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Photorealistic 3D Holographic Display with
Natural Defocus Effect

Mi Zhou1,8, Mu Ku Chen 2, Fei Liu3, Mei Shen4, Lei Lei5, Chaoqun Ma1,
Xueqian Wang 1, Jian Song1, Haoqian Wang1, Kaichen Dong 1, Chao Zuo 6 &
Zihan Geng 1,7,8

Holographic displays deliver realistic visual experiences by reconstructing
three-dimensional (3D) light fields. However, widely used RGB-D data offers
reliable geometry only in focused regions, lacking light field information in
defocused areas, particularly with transparent or reflective surfaces. Existing
methods typically utilize coherent diffraction to approximate defocus effects
in incoherent perception, introducing ringing artifacts and unnatural depth
transitions. We propose a method generating physically consistent complex-
valued lightfields frommulti-layer RGB-Ddata.Our approach integrates neural
rendering andmulti-branch phase prediction networks to compute amplitude
and phase, while explicitly enforcing wave propagation to preserve coherence
and physical consistency. Our simulations achieve an average peak signal-to-
noise ratio of 32.35 dB and an average structural similarity index of 0.938.
Experiments demonstrate correct defocus relationships and natural defocus
blur in scenes with glasses and mirrors. Our approach bridges coherent
computation and incoherent perception, addressing physical consistency in
3D holography for next-generation human-computer interfaces.

Holographic displays represent a promising approach to next-
generation three-dimensional (3D) visualization, capable of recon-
structing the wavefronts of 3D scenes1–9. By encoding both amplitude
and phase information, holographic displays can reproduce rich depth
cues relevant to human visual perception, motivating their use in
immersive visualization applications10,11. Compared to stereoscopic or
light-field displays, holographic techniques realize 3D scene repre-
sentation through wavefront reconstruction, which represents a pro-
mising path towards immersive visualization.

The key to achieving such visualization lies in computer-
generated holography (CGH). CGH represents 3D scenes using geo-
metric primitives such as point clouds, polygonal meshes, or depth
layers12–17. Among these, layer-based methods, benefiting from the

accessibility and compact storage of RGB-D data, have been widely
adopted for efficient wave propagation and 3D hologram generation.
Conventional layer-based algorithms optimize holograms with itera-
tive optimization, which requires extensive computation and time18.
Recent deep learning-based approaches have significantly accelerated
hologram generation. Lee et al. synthesize a layer-based dataset to
train anend-to-endU-Net thatdirectly predicts holograms fromdepth-
sliced images19. Wang et al. and Yan et al. propose self-supervised 3D
hologram generation networks20,21. However, a common practice
among these learning-based methods is to apply supervision only to
focused regions during training, neglecting the wavefront fidelity in
defocused areas. This leads to abrupt transitions between depth layers
and pronounced ringing artifacts in out-of-focus areas.
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The unnatural defocus effect, primarily featured by ringing arti-
facts, originates from a fundamental conflict in physical models and is
exacerbated by technical implementation limitations. On one hand,
existing computational methods are based on coherent diffraction
models,whereas humanvisual perception is adapted to the incoherent
perception of the natural world. This mismatch between the compu-
tational and perceptual models is the primary cause of inaccurate
defocus. On the other hand, the combined effect of scene discretiza-
tion and the finite aperture of optical systems artificially introduces
and truncates high-frequency components. This technical limitation
further accentuates the ringing artifacts. In the defocused regions, the
ringing artifacts appear particularly salient against a smooth
background22,23. Since defocus provides critical depth cues for human
visual perception24, the inaccurate defocus can severely undermine
scene realism and potentially cause visual discomfort25–27.

Several methods have been proposed to improve defocus realism
inCGH.Kavakli et al. useGaussian-blurred images as supervision targets
to mimic real-world defocus23. Yang et al. further improve defocus
fidelity by employing a physically based renderer to generate super-
vision targets for gradient-based optimization22. Akşit et al. and Zhan
et al. propose learning-based pipelines, HoloBeam28 and
ConfigurableHolography29, which replace iterative optimization with
end-to-end neural networks to reduce computation time. Choi et al. and
Dong et al. introduce time-multiplexing strategies that enhance per-
ceived 3D realismby inducing inter-frame incoherence30,31, while raising
the hardware complexity. Despite their progress, existingmethods face
several limitations. Iterative and time-multiplexing approaches are
prohibitively time-consuming. End-to-end models often struggle to
maintain physical consistency, particularly when modeling long-range
diffraction, resulting in a loss of fidelity. These limitations underscore
the need for further investigation into the physical consistency and
realistic defocus effect within a learning-based pipeline.

In this work, we propose a physics-informed, non-iterative meth-
odology for 3D hologram generation with realistic defocus effects, as
illustrated in Figs. 1a, b and 2. The central contribution of our work is a
representation-consistent holographic framework that aligns complex
scene encoding, neural inference, andwave-optical propagation under
a unified physical model of defocus formation. Specifically, we begin
with a theoretical analysis of human 3D perception, revealing the
essential role of the realistic defocus effect for natural depth inter-
pretation. To overcome inaccurate wavefront information in defo-
cused areas, we propose a network that synergistically integrates a
neural renderer and a multi-branch phase prediction module to gen-
erate physically consistent complex-valued light fields. The light dif-
fraction procedures and the effects of a limited aperture and spatial
frequency are modeled to ensure physical consistency with the
coherent holographic display system. Furthermore, to address the
depth ambiguity of RGB-D data in complex scenes with transparencies
or reflections, insteadof the conventionalmethodof assigning a single
depth value to each pixel, we propose a layered depth image (LDI)-
based rendering strategy, as shown in Fig. 1d, that preserves themulti-
layer depth structure and ensures correct focus ordering. The pre-
dictedwavefront is thenphysically back-propagated to the spatial light
modulator (SLM) plane for phase-only encoding. The design of the
multi-branch structures combines RGB-D and amplitude-phase data,
leveraging their complementary physical semantics to enhance holo-
gram generation. Our simulations achieve an average peak signal-to-
noise ratio (PSNR) of 32.35 dB and an average structural similarity
index (SSIM) of 0.938. Our optical experiments demonstrate faithful
3D reconstructions with smooth depth transitions and a photorealistic
defocus effect. In addition, the proposed framework can be easily
extended to multi-view holographic displays, demonstrating its scal-
ability and generality. The details are in Supplementary Note 7. Toge-
ther, these results highlight the potential of our physics-informed
hologram generation for immersive 3D visualization.

Results
Physics-informed framework for photorealistic 3D holographic
displays
Accurate defocus effects are critical for achieving photorealistic depth
perception in 3D holographic displays. To address degraded defocus
effects and incorrect focus ordering arising from the mismatch
between computational and physical models, as well as the limited
representational capacity ofRGB-D,wepropose a physics-informed3D
holographic approach that essentially aligns complex scenes encod-
ing, neural inference, and wave-optical propagation within a unified
physical model of defocus formation, constituting the core contribu-
tion of this work. Specifically, our LDI-based multi-layer data repre-
sentation preserves the full visible geometry of scenes containing
transparency or reflection. Realistic defocus synthesized through the
LDI-based multi-layer rendering provides an incoherent perceptual
prior, while explicit wave-optical propagation modeling imposes a
physically grounded constraint on the inferred complex-valued fields.
Notably, physics-informed in our context denotes the explicit inte-
gration of wave-optical propagation into the learning pipeline as a
constraint on the neural inference of complex-valued fields, rather
than merely using propagation as a post-processing step.

In our setup, a 3D scene is located at a finite distance fromthe SLM
and occupies a volumetric region in space. A conventional single-
depth RGB-D representation is physically insufficient to describe
incoherent defocus formation, asmultiple depth contributions along a
single line of sight jointly determine the observed blur. With LDI, we
decompose the scene into two semantic layers: a foreground
layer capturing the visible appearance of transparent or reflective
objects, and a background layer representing either the physical
scene geometry behind transparent objects or the virtual scene
formed by mirror reflections in reflective surfaces. In the special case
where transparency and reflection are absent, this two-layer repre-
sentation naturally degenerates into a single-layer RGB-D
representation.

Theoverviewof theproposedphysics-informed framework for 3D
holographic display is shown in Fig. 2. Each layer consists of an all-in-
focus image x 2 RH ×W ×C and a depth map d 2 RH ×W . A neural ren-
derer (NR)32 synthesizes a focal stack from the RGB-D input, while a
phase generator (PG) predicts the phaseof the complexwmiddle focal
plane:

fI0, :::, Imid, :::, IN�1g=NRðx,d;θNRÞ,
Cmid =

ffiffiffiffiffiffiffiffi
Imid

p
� e j�PGðx,d;θPGÞ,

ð1Þ

where Cmid is the complex-valued wavefront at the middle plane33,
with amplitude from the neural renderer NRð�, �;θNRÞwith parameters
of θNR and phase from the phase generator PGð�, �; θPGÞ with
parameters of θPG, the Istack = fI0, :::, Imid, :::, IN�1g is a focal stack
of one layer generated by the neural render. The middle plane is
defined as mid= bN=2c � 1, where ⌊⋅⌋ rounds down the input to the
nearest integer.

Conventional RGB-D data cannot represent cases where a single
pixel corresponds to multiple depth values. To address the multi-
depth challenge in complex scenes containing transparent or reflec-
tive surfaces, we propose a dual-layer RGB-D representation method.
Then,we introduce amethod for solving the complex-valued lightfield
at the intermediate layer required formulti-depth holographic display.
Two focal stacks are rendered from the two RGB-D data layers
respectively. The information from these focal stacks is fused via alpha
blending.Here, the neural renderer serves two functions: obtaining the
complex-valued field of the intermediate layer and supervising the
reconstruction of images at multiple depths. With conventional
methods, the amplitude of the middle wavefront is inaccessible. Spe-
cifically, only the focusing areas can be obtained with the discrete
slicing of the 3D scene, while the blur behavior of the defocusing areas

Article https://doi.org/10.1038/s41467-026-72736-7

Nature Communications |         (2026) 17:6117 2

www.nature.com/naturecommunications


is missing. Neural rendering replenishes the defocus blur in these
areas, allowing themiddle focal image to serve as the amplitude of the
middle-plane wavefront.

The complex-valued field Cmid of the middle plane is back-
propagated to the SLM plane to obtain the field CSLM. Due to device
constraints and diffraction efficiency, we employ a phase-only SLM to
load holograms. The complex hologram is encoded into a phase-only
hologramH using a phase-only encoder POEð�; θPOEÞ with parameters
of θPOE.

CSLM = f Cmid, � zmid

� �
,

H =POE CSLM; θPOE

� �
,

Îstack = f 2 ej�H , zstack

� �
,

ð2Þ

where the distances of the focal images are
zstack = fz0, :::, zmid, :::, zN�1g, zmid is the distance of the middle
plane to the SLM plane, the reconstructed focal stack is
Îstack = f̂I0, :::, Îmid, :::, ÎN�1g, f ð�, �Þ is the angular spectrum
method (ASM)34.

Importantly, in our pipeline, neither the PG nor the POE learn the
diffraction process. Instead, diffraction is explicitly modeled and
enforced as a physical constraint, while the networks are responsible
for inferring the missing components of the complex optical field
under this wave-optical formulation. This design ensures that neural
inference remains physically grounded rather than implicitly approx-
imating propagation behavior.

The network architectures incorporate domain-specific adapta-
tions for 3D holography. The PG and POE utilize YNet-based
architectures35 with separate encoders, capturing distinct semantic
features.

Fig. 1 | Overview of our 3D holographic display and anslysis. a The proposed 3D
holographic display. b The analysis of defocus behavior. c Optical properties of
coherent and incoherent imaging systems. d 3D display of complex scenes with

transparent and reflective surfaces. The parameterαdenotes the contribution ratio
of the transparent or reflective medium to the final image.
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The overall loss function L for training the framework is given by

L=
1
N

XN�1

n =0

L2 În, In
� �

+0:5 � L2 ∇În,∇In
� �� �

, ð3Þ

where ∇� denotes the first-order gradient operator, L2ð�, �Þ is the mean
square error, and N is the number of focal images.

By inferring physically consistent complex-valued fields under
coherent propagation constraints while supervising the network using
perception-consistent defocus statistics, the proposed framework
reconciles coherent wavefront computation with incoherent defocus
perception, realizing a realistic 3D holographic display with correct
depth ordering. Additional details of the networks are provided in
Supplementary Notes 1, 6, and 9.

Simulation results of realistic defocus effect
Simulation results and averageperformancearepresented inFig. 3 and
Table 1, comparing Multiplane SGD18, TensorHolography33, FS SGD23,
and HoloBeam28. Figure 3 compares the visualized reconstructions of
Multiplane SGD, TensorHolography, and our proposed method. The
NF and RF denote near focus and rear focus. Multiplane SGD produces
clear, speckle-free reconstructions in the focused regions but suffers
from severe speckle noise in defocus areas. Additionally, due to the
depth slicing of the scene, unnatural ringing artifacts appear at the
edges of the sliced planes and in defocused areas. TensorHolography
has ringing artifacts in the defocused area36. The Bunny image achieves
a PSNR of 24.7 dB and an SSIM of 0.68 in the rear-focus case and a
PSNR of 25.1 dB and an SSIM of 0.71 in the near-focus case. Among
these results, our method achieves the best performance in both rea-
lism and per-pixel metrics. Smooth transitions are achieved across
different depth planes. Additionally, the focus areas exhibit high-

quality reconstructions. In the Bunny scene, our method achieves a
PSNR of 29.7 dB and an SSIM of 0.92 in the rear-focus case and a PSNR
of 30.0 dB and an SSIM of 0.91 in the near-focus case. Additional
simulation results comparing Multiplane SGD, TensorHolography, FS
SGD, and HoloBeam are provided in Supplementary Note 2.

Table 1 presents the average performance on the test dataset33.
Multiplane SGD has an average PSNR of 23.05 dB and an average SSIM
of0.534. TensorHolography shows 27.91 dB in PSNRand0.832 in SSIM.
FS SGD outperforms Multiplane SGD, achieving PSNR/SSIM of 28.95/
0.868, demonstrating that incorporating defocus guidance can
improve reconstruction fidelity. Meanwhile, HoloBeam has a PSNR/
SSIM of 23.62/0.696 with the middle depth plane at 0.2m, with addi-
tional results at 0.002m in Supplementary Note 8. Our method out-
performscomparison approaches, achieving a PSNRof 32.35 dBand an
SSIM of 0.938. More importantly, it also attains high performance
across multiple perceptual metrics, including learned perceptual
image patch similarity (LPIPS), deep image structure and texture
similarity (DISTS), visual information fidelity (VIF), and feature simi-
larity index measure with chromatic extension (FSIM and FSIMc),
indicating improved alignment with human visual perception. Our
approach leverages realistic defocus priors and a physics-informed
pipeline, enabling high-fidelity reconstructions without iterative
optimization. Importantly, this performance is obtained with only
64ms runtime on an Nvidia RTX 3090 GPU. A detailed complexity
comparison of different approaches is provided in Supplemen-
tary Note 4.

Experimental results of realistic defocus effect
Figure 4b presents the optical reconstructions of Multiplane SGD,
TensorHolography, and our proposed method using the benchtop
prototype. For Multiplane SGD, the defocused regions of the

Fig. 2 | Overview of the proposed physics-informed framework for photo-
realistic 3D holographic displays. The Fourier analysis of the reconstructions
indicates that our result shows a low-frequency-dominated spectrum, which aligns
with the spectral featureof the target natural image. In contrast, TensorHolography

artificially introduces high-frequency components. The example data, Junk Shopby
Alex Treviño, are licensed under Creative Commons Attribution-ShareAlike (CC
BY-SA).
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reconstructions are dominated by speckle noise. For TensorHolo-
graphy, unnatural ringing artifacts appear along the edges of objects in
the defocused regions. Among these methods, our method achieves
the most natural and high-quality reconstructions in both the focused
and defocused regions. The optical reconstructions demonstrate that
our approach preserves the natural depth-dependent blur in defo-
cused areas while maintaining high fidelity reconstructions in the
focused regions. Additional experimental results comparing Multi-
plane SGD, TensorHolography, FS SGD, andHoloBeamare provided in
Supplementary Note 3.

Evaluation on transparent and reflective scenes
We construct two representative transparent and reflective scenes,
illustrated inFig. 5a, b. A semi-transparent blue platewith a text Render
is placed in front of a Bamboo scene, and a reflective framed mirror is
placed in front of a Bunny scene with a virtual reflected Bamboo scene
inside the mirror. For the RGB-D representation, occluded or reflected
portions are projected onto a 2D transparent or reflective surface,
resulting in the loss of depth information. In contrast, our LDI-based
multi-layer representation preserves the depth map of the occluded
objects in the background layer.

Table 1 | Quantitative comparison of hologram-generation methods on 100 resized samples from the MIT-CGH-4K dataset33.
The best performance is marked in bold

Methods Defocus-aware PSNR/SSIM↑ LPIPS↓ DISTS↓ VIF↑ FSIM/FSIMc↑

Multiplane SGD18 ✗ 23.05/0.534 0.6405 0.2072 0.4178 0.9135/0.9065

TensorHolography33 ✗ 27.91/0.832 0.2833 0.1440 0.5206 0.9127/0.9107

FS SGD23 ✓ 28.95/0.868 0.2873 0.1695 0.5358 0.9443/0.9435

HoloBeam28 ✓ 23.62/0.696 0.7100 0.4225 0.2273 0.8360/0.8218

Ours ✓ 32.35/0.938 0.1339 0.0523 0.7162 0.9765/0.9753

Fig. 3 | Simulation results of Multiplane stochastic gradient descent (SGD)18,
TensorHolography33, and our method. NF and RF denote near-focus and rear-
focus cases. The PSNR (dB) and SSIM values are reported at the top of the enlarged
reconstructions. The Couch data are from the Couch dataset44. The Bunny data are
from Big Buck Bunny, Blender Foundation, Copyright (C) 2008, licensed under

Creative Commons Attribution 3.0 (CC-BY 3.0), available at http://www.
bigbuckbunny.org/. The PartyTug 6:00AM data are from Blender 2.83 Splash
Screenby IanHubert, licensedunderCreativeCommonsAttribution-ShareAlike 3.0
(CC-BY-SA 3.0).
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The experimental results in Fig. 5c validate our analysis. In the
rear-focus setting of the transparent scene, our LDI-based multi-layer
pipeline preserves the correct depth ordering. The background leaves
and patches of sky visible through the bamboo appear sharp while the
foreground elements are blurred. In contrast, the RGB-D baseline
incorrectly blurs the background leaves and sky. A similar phenom-
enon is observed in the reflective scene. RGB-D baseline erroneously
blurs the background human in the rear-focus setting, whereas our
approach maintains correct focus behavior. Detailed analysis and
additional results are presented in Supplementary Note 6 of the Sup-
plementary Information.

Discussion
Accurate focus and defocus cues are critical for natural 3D perception.
However, existing 3D holographic displays based on RGB-D repre-
sentations and coherent illumination models often exhibit unnatural

ringing artifacts and incorrect depth ordering, especially for scenes
containing transparency or reflection.

To overcome these challenges, we propose a physics-informed
holographic framework that generates physically consistent
wavefronts for complex 3D scenes. The core contribution of our
framework lies in the alignment of complex 3D scenes encoding,
neural inference, and wave-optical propagation under a unified
physical model of defocus formation. Specifically, our approach
employs an LDI-based multi-layer rendering strategy to preserve
multi-layer scene structure and resolve depth ambiguity beyond
the constraints of single-depth RGB-D representations. By expli-
citly embedding a diffraction model into the learning pipeline, the
framework models coherent propagation, limited aperture, and
spatial-frequency effects. Furthermore, the pipeline naturally
extends to multi-view holographic displays, demonstrating both
scalability and generality.

Fig. 4 | Experimental setup and results. aOptical setup of the holographic display experiment. b Experimental results ofMultiplane SGD18, TensorHolography33, and the
proposed method. The solid boxes represent the focused areas, and the dashed boxes represent the defocused areas. The Couch data are from the Couch dataset44.
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Extensive simulations and optical experiments validate the
effectiveness of the proposedmethod, showing photorealistic defocus
effects and correct depth ordering. Our work addresses a long-
standing inconsistency between coherent wavefront computation and
incoherent visual perception in 3D holographic displays, and estab-
lishes a principled pathway toward physically consistent and percep-
tually faithful 3D visualization.

Methods
The Analysis of Defocus Blur Perception Under Coherent and
Incoherent Illumination
Holographic displays reconstruct wavefronts via diffraction, typically
using coherent light sources. The stable phase of coherent light
enables the recording of high-contrast interference patterns necessary
for holography37,38. However, the human visual system has evolved to
process 3D scenes illuminated by the incoherent natural light, which is

composed of light with random phase and a broad frequency
spectrum.

A major depth cue of human 3D vision is the defocus blur.
Under incoherent illumination of natural light, defocus blur typi-
cally exhibits a smooth profile39. Under coherent illumination,
computer-generated holography usually suffers from ringing arti-
facts, especially in defocused regions. To mathematically investi-
gate the causes of this artifact, we analyze a simplified eye-imaging
system comprising a thin convex lens and a finite aperture, as
shown in Fig. 1c. The point spread function (PSF) of a coherent
imaging system hc x, yð Þ is the Fourier transform of the pupil func-
tion P �, �ð Þ40.

hc x, yð Þ=
Z Z +1

�1
P λd0u, λd0v
� �

e�j2π xu+ yvð Þdudv, ð4Þ

Fig. 5 | Experimental results on scenes with transparency or reflection.
a Illustration of RGB-D data representation. b Proposed LDI-based multi-layer
representation for 3D scenes containing transparency and reflection.
c Experimental results on transparent and reflective scenes, comparing the pro-
posed LDI-basedmulti-layer pipeline with the RGB-D baseline. Reconstructed areas

at incorrect and correct depths are marked with a cross and check marks,
respectively. The Bamboo data are from the MPI-Sintel dataset45. The Bunny data
are from Big Buck Bunny, Blender Foundation, Copyright (C) 2008, licensed under
Creative Commons Attribution 3.0 (CC-BY 3.0), available at http://www.
bigbuckbunny.org/.
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where r =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2 + v2

p
as the polar coordinate, λ is the wavelength, u and v

are the spatial frequencies, and d0 is the distance from the lens to the
imaging plane.

Suppose the aperture is circular, the coherent PSF of the imaging
system is proportional to the Fourier transform of a circular function
circ(r)34.

F circ rð Þ� �
=2π

Z R

0
rJ0 2πrρð Þdr =2πR2 J1 2πRρð Þ

2πRρ
, ð5Þ

where r and ρ are the variables of polar coordinates, R is the radius of
the circular function, and F �f g denotes the 2D Fourier transform. J0
and J1 are the order zero and order one Bessel functions. The PSF of an
incoherent system is the product of hc x, yð Þ and its complex con-
jugation:

hi x, yð Þ=hc x, yð Þ � h*
c x, yð Þ: ð6Þ

The line spread function (LSF) L xð Þ and the edge spread function (ESF)
E xð Þ influence the perception of edges in images. They are defined as
the responses to line impulse and step functions.

E xð Þ=
Z x

�1
L αð Þdα =

Z x

�1

Z +1

�1
h α,βð Þdβdα, ð7Þ

where h represents hc or hi. The defocus PSF hdef x, yð Þ is given by

hdef x, yð Þ= f hc x, yð Þ, zdef
� �

, ð8Þ

where f �, �ð Þ is the ASM34, and zdef is the defocus distance. TheASM for
propagating a complex-valuedfieldofU x, yð Þ by a distanceof z is given
by

f U x, yð Þ, zð Þ= RR +1
�1F fU x, yð ÞgH u, vð Þe j2π ux + vyð Þdudv,

H u, vð Þ= e j2πzλ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� λuð Þ2 � λvð Þ2

p
,

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2 + v2

p
< 1

λ

0, otherwise
:

(
ð9Þ

The incoherent defocus PSF is the product of the coherent defo-
cus PSF and its complex conjugate. Based on the above equations, we
can analyze the effects of coherent and incoherent illumination on
human 3D depth perception. As shown in Fig. 1b, c, the coherent PSF
oscillates near the edges of objects, introducing undesirable ringing
artifacts that are uncommon innatural 3Dvision. Additionally, the axial
distribution of the PSF along the optical axis reveals that, for coherent
illumination, the defocus PSF shows pronounced ringing effects as the
object deviates from the focal plane. In contrast, the incoherent
defocus PSF exhibits amuch smoother profile, with gradual transitions
that better align with human visual expectations41. Algorithms for
generating coherent holograms with natural incoherent defocus
effects remain to be investigated.

Simulation settings
To assess the proposed approach, we conduct comprehensive simu-
lations with Multiplane SGD18, TensorHolography33, FS SGD23, and
HoloBeam28 for comparison. Multiplane SGD and TensorHolography
are categorized as defocus-unaware methods. Multiplane SGD super-
vises the focused regions at multiple target depths and optimizes
holograms. TensorHolography predicts middle-complex-valued holo-
grams using a network and subsequently encodes them on the SLM
plane as phase-only patterns via the anti-aliasing double-phase
method. In contrast, FS SGD and HoloBeam are categorized as
defocus-aware methods. FS SGD supervises reconstructions across
multiple planes, where defocused regions are synthesized using
Gaussian-kernel blurs, thereby providing defocus guidance. HoloBeam

employs an end-to-end UNet to generate phase-only holograms,
trained on data produced by FS SGD.

The training dataset is from DeepFocus32. The approaches are
tested on the resized MIT-CGH-4K dataset33. The focal images are
distributed evenly across 8 planes, ranging from 19.7 cm to 20.3 cm.
The depth range across the 3D scene is 6mm, which is consistent with
TensorHolography. Our models are implemented in Python 3.10.14
and PyTorch 2.5.142. All algorithms are trained and tested on a NVIDIA
GeForce RTX 3090 GPU. The proposed network is trained for 200
epochs with a learning rate of 3 × 10�4. Adam is used to optimize the
networks43. SGD runs for 500 iterations to ensure adequate con-
vergence. The pixel pitch is 6.4 μm, and the wavelengths are 638 nm,
520nm, and 450nm. The numerical reconstructions are obtained
via ASM.

Experimental details
Webuilt a benchtop prototype to validate the proposed framework, as
illustrated in Fig. 4a. The incident light is linearly polarized, collimated,
modulated by the SLM, and filtered using a 4 f system. The FISBA
READYBeam lasermodule operates atwavelengths of 450nm, 520 nm,
and 638 nm. A polarizer ensures a linearly polarized incident beam,
which is collimated by a lens. A beamsplitter divides the beam into two
paths. The incident beam is modulated by a HOLOEYE LETO-3-CFS-127
SLMwith a pixel pitch of 6.4 μm. Themodulated beam is reflected, and
an aperture filters out unwanted high-order diffraction. Monochro-
matic reconstructions are captured separately for each wavelength
and combined to produce the final color reconstructions.

Data availability
The data supporting the findings of this study are provided in themain
text, the Supplementary Information, and GitHub, https://github.com/
THUIntelligentOpticsLab/NaturalDefocus.

Code availability
The code supporting the findings of this study is available at the
GitHub, https://github.com/THUIntelligentOpticsLab/NaturalDefocus.
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