain necessary at the system
level.

Initial demonstrations of D2NNs take place largely at
terahertz wavelengths, where millimeter-scale features ease
fabrication.” " However, practical deployment with compact
imaging optics favors visible or near-infrared operation. This
shift drives diffractive features into the micro/nanoscale regime
and increases manufacturing difficulty.””** Two-photon
polymerization (TPP) has emerged as a key enabling
technology, providing three-dimensional, submicrometer-reso-
lution laser lithography.”>** By writing voxel-by-voxel in a
photoresist, TPP realizes dense three-dimensional diffractive
structures suitable for compact D2NNs.
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Despite the high nominal resolution associated with TPP, a
pronounced discrepancy persists between idealized simulated
designs and experimentally fabricated D2NNs. Standard
training typically assumes continuous phase modulation and
perfect geometric fidelity.”>*® In practice, TPP imposes strong
realizability constraints. The finite lateral extent of the focal
volume acts as a spatial low-pass filter. Additionally, layer-by-
layer writing discretizes the continuous height profile into axial
steps.””*® These constraints induce phase errors during the
physical realization, resulting in defocus, elevated background
noise, and reduced energy concentration.

Previous studies have shown that such discrepancies can be
addressed at different stages of the design—fabrication chain.
Wang et al. related laser power, scanning speed, hatching
distance, and slicing distance to the printed geometry through
a lumped TPL process model, enabling Dammann gratings
with diffraction performance approaching the theoretical
limit.”” This work demonstrates that fabrication should be
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Figure 1. Conceptual overview of diffractive neural network operation, fabrication, and fabrication-induced perturbations. (a) Optical inference
process, where the diffractive layer modulates the incident wavefront to route optical energy to class-specific detector regions. (b) TPP fabrication
of the diffractive microstructure using a femtosecond laser in liquid photoresist. (c) Representative fabrication-induced effects, including voxel-
induced blurring, slicing quantization, axial shrinkage, and surface roughness.

treated as a parameter-dependent transfer process that can be
characterized and optimized, rather than as an unspecified
resolution limit. Pan et al. evaluated the effects of corner
rounding, height-profile smoothing, and polymer shrinkage in
3D-printed multilayer metalenses.’” Moderate geometric
approximation preserved the focal position and width, whereas
the loss of fine height features produced a pronounced
reduction in focusing efficiency, indicating that fabrication
errors can affect energy concentration more strongly than
coarse focal characteristics. At the optical-system level, Wu et
al. corrected wide-angle projection distortion by mapping the
intrinsic spherical wavefront to the desired Cartesian target
before DOE design.”’ Although this approach addresses
deterministic propagation geometry rather than fabrication
error, it demonstrates that a known physical transformation
can be incorporated upstream into the design process.

For diffractive neural networks, related approaches have
introduced stochastic positional perturbations to improve
misalignment tolerance,”” engineered neuron geometries to
enhance visible-wavelength modulation fidelity,” and incorpo-
rated measured physical responses through hybrid or in-situ
training.”*~*” Collectively, these studies establish a common
principle: reliable diffractive devices require the relevant
physical nonidealities to be considered during calibration,
design, or training. However, the finite writing voxel and
discrete axial slicing of TPP have not been jointly embedded
into the optimization of a task-specific D2NN height profile.
FAT addresses this gap by evaluating slicing-compatible
discrete heights during forward propagation and using TV
regularization to reduce dependence on local height variations
that are particularly susceptible to voxel-induced smoothing. It
therefore complements process calibration and system-level
precompensation by directing the optimization toward phase
profiles that preserve task-relevant optical interference while
being more faithfully realizable by TPP.

Here, we propose a fabrication-aware training (FAT)
strategy to systematically bridge the discrepancy between
simulation and experiment in TPP-fabricated D2NNs. Using a
handwritten digit recognition task as a benchmark, a
quantitative sensitivity analysis identifies voxel-induced blur-
ring and slicing-induced height quantization as the dominant

contributors to experimental performance loss. In contrast,
axial shrinkage and surface roughness play secondary roles.
Motivated by these findings, FAT integrates voxel-induced
blurring and slicing quantization directly into the forward
model. This physics-grounded optimization guides the network
toward phase profiles that retain their intended optical
functionality after fabrication. Experiments confirm that FAT
substantially improves energy concentration and inference
fidelity, providing a scalable route to robust micro/nanoscale
diffractive ONN .

To reduce the discrepancy between simulation and experi-
ment, we first identify the dominant physical mechanisms
responsible for performance degradation in TPP-fabricated
diffractive networks. As summarized in Figure 1, this analysis is
grounded in the operation principle of D2NNs, the TPP
fabrication route, and the representative fabrication-induced
effects considered in this work. We then establish a
quantitative diagnostic framework and evaluate the sensitivity
of inference performance to four representative fabrication-
induced effects: voxel-induced blurring, slicing quantization,
axial shrinkage, and surface roughness.

Rather than retraining for each error source, we apply each
fabrication perturbation independently to the phase profile of a
pretrained ideal baseline (termed the Naive model, which is
designed for a handwritten digit recognition task using the
MNIST dataset) and compute the resulting optical response
by forward propagation. This procedure isolates the impact of
each physical effect on the designed wavefront, enabling a
direct comparison of their relative impact on inference
performance.

The mathematical definitions of the four perturbation
models are provided in the Supporting Information, together
with representative output intensity distributions in Figures
S2—SS5. The parameter sweeps were selected to cover
representative operating regimes encountered in high-reso-
lution TPP fabrication. The voxel-blurring range represents the
progressive lateral smoothing associated with the finite writing
focus, whereas the quantization sweep spans axial discretization
from finely sampled height profiles to only a few available
height levels. The shrinkage and roughness ranges represent
uniform axial contraction and stochastic local height variations,
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Figure 2. Sensitivity of the Naive model to representative TPP fabrication-induced errors. (a) Voxel-induced blurring. (b) Axial slicing
quantization. (c) Axial shrinkage. (d) Surface roughness. Classification accuracy and energy concentration ratio (ECR) are shown in blue and red,
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Figure 3. Architecture of the FAT framework. (a) FAT pipeline, mapping continuous height parameters to a final fabrication-compatible height
profile. (b) Differentiable fabrication-aware forward model and optimization flow. Slicing-induced height quantization is incorporated in the
forward propagation, while voxel-induced blurring is mitigated via a total variation loss L1y. The global loss is defined as Lt = @01y X L1y + Lpce,
where Lpcc denotes the Pearson correlation coeficient loss and w1y is a weighting factor that controls the relative contribution of the Lyy. Gradient

backpropagation is enabled by a straight-through estimator (STE).

respectively. These perturbations are comparative surrogate
models rather than printer-specific calibrations; accordingly,
the analysis is intended to establish a sensitivity hierarchy
within the examined ranges, rather than to assign the entire
experimental discrepancy to a unique physical mechanism.
Although the precise error magnitudes may vary with the
fabrication system, photoresist, and exposure conditions,
applying all perturbations to the same baseline provides a
consistent basis for comparing their relative effects.

The results in Figure 2 reveal a clear difference in sensitivity
among the four modeled perturbations. The ranges of voxel-
induced blurring and slicing quantization were selected with
reference to the effective focal volume and axial resolution of
commercial TPP systems, while the axial-shrinkage and
surface-roughness ranges were based on reported character-
izations of the IP-DIP2 photoresist.”® Voxel-induced blurring
causes both classification accuracy and ECR to decrease
progressively as the blur strength increases (Figure 2a). This
degradation arises because the finite lateral extent of the
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Figure 4. Comparative analysis of diffractive structures obtained via the Naive and the FAT models in simulation. (a, b) Height distributions of
diffractive layers optimized using the Naive model (panel (a)) and the FAT model (panel (b)). (c) Regression trend of classification accuracy
versus axial discretization step size. (d, e) Simulated classification confusion matrices for the Naive model (panel (d)) and the FAT model (panel
(e)). (f) Training evolution of classification accuracy and loss over 30 epochs. (g) Statistical distributions of neuron height values.

writing voxel acts as a spatial low-pass filter on the designed
height profile. Abrupt local height transitions and other high-
spatial-frequency features are therefore smoothed during
fabrication, preventing the fabricated structure from faithfully
reproducing the phase modulation required by the optimized
design. The resulting phase errors broaden the output features,
increase the background intensity, and reduce the fraction of
optical energy confined within the target detector region.
Slicing-induced height quantization produces a similarly
pronounced deterioration (Figure 2b). As the number of
available height levels decreases, the continuous height profile
is represented by progressively coarser axial steps, increasing
the difference between the optimized and fabrication-
compatible phase profiles. This quantization error perturbs
the relative phase accumulated across the diffractive layer and
disrupts the interference conditions required to route light

toward the correct detector region. Both classification accuracy
and ECR consequently decrease as the axial discretization
becomes coarser. The degradation becomes particularly
pronounced below eight available height levels, corresponding
to an axial slicing step of approximately 200 nm at 4 = 780 nm.

By comparison, axial shrinkage and surface roughness
produce smaller performance changes over the examined
ranges (Figure 2c and 2d). Uniform axial shrinkage primarily
rescales the overall modulation depth of the diffractive layer,
while surface roughness introduces spatially localized random
phase perturbations. Although both effects alter the optical
response, their influence on classification accuracy and ECR is
less pronounced than that of lateral smoothing and axial
discretization under the conditions considered here. This result
does not imply that shrinkage and roughness are negligible for
every TPP process; rather, it identifies voxel-induced blurring
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Figure S. Experimental comparison of diffractive layers designed by the Naive and the FAT models. (a) Experimentally measured input optical
intensity distributions for digit classes 0—5. (b) Scanning electron microscopy (SEM) images of fabricated diffractive layers, showing global
morphology and local structural details. (c) Measured output intensity distributions under identical experimental conditions, with corresponding

bar charts of normalized target-region intensities. Scale bar = 10 pm.

and slicing quantization as the dominant modeled sensitivities
within the representative ranges examined in this study.

Collectively, the sensitivity analysis provides the physical
basis for the FAT strategy. Slicing-induced height quantization
is treated explicitly by enforcing fabrication-compatible
discrete height levels during the forward propagation, whereas
the effect of voxel-induced blurring is mitigated through total-
variation regularization, which discourages abrupt local height
changes and reduces reliance on features that are susceptible to
smoothing by the finite writing voxel. FAT therefore targets
the two fabrication constraints that most strongly degrade the
Naive design, while avoiding unnecessary complexity asso-
ciated with explicitly modeling every possible fabrication
imperfection.

Guided by the analysis above, we formulate a FAT strategy
that embeds the dominant fabrication constraints into the
optimization of TPP-fabricated D2NNs. The overall pipeline is
shown in Figure 3a. Accordingly, the forward model
incorporates fabrication-aware modules that guide the
optimized profiles toward compatibility with the manufactur-

ing process. To account for the phase quantization inherently
introduced by axial slicing, we explicitly enforce discretized
height constraints in the forward propagation stage (Figure
3b). Specifically, the continuously optimized height parameters
are projected onto a finite set of stepwise levels. These levels
align with the prescribed slicing resolution. Both the optical
field propagation and the subsequent loss evaluation are
carried out based on this discretized representation. This
approach ensures that the optimization objective reflects the
performance of the physically realizable, quantized structure.
While this hard quantization faithfully captures the physical
discretization process, it introduces nondifferentiability that
hinders gradient-based optimization. To circumvent this issue,
we adopt a straight-through estimator (STE) during back-
propagation. Within this framework, the quantization oper-
ation is treated as an identity mapping in the backward pass,
allowing gradients to propagate through the discretization layer
without compromising the physical consistency of the forward
model.”
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To alleviate voxel-induced blurring, we further introduce
total-variation (TV) regularization to penalize excessive height
differences between neighboring diffractive neurons. Large
height differences between neurons create steep gradients and
long sidewall regions. During layer-wise fabrication, the finite
voxel size and exposure overlap lead to significant rounding of
these sidewalls. Such rounding results in large deviations from
the designed phase profile. By penalizing abrupt height
variations, TV regularization promotes smooth transitions
and preserves the intended phase modulation. Together with
discretized height constraints, this regularization restricts the
optimization to fabrication-compatible phase profiles.

The TV weight was selected through a validation-set sweep
from zero to 1 X 107* with all other optical and training
settings held fixed (Figure S7). We adopted wpy=3 X 107° as
a balance between fabrication compatibility and numerical
performance: the mean neighbor-to-neighbor height variation
decreased from approximately 493 to 258 nm, while the
validation accuracy changed only from 85.8% to 84.7%. Larger
weights further smoothed the profile but produced a more
pronounced loss of accuracy. Consistent with this selection,
the final FAT height map exhibits 32% lower absolute spectral
power above 0.40 cycles um™" than the Naive design, whereas
the fraction of power in this band decreases by a more modest
8%, because the total spectral power is also reduced (Figure
S8).

Figure 4a and 4b directly compare the optimized height
maps obtained using the Naive and FAT models. The Naive
design contains dense neuron-to-neuron height variations and
numerous isolated high-gradient features, whereas the FAT
design exhibits broader, more spatially connected regions with
smoother local transitions. We next determine an optimal
slicing step size that balances simulated performance with
fabrication feasibility. Because accuracy improves as the slicing

step decreases (Figure 4c), we adopted a 100 nm step,
corresponding to the 16 height levels used for fabrication.
Figure 4d and 4e present the class-resolved numerical
confusion matrices, while the training histories in Figure 4f
show stable convergence of both accuracy and loss over 30
epochs. The neuron-height histograms in Figure 4g further
illustrate how FAT reshapes the design: the Naive profile
remains approximately continuous, whereas the FAT profile
concentrates around the enforced levels and relies less on
extreme heights. Relative to the Naive design, FAT reduces the
mean neighbor-to-neighbor height variation by 48% and the
absolute spectral power above 0.40 cycles um™' by 32%
(Figure S8). Because the total spectral power also decreases,
the fraction of power in this band is reduced more modestly, to
0.92 times the Naive value. Meanwhile, the numerical test
accuracy decreases only slightly, from 85.8% to 84.8% (Figure
4d and 4e). Thus, FAT substantially improves the fabrication
compatibility of the optimized height profile while largely
preserving its ideal numerical performance, with only a one-
percentage-point reduction in test accuracy.

To determine whether this simulation-level robustness
translates into physical performance gains, we next carry out
experimental validation by fabricating single-layer diffractive
phase masks designed by the Naive and the FAT models.
These masks are produced using a commercial TPP system
and characterized under identical conditions (see the
Supporting Information for experimental details). Input digit
patterns are encoded onto the incident optical field via
amplitude modulation using a spatial light modulator (SLM)
and relayed to the diffractive layer through a 4f imaging system.
A CCD camera records the resulting output intensity
distributions at the detector plane, located at a design
propagation distance of 100 um. Figure S1 provides a
schematic of the experimental optical setup. Unless otherwise
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specified, all measurements are conducted at 4 = 780 nm with
identical acquisition parameters and post-processing proce-
dures to ensure a fair comparison between the two training
strategies.

Representative experimental results for different input digits
are shown in Figure 5. For the Naive-designed diffractive layer,
the measured output fields exhibit broadened focal spots and
elevated background intensity. This indicates substantial
optical energy leakage into nontarget detector regions,
reflecting the intrinsic limitations of the TPP fabrication
process in reproducing high-spatial-frequency phase features.
In contrast, the FAT-fabricated diffractive layer produces well-
confined focal spots. Background intensity is strongly sup-
pressed, and optical energy is preferentially routed toward the
intended channels. This results in improved contrast and
signal-to-noise at the detector plane.

The normalized target-region intensities in Figure 5 further
quantify this behavior. For digit “0”, the FAT-designed
diffractive layer yields a dominant response in the target
detector region with clear separation from nontarget responses.
Conversely, the Naive counterpart shows markedly reduced
contrast. Similar trends are consistently observed across the
other digit classes, demonstrating that the FAT enhances
interclass intensity separation and stabilizes optical decision
making in the fabricated system.

Figure S presents representative measured output fields,
whereas the quantitative structural and optical comparisons are
summarized in Figure 6 using the complete experimental
dataset. The AFM height maps in Figure 6a and 6c¢ reveal
distinct morphological characteristics of representative regions
from the two fabricated devices. The Naive device exhibits
more pronounced local height contrast, with numerous
spatially isolated protrusions and depressions, resulting in a
relatively fragmented surface morphology and larger local
peak-to-valley variations. In comparison, the FAT device
contains more laterally connected plateau-like regions, with
smoother transitions between adjacent height levels and fewer
isolated features. This difference is further supported by the
corresponding line profiles in Figure 6b and 6d. The Naive
profiles contain frequent irregular peaks and valleys with
rounded and nonuniform feature widths, whereas the FAT
profiles exhibit flatter plateaus, more clearly defined step-like
transitions, and more regular quasi-rectangular features. These
observations indicate that FAT suppresses excessive local
height fluctuations and promotes a more ordered, terrace-like
morphology, consistent with its lower height variation and
reduced high-spatial-frequency content (Figure S8).

To quantitatively evaluate optical inference, we calculated
the ECR for a fixed, class-balanced set of 96 inputs, with 16
samples from each digit class measured on both devices. For
each input, ECR was defined as the optical energy within the
detector assigned to the true class divided by the total energy
within a fixed output region. The same detector regions and
analysis procedure were used for the numerical and
experimental data, and experimental ECRs were calculated
from linear CCD intensities. As shown in Figure 6e, the Naive
mean ECR decreases from 14.21% in simulation to 6.15% in
experiment. By contrast, the FAT mean ECR decreases only
from 13.19% to 11.50%. The corresponding simulation-to-
experiment gap is therefore reduced from 8.06 to 1.69
percentage points, representing a 79.03% reduction. FAT
also achieves a higher mean experimental ECR in every digit

class (Figure 6f), demonstrating more faithful routing of
optical energy after fabrication.

The experimental confusion matrices provide a direct
evaluation of the inference performance of the fabricated
devices (Figure 6g and 6h). Using the same fixed, class-
balanced set of 96 inputs, the Naive and FAT devices correctly
classify 80 and 78 samples, yielding experimental accuracies of
83.3% and 81.2%, respectively. This tradeoff is consistent with
the numerical results, demonstrating that FAT sacrifices only a
small degree of classification accuracy while substantially
improving the fidelity of optical-energy routing in the
fabricated device.

This improvement arises from incorporating the dominant
TPP constraints directly into optimization. Conventional
training may produce continuous height profiles with abrupt
variations that are difficult to reproduce because of axial slicing
and the finite writing voxel. FAT instead enforces fabrication-
compatible height levels during forward propagation and
applies TV regularization to suppress excessive differences
between neighboring neurons. The resulting profiles rely less
on features susceptible to discretization and voxel-induced
rounding, allowing the fabricated layer to preserve its intended
phase modulation more faithfully. FAT does not overcome the
physical resolution limits of TPP; it redirects the optimization
toward features that can be reliably fabricated.

A residual discrepancy between simulation and experiment
nevertheless remains. Possible contributors include nonuni-
form polymerization and unmodeled geometric deviations,
residual wavefront and alignment errors, detector noise, and
the limited routing capacity of a single diffractive layer. Figure
S9 shows comparable relative sensitivities of the Naive and
FAT designs to the examined lateral and axial offsets. Because
these error sources were not independently measured, their
individual contributions cannot yet be determined.

Although demonstrated here using a single-layer D2NN, the
fabrication-aware framework can, in principle, be extended to
multilayer architectures, other nanofabrication processes, and
wavefront-engineering tasks such as holography and beam
shaping, provided that the dominant process constraints can be
modeled differentiably. Future work could incorporate
exposure-dependent polymerization, shrinkage, and structural
deformation through physics-based or hybrid data-driven
surrogates. Evaluations under interlayer misalignment, partially
coherent illumination, and larger optical systems will also be
important for practical deployment.

In summary, we developed a fabrication-aware training
(FAT) framework for TPP-fabricated D2NNs. Sensitivity
analysis identified voxel-induced blurring and slicing-induced
height quantization as the dominant fabrication constraints,
which were addressed through total-variation regularization
and differentiable height quantization, respectively. The
resulting FAT design exhibited reduced local height variation
and high-spatial-frequency content while retaining a simulated
classification accuracy of 84.8%. AFM measurements further
confirmed smoother, more terrace-like fabricated profiles. For
a fixed, class-balanced set of 96 handwritten-digit inputs, FAT
increased the mean experimental ECR from 6.15% to 11.50%
and reduced the simulation-to-experiment gap by 79.03%, with
only a modest decrease in experimental classification accuracy
from 83.3% to 81.2%. These results demonstrate that explicitly
embedding fabrication constraints into optimization improves
the physical fidelity of diffractive devices and provides a general
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route toward robust nanofabricated optical computing and
wavefront engineering.
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